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Abstract

Active shooter incidents (ASIs) represent a uniquely complex and time-critical challenge for

emergency evacuation planning, where traditional protocols such as “Run, Hide, Fight” often

fall short due to the dynamic nature of the threat and the cognitive overload experienced

by evacuees. This dissertation presents a comprehensive framework for optimizing evacuee

routing during ASIs using both model-based and model-free reinforcement learning (RL)

techniques. The problem is formulated as a Non-Homogeneous Semi-Markov Decision

Process (NHSMDP), capturing the temporal and spatial dynamics of both evacuees and

the shooter within a graph-based representation of building layouts.

Three major contributions are made: (1) the development of Naive ASTERS, a

model-based RL algorithm that incorporates shooter location, node safety, and exit

proximity to generate optimal routing policies; (2) the extension to C-CASTERS, which

introduces capacity constraints and iteratively generates multi-route evacuation plans to

reduce bottlenecks and crowding; and (3) the integration of model-free approaches—Q-

Learning and N-Step Temporal Difference Learning—trained in a discrete event simulation

(DES) and evaluated in a high-fidelity, physics-based Unreal Engine 5 (UE5) environment.

Across thousands of simulated scenarios, N-Step Temporal Difference Learning consistently

outperformed other methods in survival rate, casualty reduction, and adaptability to

dynamic threats.

This work advances the state of the art in emergency evacuation modeling by demon-

strating the viability of offline-trained RL policies in real-time, physics-based environments.

It also lays the groundwork for future integration of virtual reality training, multi-agent

coordination, and real-time decision support systems, with the ultimate goal of enhancing

public safety and survivability during active shooter events.
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Chapter 1

Introduction
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There have been approximately 150 mass shootings in the US from August of 1982 to

present. The number of events is approximate due to the ongoing discussion within law

enforcement and other interested communities as to what characterizes an event as a mass

shooting.

Mother Jones, an independent news outlet, keeps an updated database of events starting

in August of 1982, continuing through to the present, and was last updated on June 21, 2024

[24]. The Mother Jones database provides details on each of the events like location, time,

weapon used, previous mental illness purported, and sources for the data. Examining the

database indicates the total of 150 events, but also a generalized increase in the number of

events since they began being tracked in 1982. The US went from a single event in 1982 to

12 separate mass shootings in each of 2022 and 2023. The cumulative count of mass shooting

in Fig. 1.1 demonstrates that the increasing growth in the number of events began in 2010.

While there is unanimous agreement that mass shootings are occurring too frequently, the

reasons and sources behind this increase in events are not widely agreed upon [26, 79, 69].

The discussion continues to revolve around the availability of firearms, the lack of security

in and around our schools, and the mental health epidemic that seems to be worsening at a

worse rate than the mass shootings. Further, politicians, lobbyists, and activists continue to

clash and disagree as to what policies are required to address and reduce the frequency of
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Figure 1.1: Mother Jones Mass Shooting Database
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mass shootings [61, 65, 84, 76]. While current proposals include more in-depth backgrounds

checks prior to firearm purchase, federal registry of private firearm ownership, complete

banning of private firearm ownership, better mental health evaluations and assistance, and

red flag laws, they all attempt to accomplish the noblest and hardest feat in this arena:

prevent the mass shooting from occurring in the first place. While the efforts to do this are

most definitely worth it, they are often not enough and lack effective execution in reality.

On the other hand, a more achievable goal to pursue is the safe evacuation of the victims

out of the situation all together.

Law enforcement and trainers for programs like ALICE [75] have been long been

proponents of the ”Run, Hide, Fight” protocol. While operating under this protocol, an

evacuee would run for an exit if they thought they could make it, hide if they thought

they couldn’t make it or know where the exit was, or defend themselves by confronting the

shooter if they had no other options. The primary problems with this protocol are the stress

and confusion inherent within the mind of the evacuee and the lack of credible information

available to the evacuee. Asking an evacuee to make a logical or thoughtful decision during a

life or death active shooter situation is unrealistic and unproductive. Further, there has been

research on the effectiveness of this protocol and how it is implemented [48, 98, 45, 22, 53, 21].

Even with increased emphasis on these tragic incidents, there have not been advancements in

the protocols or instructions to evacuees. New protocols have been adopted, but they have

primarily changed the wording used, ”Move, Evade, Defend” or ”Avoid, Deny, Defend”,

without actually changing the approach or goals of ”Run, Hide, Fight”. While the policies

that may provide assistance are in the purview of the legislative bodies, providing assistance

to the evacuees is an open area of research and one that is ripe to provide positive outcomes

in these unnecessary situations.

The Active Shooter Tracking and Evacuation Routing for Survival (ASTERS) project

was awarded an NSF grant in 2019 under the Cyber-Physical Systems division. There

are four thrusts within the ASTER project: computer vision and multimodal fusion to

identify and track the shooter, route optimization and planning, communication of vital

situational information, and engagement within the end-user community i.e. schools and

their administration. The goal of this project is to develop an end-to-end self-contained

3



system that identifies and tracks a shooter’s movements throughout a building, provides the

shooter’s location to an optimized routing algorithm that identifies the safest actions for the

evacuees to take, and communicates those actions to the evacuees as well as the shooter’s

position to law enforcement. In this work, we focus on the safety of the evacuees and ways

to improve their probability of survival by researching and developing novel methods of

optimizing the their routing.

We attempt to bridge the current gap of actionable instructions for evacuees by ap-

proaching the task of optimizing the routing using model-based and model-free reinforcement

learning approaches. We modeled building layouts as graph networks with the decision at

each node being to either move to an adjacent node or stay in the current node. We settled

on modeling the dynamics of the situation as a Non-Homogeneous Semi-Markov Decision

Process (NHSMDP): semi-homogeneous semi-Markov due to the transition probabilities

dynamically changing based upon the shooter’s and evacuees’ movements and a Markov

decision process because the escape of a building during an active shooter situation is not a

single decision, but is a series of sequential decisions. Taking this into account, we focused

on the following research questions:

1. Can a NHSMDP sufficiently define and model the actions of a shooter and the evacuees

in an active shooter situation so as to provide optimized and safe instructions to the

evacuees for their extraction from the building?

2. What improvements and adjustments can be made to incorporate realistic capacity

constraints for large groups of evacuees and the requirement for multiple routes?

Our work in model-based and model-free routing has resulted in significant improvements

in casualties and escapes over the ”Run, Hide, Fight” protocols currently trained when

simulated in both a discrete-event simulation (DES) and Unreal Engine 5 (UE5) and

established a methodology to develop and explore routing options within these situations to

improve the safety outcomes for the evacuees.
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1.1 State of the Research Thrusts

1.1.1 Active Shooter Survival

As indicated previously, the quantity of mass shootings in the US is growing at an increasing

rate and, with no prescribed governmental policies to prevent events on the table, there

seems to be no end in sight. The predominance of the most current research on active shooter

survival covers building characteristics and associated assets that increase the likelihood of

escape or difficulty for shooter movement. Unfortunately, there is very limited research on

active shooter evacuations and even these often concentrate on the behavioral aspects of

evacuation and not the routing for safety.

Taking into account the occurrence of active shooter situations and there effects has

become a budding topic in building design and layout. When discussing building design for

active shooter evacuation scenarios, the approaches can vary widely, but have the common

theme of expediting movement through and out of the building. The following research had

a common theme: they didn’t examine the routing methods and instead used social behavior

mechanics with shortest path algorithms to route their evacuees. Arteaga and Park used

agent-based modeling and simulation to evaluate the width of doorways, hallways, and exits

and there effects on evacuee movement in the building[4]. Similar to what we discovered

through our capacity constrained evacuation routing, they found that the bottlenecks caused

by the width of doorways, regardless of room, exit, or inter-hallway, had the greatest impact

on the speed at which a building could be evacuated. While it is common sense for this

to be the case, it is encouraging that we both came to the same conclusion from two

disparate approaches. Liu et al. developed a simulation of an autonomous shooter agent

in an office setting and examined the effects that the quantity and locations of exits had

on favorable outcomes in an active shooter event[57]. They quantitatively came to the

unsurprising conclusion that the more exits a building had, the better the outcomes were for

the evacuees. Further, they also found that the accessibility, which they viewed as number

of difference possible routes, to the exits nearest to the shooter played a significant role in

the outcome. Zhu et al. used a VR environment and over 150 participants from schools

and office buildings to analyze the effects building countermeasures had on the evacuating
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behavior of the VR participants[101]. They created an office building and a school in a VR

environment and then created replicas of them with additional countermeasures the originals

did not have like additional fencing and barriers, frosted windows, staggered doorways, etc.

With the participants operating in the ”Run, Hide, Fight” protocol, they found that the

participants hid more often in the buildings with the countermeasures than the buildings

without with the researchers coming to the conclusion that the perception of safety provided

by the countermeasures led to more cautious evacuee behavior.

While the literature for active shooter evacuations is limited, there a few groups of

researchers who are broaching the the topic from different perspectives than our group.

Gunn et al. approached providing optimal guidance to evacuees by creating a network

of nodes, using a divide-and-conquer approach to split evacuees into groups, and assign

them into routes via a max flow model that moves them to either exits or safe rooms[30].

They compared the results of their guided simulations with unguided simulations and, while

they didn’t consider the number of casualties, they did find that their optimized guidance

directed evacuees to lesser used routes and passages reducing the crowding effect than the

unguided simulations. Arteaga et al. examined the effect that trained evacuation leaders

had on the successful evacuation of a building and compared it to leaderless evacuations[5].

The researchers concluded through simulating various factors (occupancy, fire rates, firearm

range, evacuee decisions, number and location of leaders) that having trained evacuation

leaders (agents with better knowledge of the building and procedures) contributed to fewer

casualties across the board. These findings also support the active shooter training that takes

place in schools and offices to ensure preparedness should something terrible occur. Finally,

Lu et al. studied the effects of providing the location of gun fire to participants acting as

evacuees in a VR environment[64]. The researchers established that providing the location

of gun fire to the participants increased their probability of survival. The examined the

participants behavior of looking for the shooter and how the provided information shortened

the time required to locate the shooter, but did not make a determination on how the

participants used the information to select the route they chose. While not guidance specific,

this study lends credence to the aspect of providing information to evacuees and how it affects

their decision making.
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1.1.2 Optimized Evacuation Routing

Optimized evacuation routing, regardless of the reason necessitating the evacuation, is an

active and ever evolving area of research within multiple communities interested in the topic.

On the whole, the evacuation literature is primarily focused on either building evacuations

due to fire or city evacuations due to natural disaster. After categorizing the current research

into one these two areas, the actual methods used to develop and analyze the best routes

vary greatly as the possible approaches are quite broad, as are the characteristics of what

identifies the best route.

Building evacuations in the event of a fire has been and continues to be a very thoroughly

researched area of interest. The lens that researchers view the problem of building evacuation

has as much to do with their solution approach as the characteristics and requirements of

the problem. Reinforcement learning is a popular approach, however, their are different

thrusts by which researchers are attacking this problem. One of these varied methods

and perspectives includes an approach that attempts to mimic nature like the ant colony

optimization (ACO)[99]. Using the idea of ants exploring around their nest for food,

researchers mimic this behavior by modeling multi-agent random searches that introduce

a ”pheromone factor” that affects the behavior of the other agents by making them more

or less likely to take the same path based upon the strength of the ”pheromone”. This

approach would seemingly help many agents to identify the best path from a source node to

a target node, however, it also requires the agent discovering the optimal path to return to

the source so others can follow which is not very effective for evacuation purposes. Zhang

et al. developed the Improved Adaptive Ant Colony Optimization algorithm that took

risk and energy consumption into account as well as path length to determine optimal the

optimal route and found it outperformed the Pathfinder algorithm, an industry standard.

A more straight forward, classic reinforcement learning approach used a modified SARSA

(state-action-reward-state-action)[37]. Huang et al. introduced a Radar-assisted SARSA

that made use of an exit radar and a fire radar to provide additional information to learning

agents to improve the avoidance of danger. Their method improves on the shortest distance
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paths typically provided for larger buildings, and at the same time, mimics our use of cameras

to provide improved situational awareness to evacuees for better decision making.

Another popular approach to building evacuation problems is a graphical network

approach. Simplifying the blueprints or layouts of a building into nodes and arcs provides

faster computation for many algorithms and also brings some classical operations research

methods into the discussion for route finding. For instance, Lotero et al. modeled a building

evacuation as a minimum cost flow problem on a graphical network[60]. They combined

a Ford-Fulkerson algorithm with fire-induced risks based upon MSHA safety standards

to identify optimal routes from an underground coal mine fire that included toxic vapors

that also needed to be avoided. They were able to use this method to identify optimal

routes avoiding hazardous elements and also inform development and locations of ventilation

designs. Another network-based approach made use of the ripple spreading algorithm to

identify possible paths of evacuation from a building or, in other cases, from cities[96].

Xiaobing et al. developed a capacity constrained ripple spreading algorithm (CCRSA) that

updated remaining capacity on each arc at each time instant while adding ripple wait times if

capacity was insufficient. Using this method allowed them to identify the shortest time path

taking into account wait times along the way. They were able to improve upon standard path

planning algorithms in most trials while also improving upon computation requirements.

Yet another differing novelty to building evacuation is the application of human factors,

both physical and behavioral. Pisirir et al. used the Social Forces Model to model the

behavior of evacuees as a group and within crowds[78]. They also included anthropometric

data (expressions of the physical characteristics and capabilities of the human body) that

informed the movements of the members of groups and its affect on the groups ability

to evacuate effectively. They found that adding the fidelity of real human measurements

and capabilities greatly improved the results of simulation when they were substituted for

more generalized movement speeds or agility and encouraged future researchers to refrain

from using generalized movement information. Other approaches attempt to observe and

more accurately model human behavior and choices through the possibilities of multiple

route evacuations[83]. In essence, Sheu examined and analyzed the dichotomy between

individual risk perception, survival psychology, and group behavior through the lens of a
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family evacuating a home. He then extrapolated that to evacuations of larger buildings

with on the fly clustered groups and applied similar behavioral trends to them. Sheu was

able to identify several insights into the dynamics of group behavior and showed that agents

interested the welfare of a group can improve the safety outcomes of an entire group. We hope

to incorporate group dynamics of speed and ability within the final thrust of our research.

Beyond the evacuation of a building, whether for fire or not, routing is required for serious

situations like natural disaster (flooding, earthquakes, wildfires, etc.) and the methods

for determining the best routes are as varied as those with building evacuations. Khalili

et al. conducted a thorough literature review of disaster mass evacuations and traffic

considerations[42]. Interestingly, given the breadth of disciplines involved in evacuation

research, they found that the largest gaps were data availability and accuracy, model

validations, stakeholder engagement, and integration of uncertainty and dynamic factors.

The final gap, integration of uncertainty and dynamic factors, is something we concentrated

upon as active shooter situations are loaded with uncertainty and are very dynamic with

movement from the shooter and the evacuees. That being said, they did acknowledge the

various approaches to studying mas evacuations with three of the large concentrations being

graphical network based algorithms, algorithms that provide increased information to agents,

and reinforcement algorithms that combine selfish routing with hazard planning, safe routes,

and timeing decisions.

