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Abstract. We describe results from a computer simulation-based study
of a large-scale, human-initiated crisis in a densely populated urban set-
ting. We focus on the interaction between human behavior and the com-
munication infrastructure in the aftermath of the crisis. We study the
effects of sending emergency broadcasts immediately after the event, ad-
vising people to shelter in place, and show that this relatively mild in-
tervention can have a large beneficial impact.
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1 Introduction

Increasing threats from natural disasters (e.g., hurricanes Katrina and Sandy)
and human-initiated attacks/failures (especially, nuclear threats) on urban pop-
ulations and infrastructures have led to significant interest in the analysis of
potential impacts and contingency planning, e.g. [1, 2]. Government agencies at
all levels–federal, state and local–routinely plan for such disasters. There has
been a lot of work on modeling the effects of nuclear disasters [1–5], primarily
focused on health effects and “evacuation” vs. “shelter in place” policies. They
capture the physical, geographical and radiological aspects in great detail, but
ignore the interdependencies between infrastructures and the effect of behavior.
Failures (and methods to prevent them) have been studied in inter-dependent
critical infrastructures in the case of non-nuclear disasters [6–9]. Some of these,
e.g., [8, 10, 11] have studied the impact of the communication network, but pri-
marily in the context of evacuation.

A common limitation in most of this research is that effects of individual be-
havior are not adequately modeled. It has been observed repeatedly that people
do not always follow emergency plans. This is especially important in disasters



that might be caused by nuclear explosions, where exposure in the first few hours
of the event can cause significant health hazards. A common policy recommen-
dation in such events is to shelter in place; however, many studies from past
disasters (both nuclear and non-nuclear) have shown that people do not adhere
to such recommendations, e.g., [12–14]. Some of the key reasons include: lack
of information, need to coordinate with their family (e.g., ensuring the safety
of children), lack of resources. It suggests that the availability of the communi-
cation network would have a significant impact on the response to a disaster,
which is borne out from past experience. There has been very limited study of
the impact of failures of the communication network, because of the modeling
and computational challenges involved. Therefore, modeling individual behav-
ior, and interdependent infrastructures is crucial for analyzing and planning for
large disasters in urban regions (see, e.g., [8, 10]).

In this paper, we use an agent-based simulation approach to evaluate the im-
pact of failures in the communication infrastructure on individual behavior and
their health. We study a hypothetical nuclear detonation scenario in Washington
DC, in which parts of the cellular infrastructure (as well as other infrastructures,
such as roads and the power network) are partially destroyed. We study a spe-
cific aspect of the communication network, namely, the support for Emergency
Broadcasts in the affected region in the aftermath of the event, and its impact on
panic behavior, and the overall health effects. We find that even a simple inter-
vention of emergency broadcast (EBR) which prompts people to take shelter-in-
place, sent every two hours, can save thousands of lives and reduce panic. More
specifically, we find that without EBR, 5-7% of people seek shelter whereas with
EBR 15-20% people seek shelter, in our simulated scenario. This, in turn, leads
to people who received the EBR having less than a quarter of the exposure to
radiation of those who do not receive an EBR. This suggests that restoring the
communication network might be a very useful strategy. Further information on
this topic can be found at [15].

2 Scenario and System Model
Scenario description: The scenario assumes a nuclear detonation at a ground
level on a working day at 10 a.m. in the heart of Washington DC. The prompt
radiation (gamma and neutron) effects of this blast cover a circular area from
ground zero and the degree of damage subsides with distance from ground zero.

Most of the human casualties occur from thermal burns, exposure to radia-
tion, pressure wave, impact of projectiles and fragments including glass created
by the blast, and radioactive fallout. Due to environmental contamination, the
occurrence of injuries and fatalities continue even after the burning and blast
effects have tapered off.

In case of a nuclear detonation, limited resources need to be used to ensure
that people shelter-in-place instead of evacuating to minimize exposure to ra-
diation. This is especially important for individuals who are likely to be in the
fallout path as they evacuate. Another critical step is to communicate to the
exposed population how to efficiently decontaminate. Timely decontamination



of highly contaminated individuals has been proven to be effective in reducing
casualties [4].