Graphical networks are a popular approach to evacuations, building or otherwise, due to

the simplification and discretization of state spaces. There are many ways to simply spaces,

but when dealing with roads, graphical networks are a convenient means of capturing the

potential routes be which evacuees can move. Maulana and Sari examined the routing of

vehicles in the event of rivers overflowing[68]. They applied Sample Additive Weighting

(SAW) and Network Analysis Fastest Route in conjunction with Geographic Information

Systems (GIS) to determine the optimal routes when rivers over flow into flood plains.

Their methodology was able to determine the best evacuation center and the safest route to

reach it among upwards of 50 possible routes. Mizumura et al. analyzed the benefit of the

shortest route when evacuation a flood plain within the vicinity of flooded rivers[72]. While

it may seem logical that the shortest route out of a danger area is optimal, it often is not
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due to any number of factors including geography, capacity on the route, or even the lack

of information about the route and the final destination. Through multi-agent simulations,

they were able to determine the greatest good for a local population occurred when the

vast majority of evacuees took the shortest route increasing the evacuation safety and also

reducing the necessary evacuation time. They were not concerned with crowding at critical

nodes, but crowding is something we are very cognisant of and have taken great care to

address.

Similar to one of our thrusts of research, providing additional information to evacuees

to improve their situational awareness is a significant subset of current evacuation research.

Naito et al. improved upon previous studies that examined the effects of providing additional

information (closed roads) on agents and their ability to make optimal choices by also

providing congestion amounts on road segments[74]. They found that agents provided with

the additional information about their environment chose more optimal routes and decreased

their evacuation time. Further, decreased evacuation time also prevented selfish agents from

causing longer evacuations due to non-optimal decisions. Along the same line of additional

information, Dong et al. applied a hybrid of ACO genetic algorithm (GA) to the avoidance

of flooded areas during an evacuation[19]. They applied the ACO with the ”pheromone”

factor to the backtracking and combined with the GA and improved upon the performance

of the simple ACO to determine the optimal route. Further, they were able to use this

hybrid algorithm to avoid flood influence and provide a guarantee for the emergency transfer

of evacuees. As indicated earlier, one of our primary goals is to provide more and better

information to both the evacuees and the law enforcement on the scene; it is promising to

see the effects that information can have on the results.

Just as with the building evacuations, reinforcement learning provides a very logical

approach to modeling and simulating disaster evacuations. Li et al. introduced the Reinforce

Routing (RR) model that incorporates dynamic nature of flood conditions, road closures,

and real time changes inherent in urban disaster logistics[50]. They incorporate these

additional factors into a safety score which is then part of the reward structure for the

RL formulation. Their algorithm outperformed most shortest-path based algorithms and

provided and promising avenue to enhancing evacuation routing within cities. Similar to
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their algorithm, we incorporated other aspects of evacuation into our reward functions

that provided better results than the typical reward structure of most RL formulations.

Islam et al. examined the problem from another point of view: cooperation instead of

selfish routing[38]. They viewed the selfish routing of individuals as an extremely inefficient

means of routing and proposed the Evacuation Planning Game that allowed agents to choose

their route and when they wanted to depart. This is especially of interest to our group as

evacuating from an active shooter doesn’t necessarily mean you want to run immediately.

Our problem requires a lot of considerations that other evacuation problems don’t need to

examine, but can still lend ideas of ways to handle it.

1.1.3 Capacity Constrained Routing

Capacity constrained routing should be a rich area of research based upon growing

populations and limited space on the roads, however, there have been few real impactful

advances within the last few years. Interestingly, due to the explosion of wireless devices

(phones, TVs, appliances, smart home items etc.) internet protocols and routing of

wireless internet traffic have become the driving force behind capacity constrained routing as

researchers attempt to optimize the Quality of Service (QoS) by closely managing end-users

traffic routing. Physical vehicle routing is still an area of research, but much of it is focused

on the vehicle capacity routing problem which is similar to the classic knapsack problem.

As I said, managing wireless traffic to prevent packet loss, optimize bandwidth, and

maximize QoS metrics seems to be the research area most concerned with capacity

constrained routing. While not directly applicable to our work, the goals are similar

in that they try to prevent crowding and congestion between the end users and their

information destination. Dalal et al. developed an ad hoc mobility model to address network

congestion and load balancing in a cloud computing environment and improve secure IoT

communications between devices[17]. Their proposed method of management discovered

multiple alternate paths between nodes, created a safety or stability rank for each path based

upon the power of both end nodes, and then routed traffic intelligently keeping quantity

of packets under a threshold. They were able to improve network lifespan through load

balancing and reduced congestion while also reducing packet loss and packet delays. There
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are some direct translations such as the ranking of paths based upon safety or stability;

ranking possible paths to exits based upon a risk or safety factor could easily be applied

to evacuation routing. Chen et al. attempted address mobility and resource limitation of

the nodes that affect performance in an mobile ad hoc network[12]. In contrast to our work

where the capacity constraints of the edges are the limiting factors, the researchers’ approach

has the capacity constraints on the nodes with the interesting that nodes can actually move

around in the network changing its adjacent nodes in real time. Their approach to support

QoS was to create a topological change adaptive ad hoc on-demand multipath distance

vector (TA-AOMDV) protocol that adapts to the high speed movement of nodes within

the network. Similarly to Dalal, they identified stable paths taking into account the nodes

constrained resources (bandwidth, queue length, residual energy etc.) and the stability of

the links of the path. They incorporated periodic probabilistic estimates to forecast link

stability, much like probabilities of a shooter’s location, in order to prematurely adapt to

the rapid changes in the network topology. They were able to significantly improve the QoS

over current protocols when the node speed increase higher than 30 m/s. Krolikowski et al.

examined joint routing and scheduling in large deterministic networks using cycle specified

queueing and forwarding[46]. They used segmented routing, not finding complete paths but

sections that could be modularly combined to create paths between nodes, and transmission

queues to maximize traffic acceptance for network planning and flow admission. The

segmented/modular routing approach in conjunction with dynamic programming allowed

them to improve upon benchmark performance while reducing the time required to calculate

optimal pathing.

As indicated previously, capacity constrained routing for physical travel is as prevalent

as one would think, however, there are some examples that can be helpful and informative

for our work. Zhong et al. attempted to develop a risk-averse optimization of disaster

relief facility locations and vehicle routing under a stochastic demand[100]. The researcher

introduced an interesting concept of conditional value at risk with regret (CVaR-R) which is

in essence the regret of the worst case scenarios. They used the CVaR-R as a risk measure to

consider both reliability and unreliability of the stochastic demand variability. They framed

the problem as a bi-objective mixed integer nonlinear programming model and solved it with
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a hybrid genetic algorithm. They also incorporated the Nash bargaining method to capture

the decision maker’s preference of the two objectives. Their risk averse approach identified

the trade-off inherent in the bi-objective framing of the problem and demonstrated the effect

the decision maker can have based upon their preferences. Casteigts et al. examined the

development of shortest paths in temporal networks which are networks where the edges

and the nodes they connect change over time[10]. Interestingly, the idea of edges ”opening

and closing” through time is actually similar to our work, except we look at the shooter’s

reach as the factor closing the edges while they are looking at it as time that does this.

The researchers added constraints on dwell time in nodes as well as maximum capacities on

edges moving the problem of path shortest path calculation from polynomial time to NP

Hard. While their work isn’t overly applicable to ours, it is still an interesting heuristic

approach to a capacitated routing problem. Finally, Froger et al. looked at EV routing

with capacity constraints on the charging stations (the nodes of the network)[27]. At this

time, many of the EV routing problems look to optimize the EV’s route while assuming that

charging stations along the route are free and available. The researchers simulated capacity

constraints at the charging stations as well as other methods of charging along the route.

They used a continuous-time model and an algorithmic framework that iterates between a

route planner using a local search algorithm and a solution assembler using a branch-and-cut

algorithm to assemble segments of a path into a workable solution that meets the charging

constraints. They established a means of route development that accommodated capacity

constraints along a path due to charging requirements and were able to still improve on the

benchmark results of the EV routing problem.

In this we address the cross section of these areas of research and propose approaches

that are not currently found in literature. We push forward to apply multiple reinforcement

learning techniques, model-based and model-free, to the simple and capacitated routing

optimization for safety while also addressing gaps in the research literature within the realm

of active shooter situation survival. Our work expands beyond current trained survival

practices and demonstrates alternate methods that ultimately improve the safety outcomes

of evacuees
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1.2 Research Objectives

The purpose of this work is to expand upon the current approaches for active shooter

evacuations and demonstrate that our approach of modeling the evacuations as a NHSMDP,

the buildings as graphical networks, and using classical reinforcement learning methods with

modifications to optimize the routing can provide better safety outcomes for the evacuees

than other current policies and procedures. Our results show that our methods improve upon

the current procedures used in evacuation routing and, due to the limited available active

shooter specific approaches and the stakes involved for evacuees in these situations, any and

all improvements can have an out-sized impact on the safety and survival of the victims and

move the state of this vital research area forward. Furthermore, our use of multiple methods

to optimize routing provides options for implementation that range from more conservative

and risk averse preferring to evacuate only when it is absolutely safe to more aggressive exit

seeking routing that may allow increased time in line of sight in order to exit the building

quickly. Being able to tailor the modeling and output to the needs of the end user is vitally

important to ensure buy in to the viability of the results as well as to meet the needs of that

end user.

Our novel contributions are as follows:

1. We demonstrate the effectiveness of modeling active shooter evacuations as NHSMDPs,

modeling the buildings as graphical layouts to complement the NHSMDPs, and

optimizing the routing using a model-based value iteration approach to improve the

safety outcomes for the evacuees. The Naive ASTERS approach provides the value of

being in a particular node at a particular time instead of concentrating on what action

should be taken allowing us to model and evaluate the ability of evacuees to find safe

locations and hide which is something that is lacking in the vast majority of other

approaches to this problem area. Naive ASTERS is able to outperform the Natural

Response algorithm which is developed using law enforcement guided advice.

2. Because the layout and dimensions within a building greatly affect the ability to quickly

and safely evacuate a building, we examined the expansion of our route optimization

model to include methods to account for limited capacity in nodes and on edges,
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provide multiple iteratively optimal routes, and reduce crowding at bottleneck nodes.

C-CASTERS took the occupation of every node, the shooter’s location, and the running

time of the event as inputs and created sets of optimal routes from each node accounting

for and reserving the evacuees required capacity along their evacuation route and

improving upon the performance of the Naive ASTERS as well as the expert advice

grounded Natural Response.

3. In order to more realistically model these evacuations, we moved from the discrete event

simulation we wrote to the physics-based UE5 simulation to include better fidelity of

crowding mechanics and introduce a generalized concept of computer vision identifying

and tracking the shooter throughout the building. Further, while the model-based

approaches of Naive ASTERS and C-CASTERS perform very well and improve the

safety outcomes of the evacuees, they are relatively computationally expensive and take

time to calculate the optimal routes when taking into account real-time information.

Model-free approaches allow us to train evacuee agents in advance and establish optimal

policies to act upon given real-time updates. W evaluate both Q Learning and N-Step

Temporal Difference learning approaches and demonstrate that they provide excellent

performance when compared to the Naive ASTERS and the C-CASTERS and do so

in real-time due to the agent training occurring in advance.

1.2.1 Model-Based Optimized Evacuation Routing

The approach we elected to use to determine the optimal routing for evacuees in an active

shooter situation is one of the earliest examples of reinforcement learning: Richard Bellman’s

value iteration[9]. While it was developed in 1957, it is a viable method for optimizing policies

for a NHSMDP and has the benefit of quantifying the value of being within a given state

instead of simply what action should be taken in each state.

The majority of the current research on evacuation methods seek to minimize the

evacuation time or distance traveled. We were unable to find any routing methods in recent

research that had any other objective than escape. A key element in the modeling of an

active shooter situation is that, while escaping the building is typically the safest option,

15



temporarily hiding or avoiding the shooter until a safer escape route opens up can provide a

higher probability of survival to the evacuee. These other methods will provide the quickest

route or the shortest route to an exit, but usually don’t take into account the shooter’s

position or his ability to move within the building which can and should drastically change

the behavior of the routing algorithm.

For our first set of experiments, we examined the performance of our Naive ASTERS

value iteration method against the performance of the Natural response algorithm based

upon the expert guidance of law enforcement in our discrete event simulation developed in

python using the Simpy package. We developed our ASTERS value iteration modification to

incorporate not only time and distance to the nearest exit, but also the relative safety of each

node or its hardness, the last known location of the shooter, the probability of encountering

the shooter, and the probability of being within harming distance of the shooter. The

probability of encountering the shooter and the probability of being within harming distance

of the shooter change continuously as both the shooter and evacuees move around in the

building which is the reason for the non-stationarity and the need to model this problem

with a NHSMDP. Our state space for the ASTERS routing algorithm and the simulation

is Se = {N e, N s, t}, where N e are the nodes that the evacuees can occupy, N s are the

nodes that the shooter can occupy, and t ∈ T is quantized time elapsed since the shooter

was last spotted by a camera i.e. the last known position of the shooter and how long ago

that occurred. The actions were dependent on the node location and its adjacent nodes;

most importantly, unlike other approaches to evacuation situations, each node also had the

optional action of remaining in place. We conducted simulations using two buildings layouts

with multiple parameter combinations that changed the spawn locations of the shooter, his

initial target node, the initial distribution of the evacuees, the speed the evacuees traveled

at, and the number of cameras and their locations.

The ability of the ASTERS algorithm to incorporate a safety factor for each node and a

”stay put” action provided a great boost to the performance within our simulations over the

Natural Response algorithm as the algorithm could instruct evacuees to stay in the current

node as they waited for the shooter to move far enough away to provide a safe exit route. Our

results (discuss in depth in Chapter 2) demonstrate significant improvement by decreasing
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the number of casualties and the time in the shooter’s line of sight while also increasing the

number of evacuees who exited safely.

1.2.2 Model-Based and Capacity Constrained Optimized Multi-

Route Evacuation

A gap in our first set of experiments was the small number of evacuees (one per node) inside

the simulation that needed routes to escape. We demonstrated that we can provide life saving

instructions when each node only has a single evacuee, however, our initial approach would

have provided the same route to each evacuee in the node so adding additional evacuees

would have only had a multiplicative affect upon the metrics we captured. We know that,

in any kind of evacuation scenario, the crowding and times to exit increase as you add more

and more people. We acknowledge that we must modify our Naive ASTERS value iteration

approach to be able to account for many evacuees and, most importantly, multiple routes.

Interestingly, the literature on capacity constrained routing, whether for evacuations or

travel in general, had a common theme: the majority used a single objective function focused

on minimizing the time required for all travelers to reach their destination. As we found in

our first experiments, an active shooter situation requires more nuance to the routing and

cannot simply be the shortest route to the exit. Our objective remained the same, determine

the safest route from each node, however, after that route was at full capacity, we needed

to determine what the next most optimal route was taking into account remaining capacity

available. We accomplished this by adjusting the transition probabilities for each edge that

was at full capacity.

Our approach to deal with limited capacity along evacuation routes was to iteratively

identify the optimal routes from each node, then find the second most optimal route, and

continue doing so until all evacuees had routes for their survival. To accomplish this, the

Capacity-Constrained ASTERS (C-CASTERS) algorithm took the shooter’s position and the

evacuee occupancy of each node as its input. It then conducts value iteration to determine

the values of each state in the state space and determine the optimal route from each node

while also keeping track of the max number of evacuees that can use that route based upon
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current available capacity (if a route has a hallway that 20 evacuees can traverse and a

doorway that only allows two people to go through it at a time, then the max number of

evacuees on that optimal route would be 2). The algorithm then assigns that route to the

max number of evacuees and reserves their required capacity along the route and through

time. The transition probabilities for each transition in time that has 0 available capacity

is then reduced to 0% and the algorithm recalculates the value iteration resulting in a new

optimal route from the same node. The algorithm does this until all evacuees have an

assigned route.

In our second set of experiments, we implemented C-CASTERS, Naive ASTERS, and

the Natural Response algorithms on the single level school and a new dorm floor with many

network cycles resulting in a lot of route options. We increased the number of evacuees up

510 for the school and 256 for the dorm floor and simulated multiple shooter spawn locations,

target rooms, evacuee distributions, and location update times. Our results (discussed in

more detail in Chapter 3) showed two things: C-CASTERS outperformed both the Naive

ASTERS and the Natural response in casualties, escapes, and time in line of sight and, more

importantly, greatly reduced the crowding of evacuees in the key bottlenecking nodes within

both graphs.

1.2.3 Model-Based and Model-free Routing in Physics-Based VR

Environment

Our final set of experiments will look to improve upon the realism of our previous work

by transition from the discrete event simulation into Unreal Engine 5 which will enable

physics-based movements, generalized crowding behavior, and a simple implementation of

the computer vision aspect of the project. For the simulation environment, we created a

replica of the dorm floor in UE5 that is to scale and is impressively polished. We have

established the same node and edge locations within the UE5 background so our routing

will still be the same in essence giving a list of nodes as actions, however, UE5 will actually

control how the evacuees move from one node to the next using its physics-based spatial

characteristics. UE5 will control movement speed of the evacuees as they move individually
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and in groups to increase the realism. Finally, we have implemented cameras within the UE5

environment that will naively identify the shooter (the shooter will be green and the evacuees

blue) and track his position throughout the building providing his location to the routing

algorithms to update their guidance instructions. The real computer vision model being

worked on at Iowa State University is able to identify the gun in the shooters hands and

track both the shooter and the gun, so our implementation is a simplified version to capture

the effects and possibilities presented by having the cameras included. Finally, we will run

the three current algorithms, C-CASTERS, Naive ASTERS, and Natural Response, but also

we will explore and contrast the performance of mode-free approaches like Q-Learning and N-

Step Temporal Difference Learning when dealing with a physics-based capacity constrained

simulation environment. We plan to demonstrate the viability of model free approaches

in order to cut down on the calculation required to develop routes, simplify the means of

communicating routes, and consider its affect on the crowding possibilities.

1.3 Dissertation Outline

This dissertation is a manuscript-style dissertation in which each of the core chapters was

either previously published in a peer-reviewed journal or is currently in the submission

process.

Chapter 2 is a version of our paper ”The Effectiveness of Naive Optimization of the

Egress Path for an Active-Shooter Scenario” which was published in the Journal Helyion

in in 2022. This work introduced our premise that modeling the evacuation of agents in

an active shooter situation can adequately be accomplished by formulating it as a Non-

Homogeneous Semi-Markov Decision Process, modeling the buildings as graphical networks,

and optimizing the routing using model-based reinforcement learning methods. We simulated

an temporal evacuation in a single level acyclic school and a multi-level cyclic hospital in a

discrete event simulation we built in python. Our ASTERS routing algorithm outperformed

a routing algorithm based upon external expert advice (Natural Response) provided by a

law enforcement associated individual who had a plethora of experience responding to and

investigating active shooter situations.
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Chapter 3 is a version of our paper ”An Optimized Evacuation Plan for an Active-

Shooter Situation Constrained by Network Capacity” which is currently in the process

of submission to an academic journal. This work introduced our method of dealing with

capacity constrained network nodes and edges. We expanded upon the value iteration

approach of the previous paper by providing individualized routes to each evacuee, reserving

capacity along their route, recalculating the optimal routes using value iteration once and

edge along a route was at max capacity, and continuing to iteratively do this until all evacuees

were provided an individual route. We again simulated an evacuation in our discrete event

simulation using the same single level acyclic school and a new university cyclic dorm floor

that increased the complexity due to smaller hallways and doorways restricting movement,

and passageways connecting hallways which allowed the shooter more freedom of movement

and increased unpredictability. Our new iterative algorithm, C-CASTERS, outperformed

both our previous Naive ASTERS and the Natural Response algorithms by reducing the

number casualties, the time in the shooter’s line of sight, and even improving upon the

crowding effects at key bottle neck nodes.

Chapter 4 is a version of our paper ”To Be Named Extension into 3-Dimensional,

Physics-Based Simulation Space Using Model-Based and Mode-Free Reinforcement Learning

Techniques” which is currently in the process of submission to an academic journal. In this

work we created the cyclic dorm floor network in Unreal Engine 5 (UE5) to run the simulation

with physics-based movements and crowding to improve and validate the result found in the

previous work. Further, we incorporated a conceptual aspect of the computer vision thrust

of the ASTERS program by including cameras that could identify and track the shooter

throughout the simulation and provide that real time information to the routing algorithms.

We are awaiting simulation results and will present those results at a later date.

The final chapter concludes this work by reiterating the main contributions and associated

results for each of the primary chapters within the context of the current state of the

research. We present our plans for future simulations and experiments to continue to refine

our approach and methods. Lastly, we identify future work that will expand upon the

framework we have laid out that we believe would be continue to fill in the gaps surrounding

the evacuation of individuals during an active shooter situation.
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Chapter 2

Model-Based Reinforcement Learning

Optimized Evacuation Routing
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A version of this chapter was originally published in the journal Helyion:

Lavalle-Rivera, Joseph, Aniirudh Ramesh, Laura M. Harris, and Subhadeep Chakraborty.

”The effectiveness of naive optimization of the egress path for an active-shooter scenario.”

Heliyon 9, no. 2 (2023).

Joseph Lavalle-Rivera, Aniirudh Ramesh, and Subhadeep Chakraborty conceptualized

the study and determined the simulation development and setup. Joseph Lavalle-Rivera ran

all simulations and was primary author of the manuscript. Joseph Lavalle-Rivera, Aniirudh

Ramesh, and Subhadeep Chakraborty determined the appropriate methods post process

data analysis and evaluation. Aniirudh Ramesh and Subhadeep Chakraborty proofread and

edited the final manuscript.

No revisions to this chapter have been made since the original publication.

2.1 Abstract

There have been 130 mass shootings in the United States from 1982 to June, 2022 according

to the Mother Jones database of active shooter events. In these critical scenarios, making

the right decisions while evacuating can be the difference between life and death. However,

emergency evacuation is intensely stressful, which along with lack of verifiable real-time

information may lead to costly incorrect decisions. In this paper, we demonstrate the

effectiveness of a non-homogeneous semi-Markov-Decision-Process (NHSMDP) based naive

algorithm that relies on prior knowledge about the layout of a building and uses recurring

updates of the shooter’s location (based on automatic processing of images from a camera

network) to provide an optimized egress plan for evacuees. While emergency evacuations due

to fire and natural disasters are well researched, the novelty of this work is in the response to a

threat that moves either purposefully or randomly through the building and in incorporating

the ability for an evacuee to wait for danger to pass before beginning egress and during the

process of evacuation. This ability to include sojourn times in the optimized scheme is due

to the NHSMDP formulation and is a notable augmentation to the current state-of-the-art.

We show that following this algorithm can reduce casualties by 56% and the time spent by
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evacuees in the shooter’s line of sight by 52% compared to an intuitive natural response

guided by expert advice.

2.2 Introduction

Emergency evacuations are a topic of great interest to researchers from many different

backgrounds. Whether it is traffic evacuation in the event of disasters like earthquakes

and hurricanes, analysis of human behavior during evacuation proceedings, or the movement

of crowds within the context of an evacuation, the approaches to manage and optimize these

evacuations are widely varied and thoroughly researched. The impetus for the quantity of

the research conducted is directly related to the importance of ensuring safe and effective

egress for all evacuees in each of these situations as they are usually characterized by great

danger. Improvements in speed, effectiveness, and efficiency in all evacuation situations

result in fewer casualties and the pursuit of situational improvements is sufficient rationale

for such optimization. The interested reader can find a comprehensive literature review and

mapping of the research conducted in the area of emergency evacuations in the survey paper

by Liu et al. [55]. They identified three main knowledge groups within the literature: traffic

evacuation, group behavior, and crowd evacuations. The methods, approaches, and rationale

within these knowledge groups varies greatly as is expected in such an open problem. For

example, Lin et al. focused on human behavior within crowds during building evacuations

[52]. Others have focused on specific groups, like Duleb et al., who studied vulnerable

populations that require additional preparation in order to effectively evacuate in a given

situation [20]. Some researchers like Abdulhalim et al. have identified very specific and

unique populations,like deaf and hard of hearing children, that require special consideration

when determining evacuation proceedings [2]. Mirahadi and McCabe developed a fire

evacuation model based upon Dijkstra’s shortest path algorithm [71], but they, like most

of the available research on evacuation planning and execution, still expect to route all

personnel to safety as quickly as possible, but do not consider the option of ”waiting out” the

danger. It is quite reasonable to assume that in most usual hazards, such as fire, earthquake,

etc. fastest evacuation is the safest evacuation.
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However, the focus of this paper is on evacuation during an active shooting incident,

an unfortunately relevant and recurring emergency that necessitates us to diverge from

traditional solutions, since unlike natural disasters, the threat from shooters is localized

around the shooter, very mobile and transitory. Therefore, hiding before and during

evacuation (by temporarily darting in to safer rooms) are options worthy of exploring. While

the literature on egress is vast and a good source of inspiration, the unique nature of active

shooting events poses unique algorithmic challenges that are discussed in this paper.

While emergency evacuations are extremely stressful events, they are even more so

during an active shooter incident and the confusion and panic along with lack of verifiable

information can lead to sub-optimal, short-sighted decisions. The Mother Jones Mass

Shootings Database classifies mass shootings as events where a shooter with firearms opens

fire on a large number of people, killing at least four victims. According to a study, public

mass shootings have occurred 128 times between 1982 to 2022 in the United States [23].

Multiple studies suggest that the United States has had the highest number of mass shootings

in the world [85, 70]. More than half of these shootings occur either in schools or workplaces

[24]. In these critical scenarios, evacuees have to make key decisions such as whether to

run or hide, or when and where to hide, or which direction to run, or whether to try and

stop the shooter, etc. Getting these critical decisions right can mean the difference between

life and death. The Department of Homeland Security advises evacuees in these scenarios

to exercise the “Run-Hide-Fight” or “Avoid-Deny-Defend” protocols as a general strategy.

The protocol advises evacuees to run and escape if possible as the first preference. If an exit

is not accessible, the evacuees are asked to hide, stay silent, and barricade the rooms they

are in. If neither “Run” nor “Hide” is an option, the evacuees are advised to aggressively

fight the shooter as the absolute last resort. However, without specific information about

the shooter’s location, and without guidance while escaping the building, this generalized

“Run-Hide-Fight” protocol may not be effective, or worse, it can be misleading. Without

guidance in the escape plan, the evacuees may run toward the shooter rather than away, or

come out of their barricaded room at the wrong time. In fact, this happened during the

Parkland School Shooting in 2018, where a flood of people ran straight towards the direction

of the shooter [14]. Further, these situations are, in most cases, so short in duration that
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when the first responders arrive, often within three to five minutes, the vast majority of the

damage is already done, making the initial actions taken by people involved that much more

critical.

A guidance system that tracks the dynamic location of the shooter in the building and

communicates the safest egress plan to the evacuees based on this information has the

potential to save lives during these unfortunate events. In this paper we exclusively focus on

the routing strategies of the evacuees to maximize safety under a variety of conditions and

situations, with the assumption that in any implementation, this algorithm will be paired

with a camera-network based automatic shooter-identification and tracking system. We

make no specific claims or impose constraints on the shooter-identification system, rather

treat the camera locations and identification rates as independent parameters which affect

the effectiveness and viability of our planning routine.

The interactions between the shooter and evacuees can be modeled in various ways - it

may be conceived of as a non-cooperative game between competing players [95], as a pursuit-

evasion problem [93] or as a graph search problem such as in the game of cops and robbers

[77]. In this paper, we choose to decouple the shooter’s decisions from the evacuees’ activities,

in the sense that the shooter pursues his own hidden agenda that we do not control nor have

any knowledge of. This assumption is partly driven by the need to frame the egress route

suggestion problem in an optimization framework, but also from practical considerations,

since such motives are most often impossible to know or model apriori.

In this framework, we assume that the shooter’s movement dynamics is described by a

semi-Markov chain (SMC) with a discrete state space [28]. An SMC is a generalization of a

traditional Markov chain with abstract sojourn time distributions. The evacuees’ movements

on the other hand, are modeled as a non-homogeneous semi-Markov system (NHSMS). This

grants the model the capacity to incorporate both arbitrary waiting times at each state,

but also an evolving transition probability which is based on the shooter’s movements. For

both shooter and evacuees, the discrete states of the underlying MDP are mapped into

rooms, sections of hallways, stairways, and exits while the routes from one node to another

are represented by edges. Since most analytical results in SMCs such as probabilities of

occupancy, first passage times and duration of dwelling in a particular state are all obtained as
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distribution over an arbitrary interval of time, we take advantage of the short duration of the

event (at most 5 minutes) to create an expanded state space by incorporating discretized time

into the state definition. A finite horizon value iteration with non-homogeneous transition

probabilities is then used to compute the optimal egress policy for all possible locations of

the shooter and evacuees in the graph.

to evaluate our capacitated algorithmFor the remainder of this paper, we first give a

summary of current related literature and other works in section II, describe the specifics of

our NHSMS formulation in section III, define the simulation environment used to evaluate

the performance of both our ASTERS routing algorithm and a “Naturalistic Response”

algorithm in section IV, discuss and compare the results from simulation in section V, and,

finally, identify future adaptions to the routing algorithm in section VI .

2.3 Literature Survey

Emergency evacuations can be caused by a multitude of reasons including, but not limited

to: earthquakes, hurricanes, floods, fires, active-shooter scenarios, etc. Given that time is

critical in these evacuations, it is imperative that the evacuees choose an optimal route of

escape as quickly as possible. Optimization of the routes taken by the evacuees, contingent

upon their safety and a few constraints, can potentially save lives by maximizing the number

of evacuees escaping safety.

Optimization of egress paths is a complex task as it not only is constrained by the physical

geometry of the building, but also the capacity of different paths, dynamic-moving threats,

etc. It should also account for human behaviors and factors such as herding mentality of

people, panic, opinion propagation, misinformation, leader-follower dynamics, etc.