Given the importance of disseminating timely and appropriate instructions,
we focus on understanding the role of communication in influencing human be-
havior and its further effect on their exposure to radiation. In such a scenario,
there will be widespread power outages and heavy losses to the cellular infras-
tructure and electronic devices. We assume that the planning authorities will
try to send “Emergency Broadcasts” (EBR) every two hours to communicate
instructions to the people. However due to power outage, only a small subset
of base stations and cell phone devices are operational and hence only 10% of
the individuals in the affected study area receive the EBR. We further assume
that individuals who receive the EBR have a 50% chance of sheltering-in-place
because in spite of understanding the benefits of sheltering, some people among
the ones who received the EBR, will still try to evacuate or reconstitute family
or visit a hospital etc.

(a) Polygon Showing the Detailed
Study Area and the fallout path

(b) Cell tower locations in the region.

Fig. 1: Simulation region and communication infrastructure.

Modeling the communication infrastructure: Our communication net-
work model builds on the framework of [16], which develops a first-principles
based approach for modeling mobile networks and spectrum demand. Most cel-
lular infrastructure data is proprietary, and is difficult to obtain. Hence we con-
struct a partial representation of the cellular infrastructure in this region by in-
tegrating cell tower data from TowerMaps [17], and by queries to the APIs from
Sprint, AT&T and the FCC Antenna Registration System; let C denote the set
of all the inferred cell tower locations. For our region, we have |C| = 5187. Since
we do not have information about sharing agreements between providers, we
assume that all the cell towers for different providers are co-located (i.e., each
tower in C hosts antennas for all the providers).

Further, since the antenna characteristics are not known, we assume the
coverage region for a tower C ∈ C is part of the region associated with C in
the voronoi decomposition for C, within a given service range (which varies from
0.75 miles to 1.5 miles, depending on the scenario). Each tower is assumed to
have a maximum capacity of 50 Mbit/sec. and the cell tower battery is expected
to last for one hour; therefore, the region which loses power also loses cell phone
coverage after 1 hour, except for those parts which are within the service range



of other cell towers with power. Also, all cell towers within 0.6 miles of the blast
site get destroyed by the blast.

Individuals in the population are assigned cellular devices based on their
demographics, using a CDC survey [18]. The survey data provides household’s
size, income and ages, number of workers in the household, number of cells
phones and a device penetration rate of 53.44%. We construct regression trees
based on the demographic information that best describes the average number
of cell phones among households, and use them to assign device ownership [16].
This method leads to a cell phone assignment that closely matches the survey
data.

We assign wireless providers to device owned households randomly, in pro-
portion to their market shares as given in [19]. Initially, we assume phones have
battery levels chosen randomly; these drain over time, depending on the number
of calls made. The communication network supports normal voice and digital
calls, as well as Emergency Broadcasts from the cell towers.

We assume in the event of such a disaster, normal traffic is disrupted, and
people call only for reconstituting their families, in order to respond to the
disaster. Therefore, instead of using measured arrival rate distributions for de-
termining calls (as in [16]), the Behavioral Module selects the calls to be made.
More details of the communication model e.g. call sessions on a normative day,
mobility of the people, load calculation, channel allocation, etc. can be found
in [20–22].

The Emergency Broadcasts (EBR) are done every two hours at locations
where cell tower coverage is available. We assume that EBR messages can be
received by individuals even if they do not have functioning phones, through
sharing–as a user who receives an EBR can inform others who might not have
phones at that location. Therefore, the following simple model works for EBR:
each time the EBR is made, a randomly selected 10% of the population in the
cell coverage area receives the EBR. Cell tower coverage is available where cell
towers either have power or backup battery. Given the random selection and the
movement of the population, every time the EBR is sent, a partially different
set of population receives it.

A related study on human-initiated cascading failures in societal infrastruc-
tures which uses this communication model is available in [10]. Also see [23,24].

Modeling the population and human behavior: We model a synthetic
population of the Washington DC Metro Area using techniques described in
Barrett et al. [25] and Beckman et al. [26]. This generated synthetic population
consists of ∼4.1 million agents, endowed with demographics, home locations,
and daily activity patterns. These daily activities are geo-located, which allows
us to pinpoint the geographic location of each individual at each instant in a
typical weekday.