Hossam Abdelgawad and Baher Abdulhai completed a thorough review of the emergency

evacuation literature in regards to transportation and, in particular, framing the problem as

a network design problem [1]. They highlighted the benefits and shortfalls of using simulation

as a method for testing and optimizing proposed solutions to emergency evacuations while

also compiling proposed policies designed to increase the efficiency of said evacuations.
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Thomas Kisko and Richard Francis together published their work on EVACNET+ [44]

in 1985 in which they described an algorithm to determine optimal building evacuation

plans. This was paired with a user-friendly interface that lets users model the building by

representing the halls, rooms, etc. as nodes and passageways and corridors between them as

edges. Then, the program outputs the optimal escape plan for that building floor plan to the

user. This is done by using a capacitated network flow trans-shipment algorithm, which is a

graph-theoretic approach to solving the network flow optimization problem. This algorithm

is most suited for emergency evacuations caused due to fires.

Qingsong Lu and Shashi Shekar worked developing a capacity-constraint based evacuation

algorithm [62]. They modeled capacity as a time series and used a capacity-constrained

heuristic algorithm to determine the evacuation plan. They proposed an algorithm called

Multiple-Route Capacity Constrained Planner (MRCCP), which produces near-optimal

results but is significantly computationally less complex.

Farid Mirahadi and Brenda Y. McCabe focused on the evacuation of buildings in the event

of a fire and proposed a real-time safest path based upon Dijkstra’s shortest path algorithm

[71]. They developed a risk factor for building compartments based upon proximity to the

fire and potential blockages and produced routes that conformed to the Active Dynamic

Signage System. The building is monitored in real time and the planned routes are adjusted

as the event develops and their algorithm was shown to enhance the safety of evacuees.

Luh et al. in their work used a network-flow based novel stochastic dynamic programming

to maximize the flow of people through the exits, given many other constraints[66]. They

present a simulation of their algorithm which demonstrates rapid evacuation that avoids

bottlenecking. AR Srinivasan discusses how decisions and opinions of evacuees can influence

the entire group’s behaviour during these emergency evacuation scenarios[88].

Yin et al. approached the evacuation of dense, urban areas using agent-based modeling.

They used phone location data to develop baseline evacuation plans based upon typical

population densities [97]. They then used their offline database to accelerate the real-

time adjustment of plans drastically decreasing the computation time required for real time

development and slightly improving the performance.
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Haghpanah et al. explored the evacuations of hospital, taking into account the different

mobility disabilities of patients and requirements for distancing due to infectious diseases

[31]. They introduced a non-ICU patient classification framework that identified the various

mobility factors characterized by the patients conditions. They showed that guidance from

a larger nursing team can greatly improve evacuation time while also demonstrating that a

COVID-19 only exit much less effective.

Chou et al. approached building fire disasters from the aspect of routing the firefighters to

appropriate locations to best assist evacuees [13]. The authors combined current firefighting

equipment and procedures as well as Bluetooth technology, mobile network locations,

communication systems, and signage to best direct the movement of evacuees and firefighters

alike in a given indoor building fire. The proposed approach improved upon the number of

casualties and the resources required to address the situation. This is potentially helpful in

future work in active shooting evacuation research that will include routing of first responders

to the threats location when they arrive upon the scene.

Balboa et al. used information provided by hazard detection systems, such smoke

detectors identifying a fire’s location, to calculate optimal routes that were the ”fastest”

(shortest according to Dijkstra’s) and ”safest” (maximized distance between the evacuation

route and the hazard) within real-time simulations to guide evacuees [8]. They tested their

approach in a multi-enclosure building with actual participants using a dynamic signage

approach for guidance and demonstrated the effectiveness of real-time guidance for the

evacuation of a building. They identified improvements in evacuee movement speed and

required evacuation time lending credence to their hypothesis of the increase in performance

based on intelligent dynamic signage. The use of dynamic signage and its effectiveness is

promising as any real-time routing for an active shooter situation would need signage that

does more than simply point in a direction.

Abusalama et al. examined a capacity constrained approach to routing and evacuation

planning [3]. The authors developed a Dynamic Real-Time Capacity Constrained Routing

algorithm that modeled capacities based upon time series to address the Emergency Route

Planning problem. They demonstrated an improvement on both computation required and
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time for evacuation. As indicated in most of this literature, this work does not account for

the mobile threat to the evacuees, nor the ability for an evacuee to hide from said threat.

Despite the literature for emergency evacuation planning in general being vast and well

documented, works on egress solutions for active-shooter scenarios are very scant. This

may be partially attributed to the complexity of the problem. Such events last very few

minutes and are highly stochastic. Moreover, due to the dynamic nature of the shooter, the

evacuation plan has to be dynamic as well. Gunn et al modelled an optimal egress plan for

active shooter scenarios [30]. They developed a novel divide-and-conquer approach to divide

evacuees into groups and used dynamic stochastic programming for finding the optimal

paths for these groups. However, their work did not take into account several important

factors like dynamic shooter movement, the shooter’s line of sight, human factors, capacity

constraints, etc. To our knowledge, no work has been done so far that solves an egress plan

for active-shooter scenario that dynamically updates as the location of the shooter changes.

2.4 Methodology

We model the shooter’s movement by a semi-Markov chain {Xt}t≥1 with state space Ss =

N s
1 , N

s
2 , ..., N

s
n corresponding to nodes in the building layout. Here n is the total number

of nodes and the superscript s signifies that this state space corresponds to the shooter’s

movement. Later on, we will define Se = N e
1 , N

e
2 , ..., N

e
n for the evacuee’s state space which

physically overlaps with the shooter’s space, but conceptually part of a separate NHSMDP

setup.

The successive states/nodes chosen by the shooter to visit are defined by the transition

probability matrix and the sojourn time in each node, conditioned on the current and the

next state to be transitioned into. Thus, during the transition times, the process is equivalent

to an embedded Markov process. Let transition probabilities pNs
i →Ns

j
(t) be the probability

of the shooter who entered state N s
i during the last transition at time t to transition to state

N s
j in the next transition. The transition probabilities should satisfy the same equations of

a Markovian process, that is, pNs
i →Ns

j
≥ 0,∀N s

i , N
s
j ∈ S and Σn

j=1pNs
i →Ns

j
= 1,∀N s

i ∈ S.
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When the shooter enters node N s
i at time t, we assume that this node determines the

next transition to node N s
j , which occurs according to the transition probabilities. However,

before making the transition from state N s
i to state N s

j and after the next state N s
j is selected,

the chain holds in state N s
i for time tij. The sojourn time tij is a positive random variable

with density function hij(), which is called the function of sojourn time to transition from

state N s
i to state N s

j . Thus, P (tij = m) = hij(m), for m = 1, 2, .., and N s
i , N

s
j ∈ S. We

assume that the mean values of the distributions of sojourn times are finite.

In the context of the shooter’s movement, various types of motivations and personalities

can be modeled with judicious choice of the sojourn time distribution and the transition

probabilities. Consultation with topical experts has suggested that there are three primary

personality profiles that characterize a shooter [75] -

• either a shooter tries to maximize damage and thus seek out the most densely populated

areas in the building,

• or a shooter is following a personal motive and seeks out a specific target,

• or a shooter is carrying out an unplanned act of violence.

Since it is almost impossible to predict beforehand the motive prompting a particular type

of shooter, and moreover, the cost of an erroneous determination can be catastrophic, in

this paper we assume a memory-less uniform probability discrete choice model, which can

be explained with the help of a simplified example, shown in Fig. 2.1.

We start with the assumption that we know the location, i.e the state of the shooter

at t = 0. The memory-less uniform probability discrete choice model dictates that at

Figure 2.1: Toy Problem Used to Demonstrate the Dynamics of Transitions
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any instant, the shooter can choose to stay in the current node for the duration of the

discretized decision cycle, or start moving to any of the adjacent nodes based on the building

layout. Without knowing or trying to predict the shooters actions, we assumed the worst-

case scenario for planning purposes that the shooter could go in any direction with equal

probability. Again, using the toy problem setup, a shooter in N s
4 at t = 0 would choose to

move to the adjacent nodes with probabilities P (N s
2 ) = P (N s

4 ) = P (N s
5 ) = P (N s

6 ) = 0.25.

With this assumption of memoryless uniform choice probability, the cascading probabilities

of the shooter’s positions at the various nodes and edges can be computed. Table 2.1

below demonstrates this. It may be noted that at t = 1 P (N s
4 ) = 0.25 whereas the

probability the shooter is on an edge moving to the node of choice is 0.25 as well, i.e.

P (Es
2→4) = P (Es

4→5) = P (Es
4→6) = 0.25.

Based on the travel time between nodes, the probabilities of reaching nodes N s
2 , N s

6

and N s
5 spike at 4, 4 and 3 seconds respectively. This sequence of unbiased discrete choice

between the accessible nodes, travel time and sojourn time at the nodes is cascaded until

we can compute the probabilities of the shooter being in any of the accessible rooms in the

building at any subsequent times. This propagation of probability continues throughout the

300 seconds which is set as an upper bound of the duration of these events based on expert

advice.

A limitation of this shooter-movement model is that, we assume that the shooter does not

turn back or change his decision while halfway to a target node, i.e. each sequential target

choice is made only after each node is reached, but not in the links connecting these nodes.

Moreover, the memory-less choice dynamics may be improved, by more realistically modeling

the sojourn times to follow a specific distribution. However, this model does provide a robust

baseline for evaluating the performance of the algorithm for routing the evacuees away from

the shooter. The evacuation optimization algorithm is discussed next.

2.4.1 Evacuation Algorithm

The algorithm used to determine the routing of the evacuees follows a practical implemen-

tation of the non-homogeneous semi-Markov decision process (NHSMDP) optimized with

finite-horizon value iterations. A Markov Decision Process formulation is defined by the
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Table 2.1: Probable location of shooter at time=t.

Time in
Seconds

0 1 2 3 4 5 6 7

N1 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
N2 0.00 0.00 0.00 0.00 0.25 0.13 0.05 0.02
N3 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.06
N4 1.00 0.25 0.06 0.02 0.00 0.00 0.13 0.13
N5 0.00 0.00 0.00 0.25 0.19 0.11 0.06 0.03
N6 0.00 0.00 0.00 0.00 0.25 0.19 0.11 0.06
E1→2 0.00 0.00 0.00 0.00 0.00 0.06 0.09 0.11
E2→3 0.00 0.00 0.00 0.00 0.00 0.06 0.09 0.04
E2→4 0.00 0.25 0.31 0.33 0.09 0.09 0.10 0.14
E4→5 0.00 0.25 0.31 0.08 0.15 0.22 0.15 0.12
E4→6 0.00 0.25 0.31 0.33 0.08 0.15 0.22 0.31

4-tuple (S,A, Pa, Ra) where S is a set of possible states, A is a set of possible actions that

can be taken from these states, Pa(s, s
′) = P (st+1 = s′|st = s, at = a) is the probability that

action a in state s at time t will lead to state s′ at time t+ 1, and Ra(s, s
′) is the expected

immediate reward received after transitioning from state s to state s′ due to action a. In

contrast to standard MDPs, the NHSMDP differs in two main aspects, the non-stationary

transition probabilities and the idea of sojourn times at various nodes. These differences and

their treatments are explained next section in the context of an egress plan.

State

In the context of an egress plan, the state is a tuple defined by Se = {N e, t}, where N e

are the nodes that the evacuees can occupy, and t ∈ T is quantized time, elapsed since the

shooter was last spotted by a camera. By folding time into the state definition allows us to

include plans for waiting in a state, but exponentially increases the size of the state space.

However, statistics and expert consultations suggest that most active shooter situations

culminate within 5 minutes or 300 seconds. Discretizing time at 10 seconds intervals (any

higher resolution would be irrelevant, since the slow speed of human movement dynamics

would not allow any appreciable changes at finer time scales) yields |T | = 30 time steps. To

put that in context, for a large building with 100 nodes (say), for each shooter position, the

optimization space would be |N e|× |Ae|× |T | = 100×100×30 = 3000, a level of complexity
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that can be handled by modern computers, especially since the optimization is completed

off-line and stored as a policy.

Action

In our problem, the evacuees’ actions A = {M e
S,T } represent the decision to move from a

certain source node (N e
S) toward a certain target node (N e

T ) at each discretized time step

until they reach safety. Based on the layout of the building, the action can either be to

stay in their current node until the next decision cycle, and then choose another action, or

they can begin moving towards any adjacent node in the graph network starting from their

current node location.

Transition Probability

The probabilities associated with successfully executing the chosen action are calculated

based on the shooter’s movement model. It is assumed that the evacuees’ probability of

transitioning to their target node within a certain time is entirely dependent on them not

encountering the shooter en route and is portrayed in Figure 2.2. This may be calculated

by inputting elements from Table 2.1 into Equation 2.1 for each step in the evacuees path

from source to the target node.

P (N e
S , N

e
T ) = 1−max(P (N s

i ), P (Es
i,j)),

∀Ni

⋃
Ei,j

(2.1)

Figure 2.2: Probabilities Associated with an Action
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Unlike traditional MDPs, the transition probability is an evolving function of time depending

on the shooter’s last known location and his possible movement choices. This non-stationary

transition matrix makes this an NHSMDP.

In the context of the toy problem, Nodes N1 and N6 are exits and the values on the

edges are travel times between nodes. Each node also has a hardness attribute that will be

addressed in the reward structure discussion. We conjecture that an evacuee, without taking

into account willingness to comply, the uncertainty associated with guiding young children,

etc. can successfully stay in their current node or move to another node with probability

1.00 unless there is an interaction with the shooter.

Here interaction is defined as either being in the same node as the shooter or being in his

line of sight defined by the layout geometry, for example, the line of sight for a hallway node

would include all nodes along the length of that hallway, while the line of sight from inside

a room does not extend beyond the room itself. Table 2.2 demonstrates this modification

which in essence changes the meaning of the probability to be the likelihood that the evacuee

will be in the line of sight of the shooter.

Reward Structure

The final initialization of the NHSMDP is the reward structure that determines the benefit

or detriment that goes along with executing a given action from a specified state. Our reward

structure is based upon the hardness of the node and the time to reach the nearest exit from

that node. We consider the hardness of the node as a metric of how much protection the

node can offer against a potential shooting, i.e. an open hallway node has a hardness score of

Table 2.2: Probability of Harm by Shooter at time=t.

Time in
Seconds

0 1 2 3 4 5 6 7

N1 0.00 0.00 0.00 0.00 0.25 0.13 0.09 0.11
N2 1.00 0.25 0.31 0.33 0.25 0.13 0.13 0.14
N3 0.00 0.00 0.00 0.00 0.00 0.06 0.09 0.06
N4 1.00 0.25 0.31 0.33 0.25 0.22 0.22 0.31
N5 0.00 0.25 0.31 0.25 0.19 0.22 0.15 0.12
N6 1.00 0.25 0.31 0.33 0.25 0.19 0.22 0.31
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0 whereas a corner room with no windows will have a higher hardness score. An exit would

have the largest hardness score since it provides the chance to escape away from the building.

In a practical implementation, the hardness would be based upon the type of door, presence

of windows, and the perceived building materials used in the construction of the room. The

times to the nearest exit for each node were calculated based upon Dijkstra’s shortest path

algorithm [18] using travel time as the weight. Incorporation of this distance-from-exit metric

in the reward incentivizes the algorithm to prioritize routes that lead towards one of the exits

rather than move the evacuees deeper into the building in search of safer rooms. The reward

equation follows:

R(N e
S , N

e
T ) =



α× h(NT )−h(NS)
hmax−hmin

+(1− α)× τ(NS)−τ(NT )
τmax−τmin

10 if action leads to an exit

-10 if action results in an interaction

where hS and hT represent the hardness of the source and target nodes respectively,

while τ represents the shortest time to reach the nearest exit. α is a tunable factor that can

be engineered to more heavily weigh either the hardness metric or the distance-from-exit

metric in the reward function. A small parameter sensitivity study was performed to find

an optimal value of α = 0.75.

The overarching idea behind this reward function design is that if the evacuee moves

from a “softer” node to a “harder” one, they gain a positive reward by virtue of moving

to a safer node and vice-versa. The opposite is true of the time to exit for each node. An

action that leads to an exit receives a reward of 10 and an action that leads to an encounter

with the shooter receives a reward of −10. The rewards for reaching an exit node or the

shooter-occupied node are constant and each represent a terminal state.

Value Iteration

With the framework of our problem set, we determined the optimal actions in each state

using value iteration [89]. For each location of the shooter, the finite horizon optimization
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problem was over the defined NHSMDP. The values for the states are calculated according

to the equation

V Ns(N e
S , t) =maxaP (N e

S , N
e
T )×R(N e

S , N
e
T )+

P (N e
S , N

e
T )× (γV (N e

T , t+ τ(S → T )))

where Ns is the current known node of the shooter, N e
S is the current (Source) node of the

evacuee, N e
T is the destination node, P (N e

S , N
e
T ) is the probability of the evacuee reaching the

target node at time t+ τ(S → T ) starting from the source node at time t, where τ(S → T )

is the travel time between the source and target nodes. R(N e
S , N

e
T ) is the reward for moving

from source to target, γ is the discount factor (0.75 in our case). The expected reward for

every action for every state is compared to the current value of the state. If it is better,

the value is updated. If it is not better, the value remains the same and the algorithm

moves onto the next action. This process is iterated through each state-action pair until

the largest change is smaller than ϵ = 0.0001 or a maximum number of iterations (1000 in

our case) is reached. Once the value iteration has converged, the value iteration process is

iterated through one more time to record the optimal action in each state. The optimal

action becomes the routing path determined by the current state of shooter node, evacuee

node, and current time. An example routing plan for an evacuee located in N5 when the

shooter is located in N4 would be (N5, N5, N5, N5, N5, N5, N4, N6). This plan demonstrates

how the evacuee should wait in N5 for 6 cycles that is 60 seconds before moving to N4.

This process is completed for each of the possible starting shooter locations. The result is a

look-up table with an entry for every combination of shooter position, evacuee position, and

time elapsed that will direct the evacuees to safety in the simulation environment.
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2.4.2 A Broader Perspective on the Choice of NHSMDP as a

Modeling Framework

Due to the specific nature of the challenges related to an active shooter scenario, two

aspects of the optimization objective made it uniquely different from most methods found

in evacuation and egress literature:

1 A complex mobile threat that is dangerous within a certain vicinity of the shooter and

consequently is transient; and

2 The need to maintain the ability of an evacuee to wait, hide, and proceed with

evacuation.

An optimization structure built around NHSMDP addresses both of these challenges. From

a language theoretic point of view, a semi-Markov chain and a deterministic finite automata

(DFA) are identical, which can be informally argued as follows: Let the list of each node

visited by the evacuee be expressed as a string w and the collection of all such possible

strings denoted by the language L = {w}. The string w can always be broken into three

strings w = xyz; such that, xykz ∀k ≥ 0 is also in L. The k repetitions of y here implies

that the evacuee stay hidden in Node y for k decision epochs. This is the basis of the

Pumping Lemma [35] that proves that L is a regular language and hence can be expressed

by a deterministic finite state automata. It is crucial to note that this is only valid as long as

there is no restriction on the number of epochs an evacuee can stay in one node. If additional

restrictions are applied on the path taken, in some cases, the language L might cease to be

a regular language and the NHSMDP formulation would not be appropriate.

Moreover, since we are not merely interested in expressing possible routes, but maximize

the probabilistic reward, we have to account for the change in probability as a cascading

function of the shooter’s movement in time. The simple act of quantifying the product space

of time and nodes as the state space of our NHSMDP (Se = {N e× t}) gives the formulation

sufficient expressive power to allow estimation of cumulative gains from waiting in the same

node for multiple epochs and then venturing out towards safety. For example, in Figure 2.1,

given a state tuple of S=(N e
4 ,N

s
1 ,0), our algorithm would guide the evacuee to N e

5 as moving
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to the exit keeps them in the shooter’s line of sight for longer. If the shooter then moves to

N s
3 , our evacuee could then potentially make their move to the exit. Most routing research

currently identifies shortest or fastest routes, not necessarily the safest.

The nature of the problem along with the short duration which makes it feasible to

work with a time expanded state space creates an unique opportunity to use a model based

optimization. In comparison to other potential methods in machine learning such as Deep

Reinforcement Learning, this provides a logical explainable methodology with guaranteed

optimization results.

2.5 Experimental Design

2.5.1 Simulation Environment

In order to evaluate the performance of our algorithm, we used the package ”Simpy” [73], a

process-based, discrete event simulation framework within Python, to create an environment

where a shooter could act within a building environment and allow multiple evacuees to

respond according to the routing produced by the routing algorithm.

Once the simulation was completed, performance metrics such as number of casualties,

escapes, the amount of time spent within the shooter’s line of sight, and the number of times

an evacuee’s routing plan was changed, were recorded. The time in the shooter’s line of sight

was evaluated by comparing each evacuee’s current position to the shooter’s position with

respect to the specific layout of the building at every point of simulation time.

The deterministic metric for casualties was an extension of the line-of-sight evaluation.

An evacuee was considered to be a casualty if the evacuee’s node at any time was less than

4 edges away (based on Djakstra’s shortest path algorithm) from the shooter’s node while

being in the shooter’s node’s line of sight. The length of 4 is based upon the generalized

accuracy and lethality of a hand gun according to law enforcement professionals. An evacuee

who reaches an exit node before being caught by the shooter was considered to have escaped.

Each of these metrics was collected for every second of time up to the 300 second threshold

or until every evacuee had either escaped or been caught.
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2.5.2 Shooter Actions

The actions of the shooter were partially predetermined and randomized based upon the

layout of the simulated building. At the beginning of the simulation, the shooter was

initialized, which means the shooter spawned in a predetermined node with an attribute

of a target node (both the spawn node and the target node are set by the parameters of the

simulation and will be discussed later). Upon spawning, the shooter was programmed to

determine the shortest path to its target node and to begin moving along that path (since

most active shooter events are pre-planned, it is likely the shooter would know the fastest

way to get to the desired location) [75]. Whenever the shooter reached the first way-point

node along his route, it was removed from the planned path. This continued until the shooter

reached the target node. Upon reaching the target node, the shooter was programmed to

stay in the node for 5 seconds, after which, a new target node was randomly selected from

the remaining unvisited rooms in the building, with closer rooms having a higher probability

of being selected, and the shooter would begin moving in that direction. This process of

the shooter randomly moving from node to node continued until either all evacuees had

escaped/died or the 300 second threshold had been reached.

2.5.3 Evacuee Actions

The actions of the evacuees are based on the optimum route determined based upon their

location with respect to the shooter’s. For the purposes of determining the efficacy of the

algorithm without considerations for compliance or other human-factors, we assumed that

the evacuees would all perform the routing instructions without hesitation. In the same

fashion as the shooter, the evacuees would be provided a complete path to an exit. That

path may require the evacuee to start moving immediately, hold in a room for one or multiple

decision cycles before moving, based upon the proximity of the shooter. Also, like the shooter,

the evacuees do not make new decisions during the travel to the target node. Upon reaching

the next node, the evacuee compares their current position to that of the shooter and either

continues on the previous planned route, or changes the route because the state of the system

has changed.
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2.5.4 ”Naturalistic Response”

We are going to refer to a set of simple rules that encode the egress logic behind the ”run-hide-

fight protocol” as the Naturalistic Response (NR) and use NR as the basis for comparison

with the performance of the optimized routing algorithm. For a fair comparison, the NR

algorithm would use the exact same information about the shooter’s position as well as

knowledge of the building layout and the ability to determine the shortest paths to all exits.

The NR algorithm can be described as a set of rules as follows:

• At every decision update point, if an evacuee is in a hallway, he/she will either start

running toward an exit or towards the nearest room based upon the proximity of the

shooter.

• If the evacuee is in a room and if the shooter is within a certain proximity threshold

path length of the evacuee’s node, they will hide in the room.

• When the shooter is farther away than the threshold path length, the evacuee will

begin moving toward the nearest exit.

For our simulation, we examined and compared the casualties and LOS times by varying

the proximity thresholds from 1 to 8, named NR1, NR2, etc. for ease of reference. For

example, for plan NR8, an evacuee will hide in a room as long as the shooter is within a

path length of 8 nodes and begin moving as soon as the shooter is farther away.

2.5.5 Graph Environments

We simulated the evacuation procedures in two different buildings: a single-level, three-wing

school (Fig. 2.3a) and a two-level hospital (Fig. 2.3b). The algorithm, because of its reliance

on the estimation of probabilities of evacuees encountering the shooter, needs to know some

layout specific parameters, such as the distance between nodes, relative safety of nodes which

we call hardness, and the line of sight from a given node along with the travel time between

nodes. To get a realistic estimate of travel times between nodes, in the absence of real data,

we used simulations created in Unity and Unreal Engine to determine the time to go from one

node to another. Because these gaming engines utilize physics-based models of movement -
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(a) Single-Level School Layout (b) Two-Level Hospital Layout

Figure 2.3: Two Different Graphical Layouts for Simulation Comparison

walking, running, and even model physical conflicts caused by obstructions, proximity and

bottlenecks, we believe that the simulated travel times are reasonable estimates of actual

movements. We performed simulations between each node pair and averaged travel time

over 10 iterations.

The safety of a node, or hardness, was a subjective value that is more meaningful in

the context of real-world implementation. For the purpose of our algorithm, all nodes in

hallways or stairways were determined to have a hardness of 0 which implied that these

spaces offered no protection whether from cover or concealment. An exit was determined to

have the highest hardness as it is projected as offering the most safety in the form of escape.

For out two graphs, both exits were given hardness values of 8 with interior rooms given

hardness values in between the minimum and the maximum. The values for the rooms were

subjective, but meant to reflect the level of relative protection offered, such as, a room with

a single entrance and a windowless metal door that can be barricaded had a higher value

than a room with multiple entrances and windows in the door. Further, in order to ensure

the subjectivity of the values didn’t overly affect the routing decisions, the reward function

normalized the values on a scale of 0-1 as discussed in section III.A.4. The line-of-sight array

was simply a list if nodes that could be seen from a given node and was manually determined

based upon the graph network and building layout.

We experimented with the movement speed of the evacuees relative to the speed of the

shooter. We simulated different types of evacuees by allowing the evacuees to move at 50%
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(young children), 75% (middle school to high school), and 100% (college and adult) of the

shooters speed. We also experimented with the distribution of the evacuees: either the

evacuees were uniformly distributed only in the rooms, or they occupied both rooms and

hallways. The final parameter we examined, which was common to both buildings, was the

rate at which the evacuees were updated about the shooter’s position. The position updates

based upon time were tested at values of 30, 20, 10, and 1 second intervals with the 1 second

update interval simulating full and continuous knowledge of the shooter’s location.

The single-level school can be seen in Figure 2.3a. The hallways are indicated by nodes

1 through 18, the rooms are indicated by nodes 19 to 50, N51 is the cafeteria, and the exits

are indicated by nodes 52, 53, 54, 55. The two-level hospital can also be seen in the Figure

2.3b. Similarly to the school, nodes 1 through 31 are the hallways, nodes 32 through 70

are the rooms, nodes 71 through 77 are the stairways, and nodes 78 through 82 are the

exits. The remaining parameters, which contained multiple values and were distinct and

specific to the school and hospital, were the spawn locations of the shooter, the shooter’s

initial target room, and camera locations. For the sake of clarity, the details of each of

these parameters, will be discussed in more detail in the results section. The shooter’s initial

target rooms (N26, N36, N48, and N51 in the school and N37, N41, N46, N52, N61, and

N69 in the hospital) were identified to ensure that the shooter was moving throughout the

entire building and providing a variety of situations in which the evacuees would have to

react. Accounting for all of the parameter combinations, the school and hospital were used

to examine 3,456 and 9,028 different cases respectively.

2.6 Results

2.6.1 Overall Performance

The optimized routing algorithm was compared to each of the Naturalistic Response plans

(corresponding to the different proximity thresholds ranging from a path-length of 1 up to 8)

on both the single-level school and the two-level hospital layouts. The two graphs depicting
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all of the simulation results combined for the school and the hospital are in Figures 2.4a and

2.4b.

The horizontal axes in these graphs are the number of casualties and the vertical axes

are the time spent within the shooter’s line of sight. As the legend in the figure suggests,

the NR algorithms are parameterized by the proximity threshold and are grouped because

they either performed exactly the same or with negligible difference. These graphs show

the average of 50 runs in each of the 3, 456 scenarios in the school and 9, 028 scenarios in

the hospital based on the combination of factors discussed earlier. The density histograms

show that the concentration of the optimized algorithm’s performance is significantly closer

to 0 casualties as well as minimum time spent in the shooter’s line-of-sight while the NR

algorithms tend to be much more spread along the respective axes towards higher casualties

and higher exposure to danger.

The school, which is much less complex architecturally than the hospital, shows a very

clear advantage to the optimized performance in the sense that both casualties and LOS time
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(a) School Simulation Results:
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(b) Hospital Simulation Results:

Figure 2.4: Overall Simulation Results for School and Hospital: Each dot is color coded
to represent the optimized algorithm and the naturalistic logic. The optimized routing
algorithm data in each of the histograms are densely scattered around 0 casualties and 0
seconds spent in line of sight of the shooter. The distributions for casualties and LOS are
separately seen along the two axes
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are minimized. The more complex hospital demonstrates a more interesting phenomenon

in the sense that even though casualty is minimized for our optimized plan, it does lead

to isolated cases of evacuees getting long exposure in the line of site of the shooter. This

discrepancy actually highlights the power of the optimized algorithm since it can distinguish

between the fact that spending more time far away from the shooter even though in the

line of sight can provide viable escape paths with low chance of death and actually urges

the evacuees to utilize these paths. In real life, such fine tuned escapes may not be possible

due to the uncertainty and delay in execution of the proposed plan, but this exercise does

provide a successful algorithmic baseline which may be fine tuned based on human factor

considerations.