From this population, we sub-select the individuals who are present in the
study area at the time of the detonation. This is a population of 730,833 agents,
which includes residents of the area, residents of surrounding areas whose activ-
ities have brought them into the study area at the moment of the detonation,



Synth. pop. Data sources

Base US pop. Amer. Community Survey
TIGER/Line shapefiles
Nat. Center for Edu. Stat.
Nat. Household Travel Sur.
Navteq
Dun & Bradstreet

Transient pop. Destination DC
(additional) Smithsonian visit counts
Dorm students CityTownInfo
(additional) DC public access -

online Data Catalog

(a)

Behavior High-level description

Household Call, move towards
reconstitution household members
Evacuation Move outside region
Shelter-seeking Shelter in place,

or move towards shelter
Healthcare- Call 911,
seeking move towards hospital
Panic Call 911, run outdoors,

move towards hospital
Aid & Assist Transport hurt

individuals to hospital

(b)

Fig. 2: Datasets and Behaviors for the synthetic population used in the simula-
tion.

as well as a set of transients who happen to be visiting the region (tourists and
business travelers) [27]. The data sets used and the populations generated are
summarized in table 2a.

Agent behavior is modeled using a decentralized semi-Markov decision pro-
cess formalism using the framework of options [28]. An option is a behavior
that is described as a policy over low-level actions, together with conditions for
starting and stopping the execution of the option. The low-level actions in our
simulation are just moving (towards a chosen destination) and/or calling (a fam-
ily member or 911). The high-level behaviors, or options, are described in table
2b. More details are available elsewhere [27].

This study is computationally very challenging, and we summarize the re-
sources used here. The total compute time for one complete simulation run is
about 35 hours, on a large 60 node multi-core cluster. The computation is very
data intensive, and in order to facilitate the data exchange, our system is tightly
coupled with an oracle database. Each module uses the database for storing the
inputs and outputs, as well as intermediate data, in some cases. Each simulation
run requires about 27GB of space for storing all the data, which leads to a few
TB of space for a complete experiment.

3 Results and discussion

In order to understand the impact of timely information dissemination, and its
consequent effect on radiation exposure, we set up the following experiment.
An emergency broadcast (EBR) is made every two hours after the detonation,
through which authorities communicate relevant information to the people. We
assume that only 10% of the population receives EBR and those who receive
EBR have a 50% probability of taking shelter. However people who do not
receive EBR have only 10% probability of sheltering. The higher conditional
probability of sheltering by those who receive EBR results in lower exposure
to radiation because more of these individuals choose to shelter as opposed to



engaging in other behavioral options such as family reconstitution, evacuation,
panic etc. which are likely to keep them outdoors and exposed.

The results highlight the changes in people’s behavior due to EBRs and the
resulting changes in health outcomes due to differences in the speed of com-
munication of safety information. Figure 3a shows the behaviors adopted by
the subpopulation which never receives EBR. It also shows the proportion of
those (among the ones who never receive EBR) who have died and have moved
out of the study area. Iteration 1-35 correspond to hour 0-16; hour 0 being the
time of detonation. It shows that by hour 16, about 75% of the people with no
communication have died.

A very small fraction, i.e. approximately 5%, have moved out of the study
area whereas a large fraction of people are engaged in household reconstitution
right after the event. Unaware of the existence of radiation and the importance of
sheltering, it is natural to try and find family members in a disaster. This drives
people to go outdoors, resulting in exposure and ultimately casualties for some.
The exposure to radiation is maximum in the early part of post-detonation and
this is also the time when people are confused, panicked, worried about family
and unsure of what just occurred. The figure shows that there is high level of
panic and family constitution in the early part of the graph, resulting in higher
deaths in the later part as exposure accumulates.
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(a) No EBR.
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(b) EBR within 4 hours.
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(c) EBR within 4 hours, within 1 mile.

Fig. 3: Proportions of behaviors/state for two different sub-populations.