While these graphs give a general idea the of performance, more quantitative measures

can be observed from Table 2.3 which categorizes the tested simulated conditions to

demonstrate different performance levels based upon the particular common parameter

conditions present. For each set of conditions, the simulation was run 50 times for each

of the 9 algorithms - (optimized and NR1 through NR8) The values reported in the table

are the averages of the 50 runs. In this table, for clarity we only compared the performance of

the optimized algorithm to the best performing of the eight NR algorithms in each parameter

scenario.

Table 2.3 summarizes the results - the optimized algorithm outperformed the best NR

algorithm in each of the parameter scenarios in both the school and the hospital. Across all

combinations of parameters, following the optimized algorithm resulted in 56% fewer deaths

and 52% less time spent in the shooter’s line of sight in aggregate. The averaging over

50 iterations with randomly varying movement pattern for the shooter enforces robustness

of the results produced. Moreover, since the random generator is seeded identically, the

exact same (random) conditions are tested for all the algorithms, thus guaranteeing the

consistency across the tests. Going beyond the gross statistics, we also examined our

algorithm’s performance individually across the different scenarios.
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Table 2.3: Tabular Simulation Results Optimized VS the best NR responses: This table
shows a pairwise comparison of the optimized algorithm with the best performing NR for
each combination of parameters for both the school and hospital assets. The ASTERS
routing algorithm outperforms the best NR in each and every parameter combination

across both assets in both casualties and time spent in line of sight.

Shooter
Spawn

Evacuee
Distribution

Evacuee
Speed

Hospital School
ASTERS Best NR ASTERS Best NR

Casualty LoS Casualty LoS Casualty LoS Casualty LoS

Exit

Rooms
0.5 2.7 20.8 5.6 34.2 0.7 4.2 2.6 18.4
0.75 1.7 16.2 5.4 33.7 0.3 2.8 2.9 17.7
1.0 0.6 11.8 5.7 34.0 0.3 1.3 3.0 18.1

Rooms
and
Halls

0.5 4.4 35.6 8.8 53.2 1.0 10.1 4.4 28.8
0.75 2.6 35.6 8.8 53.2 1.0 10.1 4.4 28.8
1.0 1.1 18.6 8.1 52.1 0.6 5.8 5.1 28.3

Hall

Rooms
0.5 2.7 20.6 5.0 33.9 1.0 3.8 1.5 14.5
0.75 1.1 15.7 5.0 35.7 0.7 1.9 1.3 15.5
1.0 0.8 11.3 4.5 35.7 0.4 1.4 1.0 14.5

Rooms
and
Halls

0.5 5.7 39.1 8.6 58.8 2.6 12.2 3.4 25.6
0.75 3.0 30.1 7.9 61.0 1.9 9.4 3.2 27.3
1.0 2.3 22.5 7.7 60.4 1.6 8.0 2.6 26.2

Room

Rooms
0.5 3.9 21.9 6.3 33.7 2.0 5.9 2.5 18.9
0.75 2.2 16.0 5.8 34.1 1.3 2.2 3.1 15.8
1.0 1.9 10.8 4.8 34.4 1.2 1.5 2.7 16.0

Rooms
and
Halls

0.5 6.3 37.9 9.6 52.1 2.6 8.8 3.3 25.5
0.75 3.7 27.9 8.3 53.0 1.4 3.4 4.3 21.1
1.0 3.0 21.3 7.0 52.8 1.3 2.3 3.7 21.3

Stair

Rooms
0.5 3.8 30.0 5.1 38.5
0.75 2.8 28.1 4.4 36.3
1.0 2.6 24.8 4.3 36.4

Rooms
and
Halls

0.5 5.3 44.7 8.0 58.6
0.75 3.6 36.8 7.0 55.6
1.0 3.2 33.9 6.4 55.7
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2.6.2 Shooter’s Start Location

The location where the shooter was first spotted played an interesting role in the effectiveness

of the algorithms’ ability to route individuals to safety. There were nine shooter start

locations for the school to provide a variety of situations for the evacuees to respond to.

For the simulation, we assumed the spawning of the shooter to be initialization of the active

shooter event. The school shooter spawned in three hallway nodes (3, 6, and 16), two room

nodes (26 and 48), the cafeteria (51), and three of the four exits (52, 53, and 54). The

hospital shooter spawned in six hallway nodes (2, 9, 15, 18, 21, 25, and 30), six room nodes

(37, 41, 46, 52, 61, and 69), three stairway nodes (72, 74, and 77), and all of the exits (78,

79, 80, 81, and 82). These spawn locations for both the school and hospital were identified

to ensure a variety of situations were examined.

As it can be seen in Figures 2.5c and 2.5d, the time in line of sight stays fairly constant

across the board regardless of where the shooter spawns. An encouraging result of the

simulation is the number of deaths in both buildings is decreased by at least 25% when the

shooter spawns in an exit node (this means the shooter is identified before they enter the

building). The shooter spawning in Hall and Room were far more deadly for the evacuees, but

not significantly different from each other. The hospital, in particular, showed similar trends

based upon the shooter spawn locations, however, since it is a more complex building with

longer hallways and sight-lines, multiple floors, and more nodes, the contrast in performance

based upon the spawn locations was not as evident.

What does this physically mean in the real world? When we are able to identify a shooter

before they enter the building, we are more often able to direct evacuees to safety. However,

when the shooter cannot be identified until they are in a room or hall, the deaths that

occurred were always greater than or equal to 1 indicating that it may be too late to save

everyone if the shooter is already in the building. When planning for security purposes, it

may be necessary to apply more resources to the visual and physical identification of the

shooter before they enter a building. These resources could take the form of a school resource

officer, metal detector, or, as we are assuming for the purpose of this paper, computer vision

assisted cameras.
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Figure 2.5: Overall The violin plots for casualties and time spent in line of sight
distinguished by Shooter Spawn Location: a) Spawning the shooter inside rooms in the
hospital incur increased casualties as a number of evacuees immediately get caught by the
shooter. Stair spawns allow the shooter to move to either floor making evacuation decisions
difficult; both result in higher mean casualties across all runs, b) the simpler school asset
presents fewer layout challenges, but the hallway spawns incurred a higher mean casualty
rate as well as more occurrences of higher casualties, c) the stairways in the hospital provide a
significant disadvantage due the uncertainty of which floor the shooter will be on increasing
the mean and upper bounds of the time spent in line of sight, and d) again, the simpler
layout of the school did not demonstrate significant differences in the time spent in line of
sight which really highlights the affect the stairways had.
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2.6.3 Evacuee Distribution Effects

For both the school and the hospital, we tested two evacuee distributions: uniformly

distributed only in the rooms and in both rooms and halls. As discussed earlier, the

distributions had different meanings for each of the building layouts, but, in essence, are

the same in the way they are implemented. Both the optimized algorithm and the best

NR performed better when only the rooms were occupied at event initiation as seen in

Figures 2.6a and 2.6b resulting in a 40% reduction in casualties across both buildings for

the optimized plan and 43% reduction for the best NR. Evacuees present in both rooms and

halls led to increased deaths in both buildings and also resulted in the some of the worst

performances for the optimized algorithm among all the parameter combinations.

Thinking of this from a policy perspective, it is of course not practical to prevent people

from using hallways in order to deter a shooter in one of these situations. That being said,

there are potentially directives that can at least reduce the number of people in hallways

and therefore increase their ability to maximize safety. An interesting idea was used on

several college campuses during the 2020-2021 academic year to try and socially distance

their students as much as possible. These universities staggered class times throughout the

day in order to prevent the mass movement of students through hallways and walkways

when all classes begin and end at the same time. By staggering the class ending times, they

managed to reduce the number of people moving around on campus at any given point. A

similar structure could work inside of a building as well to reduce the number of people in

a hallway and at the same time avoiding the significantly slower moving times that occur

when every class ends at the same time.
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Figure 2.6: Violin plots for casualties and time spent in line of sight for both the hospital
and school partitioned by the distribution of the evacuees. While the shape distributions
of the hospital and school casualties are different, they each share the common aspect that
evacuees distributed in the rooms only at the start of an active shooter incident incurred
fewer mean casualties and lower ceilings of maximum casualties. Similar trend was observed
for the LOS as well.
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2.6.4 Evacuee Speed

The movement speed of the evacuees, both in the real world and the simulation, plays an

enormous role in the performance the algorithm. There are vast differences between the

movement speed of an adult and that of a group of young children. Further, there is a

difference in the movement speed of someone who is calm, in no hurry, and someone is

frantic in a dangerous situation. The simulation allowed the evacuees to homogeneously

have different movement speed, meaning that all of the evacuees had the same speed, but

it changed in conjunction with specific parameter combinations. The speeds the evacuees

were able to move at were related to the speed of the shooter. A movement speed of 0.75

indicated that they moved at 75% of the shooter’s speed.

The algorithm used the same speed as the shooter as a planning factor for the evacuees

routing. So, evacuees with less speed than the shooter still used the routing meant for faster

evacuees. The results of these speed differences can be seen in Figure 2.7. The deaths

and time in line of sight can be seen in the violin plots, further broken down by evacuee

distribution and building type. As it can be seen in the graphs, in each of the different

scenarios between the hospital, school, and evacuee distributions, as the evacuees’ speed

increased, the amount of time they spent in the shooter’s line-of-sight decreased making

their ability to stay safe easier. The downward trend was the same for deaths in each of the

scenarios as well. The difference in deaths and time in line of sight between the fastest and

slowest movement speeds was 53% and 41% respectively, which is a significant difference.

Looking forward, taking the speed of an evacuee into account and developing a plan specific

to each group can only provide better results in the future.
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Figure 2.7: Violin plots for casualties and time spent in line of sight for both the hospital
and school partitioned by the evacuees’ movement speed and also by evacuee distribution.
There are two common themes in every chart: 1) the slower the evacuees’ speed was, the
larger the mean casualties and mean time spent in line of sight and 2) considering each violin
as a pairwise comparison within each evacuee speed, the room only distribution has fewer
mean casualties and spends less time in line of sight in every pairing.
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2.6.5 Cameras and Position Updates

As discussed earlier, this algorithm is assumed to complement a camera-based shooter-

identification and tracking system. It is quite evident that the algorithm’s effectiveness

in providing optimal and timely guidance to the evacuees will depend on the frequency and

quality of the updates it receives from the monitoring system. In order to investigate the

routing algorithm’s dependence on the performance of the camera network, we next look

at a related problem - if resources are limited, and full coverage of the entire building with

a dense network of cameras is not possible, what would be the optimal locations to place

cameras so that the performance of the routing algorithm is still maximally preserved.

To solve the camera placement problem, we used the characteristics of the graph networks

which were derived from the floor plans of the building we were instrumenting. The goal

was to logically add the cameras to the model without redundant line of sight. We used the

network adjacency matrix and calculated the betweeness centrality, a measure of how many

shortest paths the node appears in, of every node. The choice of the betweeness centrality

as the metric for camera placement is related to the underlying unbiased movement model

adopted for the shooter’s random walk. Such random walk would result in an eventual steady

state probability distribution of the shooter’s possible locations over the nodes of the graph.

This distribution again is related to the “connectivity” of a node, i.e. the more number of

ways a node is accessible, the large is the chance of the shooter to pass through that node.

This in turn makes it a logical choice for placing a camera.

Once the betweeness centrality is calculated for the entire building graph, we then rank-

ordered the nodes from greatest to least betweeness centrality measure and reduced the list

by removing all of the nodes that had a measure of 0, meaning that the shortest paths they

appeared in were the ones either beginning or ending with themselves. We then iteratively

added a camera to the node with the largest betweeness centrality and then removed any

node from the ordered list that was in the added camera’s line of sight until the list was

empty. Each of the camera locations for the school and hospital will be covered in the

following sections.
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Camera Performance for School

Using the methods previously discussed, we established four possible locations for the

cameras in the school: Nodes N6, N8, N14, and N51, in that order. For each set of parameters,

a camera was added iteratively and run 50 times. The results of iteratively adding

the cameras into the simulation demonstrate the increasing effectiveness of the optimized

algorithm as the amount of information on the shooter’s position increases. Figures 2.8a

and 2.8b show the output from these runs. The average deaths, broken down by evacuee

speed, show the decrease in the deaths as the number of cameras in the simulation increase.

On a side note, it also demonstrates the effect the difference in evacuee speeds has on the

performance as well. The other figure shows the Earth Mover’s Distance (EMD) for the

distributions of casualties with addition of cameras. EMD is a distance measurement that

quantifies how different two distributions are with values close to 0 being extremely similar

and larger values being more dissimilar. As it can be seen, there is a significant difference

between one and two cameras, a little less than half of the difference between two and three

cameras, and almost no difference adding the fourth camera. Both the average deaths and

the EMD mirror the same conclusions: performance continues to improve as cameras are

added to the simulation providing more and more regular updates to the shooter’s position.

However, when having to take into account possible budgetary concerns for schools, the

fourth camera in Node 51, the cafeteria, does not provide a significant jump in performance

and could be potentially removed in the name of cost savings.

Camera Performance for Hospital

The hospital, due to its more complex structure and quantity of nodes, had nine cameras

in the following locations: Nodes N22, N6, N13, N76, N28, N71, N73, N62, and N50, in

that order. The performance for the algorithms as the cameras are added iteratively can be

seen in Figures 2.8c and 2.8d. The average casualties in the hospital steadily drop as the

cameras are added providing the additional information on the shooter’s position. Again,

it also demonstrates the vast difference that evacuee speed plays in the performance of the

algorithm. Deaths significantly drop when adding the second camera and then steadily
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Figure 2.8: Affect of cameras in the school and hospital building layouts: a: The average
casualties decrease as more cameras are added to the schools hallways indicating that
increased awareness of the shooter’s location provides increased safety protocols for the
evacuees. b: The earth mover’s distance (EMD) shows the amount of change when increasing
the number of cameras, thus the large decrease in average casualties when increasing cameras
from one to two, but much smaller decreases when increasing cameras from there. c: The
average casualties steadily declines as more cameras are introduced, and potentially hitting
a saturation point where more cameras provide negligible benefit at 7 cameras. d: while the
EMD from one to two cameras is large, the addition of cameras after the second shows a
little benefit, but not as drastic as one to two, which is explained by the two floor layout of
the hospital and increasing to two cameras puts one on each floor. Beyond the 7th camera,
the effect of adding additional cameras almost falls to 0
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decline when adding cameras 3, 4, 5, and 6. However, much like with camera 4 in the school,

adding additional cameras provides significantly less benefit past camera 6 (diminishing

returns). The EMD for the hospital camera distributions demonstrates the same trend with

a big difference between one and two cameras, and very little difference in the changes

between cameras three and six. The additional cameras past six again show very little

difference in the distributions and hence very little benefit to the performance.

2.7 Conclusion and Future Work

In this work we have shown that the route planning in the event of an active shooter situation

can be achieved using a naive NHSMDP approach. The reward structure that balances the

benefit of being in a safer location against the benefit of moving closer to an exit while taking

into account the location of the shooter allows the optimized routing algorithm to identify

when it is safer to wait in a room or begin moving to an exit which is unique across all the

other route planning algorithms. Across all combinations of parameters that we examined,

the optimized routing algorithm outperformed the Natural Response plans by 56% fewer

casualties and 52% less time spent in the shooter’s line of sight in aggregate.

It is evident that the process of egress and optimization represented here is an abstraction

of the true situation. Even within the bounds of our simplifying assumptions, there are

several improvements that will potentially make this method a practical viable safety tool.

Some of the current limitations of this work comes from lack of

• consideration of psychology, human factors and heterogeneity among the evacuating

group,

• consideration of capacity and bottle-necking at doors and corridors, and

• ethical considerations

The most important limitation of this study is in the treatment of the evacuees as a

perfectly compliant, logical, efficient homogeneous group of people. Obviously, none of these

attributes are true in general, and especially for people under stress. Literature shows that
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human factors, such as social pressure, leader follower, route familiarity and influence from

trusted sources all play significant parts in the evacuees’ choices and behavior [88, 87, 41].

Knowing the stress and danger involved in an active shooter situation, we want to further

develop the algorithm to account for hesitancy, or even refusal, of the evacuees to obey the

routing plans. Multiple factors will play into that work to include fear of the danger posed,

trust/mistrust of a computer directed routing plan, etc. Heterogeneous populations with

different abilities and capabilities will need to be accounted for to increase the applicability

of the algorithm across multiple scenarios and complexities. Routing people of different ages

and capacities, modeled as different speeds and instruction following accuracy, at the same

time with different speed optimized routes will provide better feedback on how we can best

assist schools with widely varying ages in these situations.

The capacity of a node or an edge is also an extremely important factor, especially for

larger buildings like schools, office buildings, hospitals, etc. where a large number of people

may spill into a hallway at the same time causing congestion. The algorithm should be able

to account for that situation, develop plans for everyone in the building based upon available

capacity, and direct some evacuees to hide in their current node for a period of time in order

to prevent bottle-necking in the hallways and exits, where people are most vulnerable due

to crowding and lack of cover.

In its current abstracted form, the merit of this work is in its effectiveness in developing

an algorithm that successfully guides evacuees to safety in response to a mobile threat.

Building upon this framework, the algorithm will be augmented in the future with more

realistic considerations. However, one of the most difficult challenges in the realization of

such algorithmic solutions is not technical, but ethical. We realized that significant moral

dilemmas will need to be overcome when prioritizing evacuation routes of some groups over

others, when capacity constraints demand such coordination. The amount of tolerable risk

posed by the shooter and balancing that with the chance of escaping needs to be carefully

considered. Taking into account these issues will continue to improve our performance as

well as add realistic dimensions to the routing plan. However, similar to the famous trolley

problem, the ability to make such nuanced decisions beforehand and codifying them in an

algorithmic logic will no doubt need discussions with experts in various fields of psychology,
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education and planning. It will not be possible to reach fair and equitable algorithmic

solutions without some difficult moral and ethical debates.
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Chapter 3

Multi-Route, Optimized

Capacity-Constrained Evacuation

Routing
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A version of this chapter is currently being submitted to academic journals.

Joseph Lavalle-Rivera, Aniirudh Ramesh, and Subhadeep Chakraborty conceptualized

the study and determined the simulation development and setup. Joseph Lavalle-Rivera

ran all simulations and was primary author of the manuscript. Joseph Lavalle-Rivera,

Aniirudh Ramesh, and Subhadeep Chakraborty determined the appropriate methods to post

process the data for analysis and evaluation. Aniirudh Ramesh and Subhadeep Chakraborty

proofread and edited the final manuscript.

This chapter is identical in content to the version being submitted to journals.

3.1 Abstract

A total of more than 3400 public shootings have occurred in the United States between

2016 and 2022. Among these, 25.1% of them took place in an educational institution,

29.4% at the workplace including office buildings, 19.6% in retail store locations and 13.4%

in restaurants and bars. During these critical scenarios, making the right decisions while

evacuating can make the difference between life and death. However, emergency evacuation

is intensely stressful, which along with the lack of verifiable real-time information may lead

to fatal incorrect decisions. To tackle this problem, we developed a multi-route routing

optimization algorithm that determines multiple optimal safe routes for each evacuee while

accounting for available capacity along the route, thus reducing the threat of crowding and

bottlenecking. Overall, our algorithm reduces the total casualties by 34.16% and 53.3%,

compared to our previous routing algorithm without capacity constraints and an expert

advised routing strategy respectively. Further, our approach to reduce crowding resulted in

an approximate 50% reduction in occupancy in key bottlenecking nodes compared to both

of the other evacuation algorithms.

3.2 Introduction

The topic of emergency evacuations boasts a rich literature; Liu et al. [55] provide a

comprehensive review with studies exploring a variety of approaches from agent-based models
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[49, 31] and game theory [95, 93, 77] to statistical physics [87, 40]. Research topics range from

human behavior (including vulnerable populations) effects [2, 20], to modeling, simulation,

optimization and guidance oriented studies [97, 71, 52, 8, 13, 92, 34, 6, 88, 86], and the use

of immersive virtual reality-based experiments to study evacuation decision-making [33].

Capacity-constrained evacuation routing optimization is more complex as it adds a

temporal dimension to the graph environment [3, 59]. Optimization of egress paths in active-

shooter scenarios is an even more complex task, not only due to the NP-hard nature of the

optimization problem, but also because it must account for the dynamic and unpredictable

nature of the threat as well as a multitude of psychological factors involved, such as social

pressure, leader-follower and the “familiar route is a safe route” mentality. Gunn et al [30]

is one of the very few works specifically on active-shooter evacuation where they divided

evacuees into groups and used dynamic stochastic programming to find optimal routes for

these groups. However, their work did not consider either the dynamic shooter movement,

nor the capacity-constraint of the network. Lu et al. [63] explored fast quasi-optimal

capacity-constrained routing solutions by modeling capacity as a time series and used a

heuristic algorithm called Multi-Route Capacity Constrained Planner (MRCCP). However,

they did not consider the threat to be dynamic.

The active-shooter evacuation scenario presents different challenges that most other

evacuations do not. Most evacuations require the evacuees to exit the area as quickly as

possible, while an active shooter evacuation may require the evacuees to choose between

hiding in relative safety or evacuating to an exit.

Our previous work [47] focused on establishing the viability of using Reinforcement

Learning for routing optimization in active shooter scenarios. In that work, we showed

that the optimized egress routes resulted in 56% fewer casualties in a multi-parameter study.

However, that study was focused on low occupancy cases that did not consider overcrowding

and bottle-necking issues.

In this work, we have developed a novel algorithm that computes and ranks multiple

routes, accounts for the maximum and available capacities within rooms, hallways, and

through doorways, and allows evacuees to avoid being in the shooter’s line of sight by

hiding or evading the shooter in order to maximize safety to address the issues of capacity
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constraints. We developed a discrete-event simulation using two topologically different

building layouts to evaluate the effectiveness of our capacitated algorithm and compare

it with other algorithms. Further, we have identified a method of ordering the routes that

reduces the crowding and bottle-necking likelihood throughout the duration of an active

shooter event.

For the remainder of this paper, we summarize the current literature and other works in

section II, describe the specifics of our methodology in section III, discuss the experimental

design, the simulation environment, and the different algorithms we evaluated in section

IV, discuss and compare the results from our simulations in section V, and, finally, identify

future plans to improve the algorithm in section VI.

3.3 Literature Survey

Capacitated transportation networks have been a robust area of research within many dif-

ferent academic communities like operations research, supply chain optimization, theoretical

computer science, etc. The approaches to solve these complex models are vast and varied

within the current literature. The reasons that motivate planned and optimized movement

are also varied, ranging from decreasing delays in general traffic flow to quick evacuation

during natural disasters. Most of these events require potentially different approaches to

satisfy domain-specific requirements. For example, modeling and optimizing the throughput

across a capacitated transportation network to improve traffic flow can necessitate a very

different approach to that of an emergency caused by a natural disaster.

Emergency evacuations inside built environments are an interesting example of the

capacitated transportation networks formulation. A specific application within this subset

is the evacuation during active shooter events. Despite the large quantity of prior work in

egress literature, a few key components of an active shooter evacuation makes it distinct

from others - for one, the threat or danger in this situation is very mobile and moves in real

time through the graph, which, along with the typical short duration of these events, may

make it safer for evacuees to temporarily shelter in place or hide instead of trying to exit.
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Moreover, the danger posed by an active shooter is often spread within his line of sight and

not solely around his physical proximity based upon the weapon in use.

Hong et al. modeled the evacuation of a building as a Multi-Objective Dynamic

Route Network Planning (MODRNP) problem [34]. Their approach uses iterative partition

strategies to progressively identify shortest paths using Dijkstra’s algorithm from the multiple

sources to the multiple sinks. Li et al. use two methods, a maximum flow model (MFM) and

a minimum cost maximum flow model (MC-MFM), to identify evacuation paths from a single

source to either a single sink or multiple sinks[51]. Their results show that their models are

practical and feasible, but don’t necessarily avoid danger areas and only look to evacuate as

efficiently as possible. Kaveh Shahabi and John Wilson examined road networks during wild

fire evacuations and used their algorithm, Capacity-Aware Shortest Path Evacuation Router

(CAS-PER), to identify shortest paths based upon available capacity[80]. Their emphasis

was placed on the ability to adjust routes based upon road closures, however, they continued

to identify routes as a static problem with an adjusted graph network. Liu et al. established

routes for building evacuation for multiple sources and multiple sinks by iteratively reserving

capacity along shortest paths until all evacuees had exited[54].

Using centrality measures of a graph to assist in the development of evacuation routes

is an interesting and growing area of interest. Marin Lujak and Stefano Giordani used two

metrics, evacuation betweeness-centrality and evacuation centrality, to identify and present

what they refer to as agile routes[67]. They classify agile routes as ones that are similar in

length, but often also include similar alternate routes from the same source to the same sink

that avoid certain parts of the network viewed as dangerous. In parallel work, Tamakloe

et al. used a vehicle evacuation algorithm based upon a link-based centrality measure to

identify ”agile paths”[90]. They used real traffic data from Seoul, Korea to demonstrate

that their approach using centrality measure outperformed simple shortest path algorithms

during high volume evacuation periods. The characteristic of being able to avoid specific

parts of a network is of interest, however, in an active shooter situation, such danger zones

are dynamic and staying in place may provide better safety.

Another alternate approach is that of iterative path assignment heuristics. Qingsong Lue

and Shashi Shekhar demonstrated that their heuristic, Multiple Route Capacity Constrained
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Planner (MRCCP), could achieve near optimal results by iteratively reserving capacity along

the shortest routes[63]. They primarily tested the planner on smaller networks to ensure

near optimal results. To go a step further, Kim et al. produced another heuristic called the

Intelligent Load Reduction heuristic that scales to larger networks that capacity constrained

planners would struggle with[43]. They are able to improve on computation time compared

to the CCRPs by focusing on bottlenecks within the network and reducing the flow around

them to account for the clogging of edges in the network. Neither of these methods account

for a mobile danger as is the case in our work.

Tsai et al. examined a capacitated vehicle routing problem by comparing the use of

a Deep Neural Network (DNN) based solution and that of a Sweep algorithm[92]. Using

hurricane evacuation data from New Orleans, they hoped to show the DNN provided a

vast improvement in the efficiency of routing when taking into account social distancing

within the emergency vehicles. While efficiency did improve initially, the benefit provided

by the DNN diminished greatly as the capacity of the emergency vehicle approached the

average number of people per household being evacuated. The social distancing requirement

increased the complexity of the routing and evacuation such that the use of smaller vehicles,

which make up the vast majority of emergency transportation, almost completely removed

the improvements of the DNN.

Acknowledging the risk or danger associated with a specific route or series of routes during

evacuations is another aspect of pedestrian emergency evacuations that is well researched

with many different approaches. Liu et al. examined evacuations aboard cruise ships that

took into account route capacity and route safety[59]. Interestingly, they did not avoid riskier

paths, but instead gave evacuees on the riskier paths a higher priority to take the capacity

along their route. The acceptance of route risk and optimization of speed along the route

could potentially be applied to an active shooter situation as there is often a high risk-high

reward case when trying to exit the building. Lee et al. developed a means of evaluating

evacuation actions using AnyLogic models during active shooter events[49]. They were able

to examine the interactions of evacuation time, police response time, shots fired, etc. and

evaluate the effectiveness that behavioral training, new technology, or architectural design

of buildings had on the positive outcomes for the evacuees.
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Arteaga et al. examined and scrutinized the effect that trained evacuation leaders had on

positive evacuee outcomes during active shooter situations[7]. They showed that the presence

of trained evacuation leaders always improved the outcomes for the evacuees, regardless of

the number of leaders present or their distribution. The leader-follower aspect of evacuation

is of extreme interest to our application and believe it may greatly improve our modeling

and planning in the future.

In this paper, we propose a capacity-constrained framework based on Reinforcement

Learning and a network optimization approach. Our approach of considering the active

shooter as a dynamic threat with a dynamically changing risk metric and determining and

distributing multiple evacuation routes that are ranked and allocated based upon danger

metrics is novel and does not exist in the current literature to the best of our knowledge.

3.4 Methodology

In [47], the structure of a Non-Homogeneous Semi-Markov Decision Process (NHSMDP)

was established for optimizing the evacuation of evacuees from one and two floor buildings

in the event of an active shooter situation. This paper established the use of a NHSDMP

structure as a suitable framework for modeling the dynamics and interactions of the shooters

and evacuees[29]. Our previous work focused on the safe routing and movement of the

evacuees throughout the buildings to avoid the threats posed by the shooter. We used a

finite horizon reinforcement learning framework with time-expanded states to identify the

optimal paths for the evacuees to avoid the shooter’s line-of-sight. A wide range of simulation

parameters including distribution of evacuees in the building, their movement speed relative

to the shooter, location of first identification of the shooter, position update methods and

frequencies were tested in which the NHSMDP method resulted in an overall 56% reduction

in casualties across two virtual buildings.

One of the limitations of this work was the absence of capacity constraints along

movement paths. As identified in the literature review above, capacity constraints in

emergency evacuations are important to avoid bottle-necking and crowding. Specifically

in the context of active shooter scenarios, due to the dynamic nature of the active shooter
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threat, any bottle-necking near exits and narrow passageways would expose vulnerable people

to serious harm. To address this important topic, using the same base framework as in [47],

we introduce capacity constraints throughout the graph representations of the buildings on

both nodes and edges. We deploy a Reinforcement Leaning- based algorithm on this graph

that finds the optimal routes for the evacuees with a constraint on the maximum available

route capacity and then iteratively finds the next optimal route until all evacuees have

identified routes for safety.

3.4.1 NHSMDP States

The state in our NHSMDP structure is a three-tuple defined by S = (nodee, nodes, ti) for

0 ≤ i ≤ 300 where nodee and nodes are the locations of the evacuee and the last detected

location of the shooter respectively within the building, represented as a graph. The routes

provided to the evacuees are computed based upon nodee and a probabilistic risk measure

of the likelihood of the evacuee being harmed by being in the shooter’s line of sight, derived

from nodes. Finally, the time at any instant, ti, is the time from the start of an active shooter

event ranging from t0, the start of the event, to t300, the end of an event measured in seconds.