Figure 3 focuses on individuals who received at least one emergency broadcast
during the study time. Figure 3b shows the behavior or state of the people who
received an EBR within the first 4 hours of the detonation whereas figure 3c
spatially restricts it to people who were within 1 mile of ground zero.

Lets first compare figure 3b with figure 3a to observe the difference in be-
havior between people who received an EBR versus those who did not receive
an EBR. Important observations include: (1) Less than 5% of the people who
receive an EBR die as opposed to 75% in the “no EBR” case. (2) Without EBR
5-7% of the people are seeking shelter whereas with EBR 15-20% people are
seeking shelter. (3) After iteration 10 (hour 3), when the radiation has subsided,
lot more people with EBR are evacuating to safer grounds and out of area.

Now lets compare figure 3b and 3c. Both figures consider the sub-population
that received EBR within 4 hours however 3c constraints it further by spatially
restricting it to within 1 mile of ground zero. The plots show that the proportion
of dead and panic near ground zero is much higher within 1 mile compared to
the rest of the study area.

Figures 4 shows the average cumulative exposure levels of the people over
time. Figure 4a shows radiation exposure of individuals who never received an
EBR and those who received within 4 hours and were located within a mile of
ground zero. The average cumulative exposure of “no EBR” population grows
to more than 800cG whereas the ones with EBR stays constant around 200cG.

Figure 4b shows the importance of the speed of communication in the time
of crisis. It contrasts the average cumulative exposure of people who received
EBR within 4 hours; within 4-6 hours and within 6-8 hours since the time of
detonation. Results find that the longer it takes to communicate, the higher
is the average exposure level. Since the population in the plot is not spatially
restricted and is averaged over the entire study area, the exposure level is much
lower at up to 50cG compared to 200cG near ground zero in figure 4a.

0 5 10 15 20 25 30 35

Iteration

0

200

400

600

800

Av
er

ag
e 

C
um

ul
at

iv
e 

Ex
po

su
re

 (c
G

)

Never EBR
EBR within 4 hours,
initial location within 1 mile of GZ

(a)

0 5 10 15 20 25 30 35

Iteration

0

10

20

30

40

50

Av
er

ag
e 

C
um

ul
at

iv
e 

Ex
po

su
re

 (c
G

)

EBR between 6 and 8 hours
EBR between 4 and 6 hours
EBR within 4 hours

(b)

Fig. 4: Average exposure over time for various sub-populations.

Validation. We have made significant effort to ensure that the models used in
the study are validated. We discuss this briefly below. Additional work needs to
be done in this area. The advent of social media and data collected during recent



large-scale crisis (e.g. Fukushima disaster) can be very useful in this regard.
Additional discussion on this subject can be found in [15,29,30].

1. A range of public and commercial data sets (see Table 2) were used to ensure
that the synthetic population and the built infrastructure is accurately rep-
resented at the time of the detonation. Specifically, our methods ensure that
the statistical distribution of our synthetic population agrees with measured
census data. Data regarding built infrastructure has been obtained via a
number of open source and commercial sites. Information regarding cellular
infrastructure is also obtained from diverse sources to ensure that cell towers
are located accurately. See [16,31–33] for more information on this topic.

2. Structural validation was performed to ensure that emergent system level
properties exhibit observed structural features. This includes, the spatial
and temporal density of the populations, distribution of digital devices and
movement patterns of individuals.

3. For certain parameters, e.g. probability of sheltering and EBR fraction, there
is no published data. Given this, we do a sensitivity analysis study to un-
derstand their impact on the system-level behavior. We refer the reader
to [20,30,32,33] for more details on the population model and validation.

4 Conclusions

This research uses an agent-based simulation approach to understand the im-
pact of timely communication, after an improvised nuclear device detonation, on
individuals’ behavior and health. Results show that emergency broadcast which
prompts people to take shelter-in-place, sent every two hours, can have significant
impact on reducing casualties and adverse health effects. They can also reduce
fear and panic in the population. Our work is a first step in evaluating important
policy recommendations in [1,34] as they relate to use of tele-communication net-
works for timely information dissemination, using realistic large scale computer
simulations.
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