The finite time horizon was capped to 300 seconds based on data from the Mother Jones

active shooter database, which says the majority of active shooter events conclude within 5

minutes[25]. The total number of states depends on the graph environment and the number

of discretized intervals within the 5 minute interval.

We examined the performance of multiple routing algorithms in two separate building

environments that will be discussed in more detail later: an acyclic, single-level school, and

a school building with two parallel hallways and multiple passages connecting them that is

representative of a graph structure containing cycles. In the two environments we simulated,

the Acyclic School had a state space of 907, 500 different states (55 × 55 × 300) and the

Cyclic School had 1, 470, 000 states (70 × 70 × 300). Movement from one state to another

is associated with a sojourn time based upon the distance between the nodes. For instance,

if nodei is 5 seconds away from nodej, then leaving the state-tuple (nodei, nodes, 0) would

result in potentially reaching the state-tuple (nodej, nodes, 5).
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3.4.2 NHSMDP Actions and Transition Probabilities

The possible actions that can be taken by an evacuee is based on the state that they are in

and the available capacity at that time instant. Without considering capacity constraints,

the possible actions in any given node are just the adjacent nodes to the agents current node.

Consider a scenario where an evacuee is in node1 in Figure 3.1. For an evacuee in node1,

the possible actions would be movement to node2, node19, node24, or node52 or they could

choose to stay in their current node, node1.

However, when considering capacity constraints, all of these options may not be available

when choosing an action. For instance, if node1 and node19 are separated by a door, (as

shown in Fig. 4(a)), the throughput is dictated by the flowrate through that door. Studies

have shown that about two people per second and four people per second are the closest

approximations of throughput of a single-door and double door doorway, respectively [15].

In the given state-tuple (node1, nodes, t0), if there are two other evacuees moving through

the doorway represented by edge1−19 at t0, then the available actions for the evacuee at

t0 are reduced down to node1, node2, node24, or node52. As the occupancy of nodes

increases, especially around the exits, crowding and waiting can become a critical factor in

the performance of any evacuation algorithm in such a severe situation. Hence, the challenge

is to design an algorithm that minimizes crowding thereby improving throughput.

The probability to transition from one state-tuple to another is also directly related to

the probability of being within range of the shooter’s weapon during the entirety of the

Figure 3.1: Possible Actions in node1

66



transition and therefore does not remain constant as the shooter moves around the graph

environment. When an evacuee takes an action, there are two possibilities: they reach the

desired state-tuple or they come within range of the shooter’s weapon as shown in Figure

3.2.

The actual probability of encountering the shooter or being within range of his weapon

is dependent upon his last known location and the passage of time. We explain this using

an example seen in Figure 3.3.

Each node in this example has a name, N1 for example, and a hardness, H5, that will

be further explained in Section III C. Each edge has a value that indicates the sojourn time

in between nodes. For this example, let us assume that we know the shooter is in node4

at time t0. Given the sojourn times and the available actions for the shooter, we compute

the probability of the shooter’s location over time as seen in Table 3.1. We know where the

shooter is at t0 and the available actions are movement to node2, node5, or node6 or remain in

node4. Without trying to presume any information about the shooter’s intent, we assume an

unbiased random walk model, i.e. he can go in any direction with equal probability. With

that taken into account, at t1, the shooter has an equal probability of being on edge2−4,

edge4−5, edge4−6, or in node4 if he stayed in place. We also assume that once he has made

a decision, i.e. selected a target node, he does not make a new decision until he reaches his

target. His possible location is propagated throughout the graph and through time as seen

in Table 3.1.

Figure 3.2: Transition Probability for a Given Action ai
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Figure 3.3: Probability Transition Example

Once the shooter’s probability of visiting a specific node at a given time ti is rolled out

over the planning time horizon, a risk metric informed by an estimate of the shooter’s line-

of-sight is calculated. The line of site from each node is pre-computed from the geometric

layout of the building. Experts have suggested that the range of specific weapons that the

shooter is carrying is less important than being in the line of sight of said weapon i.e. the

threat from a rifle accurate out to 200m is the same as the threat from a handgun accurate

out to 25m if the victim is in an enclosed hallway at a distance of 50m. The most important

aspect in such a scenario is the need to stay out of line of sight. We approached this aspect

of harm by smearing the maximum probability of a given node across all the nodes that are

in its line of sight at any give time ti.

As can be seen in Table 3.2, the shooter has line of sight on nodes node2, node4, and node6.

These nodes have the probability of encountering the shooter, physically or within the line

of sight and range of the weapon, smeared up to the greatest value among the nodes that are

currently within his line of sight. The process continues as location probability propagated

through time as above. The harm array in Table 3.2 shows the difference between physically

encountering the shooter as in Table 3.1 and simply being within his range.

3.4.3 NHSMDP Reward Structure

The rewardmax element in the reward function is the large reward received when an evacuee

reaches a terminal state - a positive rewardmax by escaping, or a negative rewardmax by

becoming a casualty due to proximity to the shooter’s location. While the remainder of the

reward function provides those interim rewards to help develop the actions and thus the
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Table 3.1: Probable location of shooter at time=t.

Time in
Seconds

0 1 2 3 4 5 6 7

N1 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
N2 0.00 0.00 0.00 0.00 0.25 0.13 0.05 0.02
N3 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.06
N4 1.00 0.25 0.06 0.02 0.00 0.00 0.13 0.13
N5 0.00 0.00 0.00 0.25 0.19 0.11 0.06 0.03
N6 0.00 0.00 0.00 0.00 0.25 0.19 0.11 0.06
E1→2 0.00 0.00 0.00 0.00 0.00 0.06 0.09 0.11
E2→3 0.00 0.00 0.00 0.00 0.00 0.06 0.09 0.04
E2→4 0.00 0.25 0.31 0.33 0.09 0.09 0.10 0.14
E4→5 0.00 0.25 0.31 0.08 0.15 0.22 0.15 0.12
E4→6 0.00 0.25 0.31 0.33 0.08 0.15 0.22 0.31

Table 3.2: Probability of Harm by Shooter at time=t.

Time in
Seconds

0 1 2 3 4 5 6 7

N1 0.00 0.00 0.00 0.00 0.25 0.13 0.09 0.11
N2 1.00 0.25 0.31 0.33 0.25 0.13 0.13 0.14
N3 0.00 0.00 0.00 0.00 0.00 0.06 0.09 0.06
N4 1.00 0.25 0.31 0.33 0.25 0.22 0.22 0.31
N5 0.00 0.25 0.31 0.25 0.19 0.22 0.15 0.12
N6 1.00 0.25 0.31 0.33 0.25 0.19 0.22 0.31
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routing, the rewardmax really provides the push and pull that drives the evacuees away from

the shooter and towards an exit. The hardnessi element represents that relative safety of

nodei - rooms with lockable doors have larger hardness index while nodes in exposed hallways

have very small values. Using the previous example of moving from node1 to node19, the

hardness19 - hardness1 ≥ 0 would result in a positive reward of 1. Allowing the agent to

receive the positive reward, even when there is no increase in hardness is vital as it allows

an evacuee to remain hidden in a safer room without penalty. The exittimei is the time to

travel to the nearest exit from nodei. Moving from node2 to node1 brings an evacuee closer

to the exit at node52 and hence would result in a positive reward of 1. If none of these cases

occur, the reward for the evacuee is −1 because they have not improved their situation by

either going to, or remaining in, a safer node or by moving closer to an exit. We analyzed

the affect that different values of rewardmax had on the performance of our evacuees through

experimentation in the discrete event simulator. The results of the parameter exploration

will be discussed further in the results section.

Algorithm 1: Reward Structure for Actions

1 Moving from nodei to nodej;
2 if nodej = death then
3 reward = −rewardmax ;
4 else if nodej = exit then
5 reward = rewardmax ;
6 else if hardnessj - hardnessi ≥ 0 then
7 reward = 1 ;
8 else if exittimej − exittimei < 0 then
9 reward = 1 ;

10 else
11 reward = −1 ;
12 end

3.4.4 Evacuation Algorithm - Capacitated Value Iteration

Finite horizon value iteration on the NHSMDP approach results in a single optimal policy

for the evacuees to follow during the active shooter situation. However, the optimal policy,

or route in our case, has capacity constraints that limit the number of evacuees who are able
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to enact that policy at a given time. As the routes approach the limits of capacity creating

bottlenecks, additional routes need to be considered.

The Capacity-Constrained ASTERS (C-CASTERS) algorithm described in this paper is

an extension of the NHSMDP based optimization, in which the possible actions available in

each state are dynamically reduced as the available capacity for the action reaches zero.

Algorithm 2: C-CASTERS Pseudo Code

Input : Occupancy: E =
∑

ei ∀ nodei ∈ N
Shooter’s Location: nodes
Node Order: OrNo = list of nodes ∈ N
ordered by proximity to an exit and
then by proximity to nodes

Output: A set of optimized routes ∀ nodei ∈ N that accounts for all evacuees, E,
in N

1 while E > 0 do
2 for routei ∈ routemax do
3 for nodej ∈ OrNo do
4 Conduct Value Iteration;
5 Obtain Optimal Policy with maxsend;
6 for t← 1 to 30 do
7 Reserve maxsend capacity along route through time;
8 Update transition probabilities affected by maxsend;

9 end

10 end
11 Subtract maxsend from ej;

12 end
13 Assign routei to evacuees;
14 Subtract ej from E;

15 end

There are three inputs into the C-CASTERS algorithm: the current occupancy of the

graphical environment, the shooter’s known location, and an ordering of all of the nodes in

the graphical environment, OrNo. Each node has a number of evacuees occupying it at the

start of the algorithm, ei, such that 0 ≤ ei ≤ emax where emax is the maximum occupancy of

nodei at any time. E =
∑

ei is the total number of evacuees at a given time, which changes

as evacuees escape or encounter the shooter. The second input is the shooter’s last known

location identified by an assumed monitoring system. The final input is the ordered list of

nodes, OrNo, that establishes priority in two stages, first based on their proximity to an exit
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and then further ordered based on proximity to the shooter with nodes closer to the shooter’s

position given priority. By ordering the nodes closest to the exits first, we are able to clear

those nodes of evacuees and prevent mass crowding that would slow the overall evacuation

process. Further, the secondary ordering based upon proximity to the shooter ensures that

those closest to the shooter receive their routes with their capacity reserved before those

that are farther away. In simulation, the crowding results of this ordering outperforms other

approaches that do not take these factors into account.

The C-CASTERS algorithm initializes the transition probabilities based upon the

shooter’s known location and begins with the first set of routes, route1. Starting at the

first node in the ordered list of nodes with ei ≥ 0, the algorithm conducts the value iteration

and determines the optimal policy, in this case the optimal route, for nodei. The algorithm

also determines the maximum amount of evacuees that can be sent along that optimal

route, maxsend, which is determined by the smallest bottle neck along the optimal route.

For instance in Figure 3.1, given that the available capacities on edge2,1 and edge1,52 are 20

and 4, respectively the maxsend along the optimal exit path [2, 1, 52] from node N2 would

be 4. Below is an example table showing how the capacity along the route [2, 1, 52] changes

over time.

For reference, the maximum capacity of node1, node2, node52, edge2→1, and edge1→52 are

20, 20, 999, 20, and 4 respectively. The maxsend value of 4 is reserved along the route

through time changing the available capacity (Table 3.3). The remaining available capacity

can be used for other policies as they are determined. For instance, according to Table 3.3,

there is no more additional capacity on edge1→52 at time t = 5 so any other evacuees in

node1 at t = 5 would not be able to move to node52 in the first second. The time to go

through the door and move to node52 from node1 is 3 seconds, but the capacity on that edge

is used for the first second of the 3 second travel time. As indicated earlier, the rate of travel

through the doorway is two people per second, but if the travel takes longer than one second,

then the edge needs to be opened for other evacuees even though the other travelers are still

there. The assumption is that when moving through a doorway, the doorway is only blocked

for the first second of travel and is then open for the remainder of the evacuee’s travel time.

The example below demonstrates how multiple routes from a single node provides option
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Table 3.3: Capacity of Nodes and Edges Accounting for maxsend

Time in
Seconds

0 1 2 3 4 5 6 7

N1 20 20 20 20 16 20 20 20
N2 16 20 20 20 20 20 20 20
N52 999 999 999 999 999 999 995 999
E2→1 20 16 16 16 20 20 20 20
E1→52 4 4 4 4 4 0 4 4

for staging the evacuation. For example, the third route computed from Node 19 suggests

waiting for 3 seconds before proceeding to exit. These 3 seconds are vital for suppressing

the crowding near the exit.

• Route 1: [19, 1, 52]

• Route 2: [19, 19, 1, 52]

• Route 3: [19, 19, 19, 1, 52]

• Route 4: [19, 19, 19, 19, 1, 52]

• Route 5: [19, 19, 19, 19, 19, 1, 52]

After reserving the capacity along the route, the algorithm would then move onto the

next node in the ordered list and repeat the value iteration, optimal policy determination,

and capacity reservation until each node with ei ≥ 0 has an optimal policy/route for the

evacuees. These initial routes are assigned to the maxsend number of evacuees and E, the

sum of all evacuees without an optimal policy, is updated by subtracting those evacuees who

have now been assigned a route. The algorithm restarts with a second round of routes for

each node that has ei ≥ 0 and continues until every nodes ei = 0. Once all evacuees have

been assigned capacity constrained routes, the simulation will resume with the new routes

for the evacuees to follow.
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3.5 Experimental Design

In order to conduct experiments and test the performance of our algorithm against that of

other approaches we used a discrete event simulation package in python that provided us the

flexibility to investigate all the important effects of capacity on the efficiency of the evacuation

protocol. The experimental design section follows where the simulation environment and

the actions of the agents and shooter are described along with an examination of the key

parameters, and a comparison with alternate evacuation algorithms.

3.5.1 Simulation Environment

The simulation environment utilized was a discrete event simulation package in Python

called SimPy. SimPy allows us to create many agents, both shooter and evacuees, with

asynchronous updates, i.e. each take turns choosing actions and moving through the graph.

The capacity constraints in nodes and along edges are accounted for by not allowing an agent

to complete its chosen action if capacity occupation has been reached at any point along the

chosen route.

Each node and edge within the graphical environment is treated as a resource. Each of

these resources has a finite capacity that cannot be overwhelmed due to the token taking

mechanism that prevents too many users of a given resource. Each resource has a number

of resource tokens, based upon their maximum capacity, which are requested and given to

evacuees in a FIFO order. For example, an evacuee whose plan indicates movement from

node1 to node2 would check to see if there is available capacity on edge1→2. If there was

available capacity, they would turn in their resource token for node1 in exchange for an

edge1→2 token which they would hold until they reached node2 where they would then turn

in their edge1→2 token and request their node2 token. If edge1→2 was already at full capacity,

then they would remain in node1 until there was available capacity on edge1→2 and follow

the same procedure above.

The simulations are run for 300 seconds of simulation time with the python package

checking each agents actions at every second and ensuring that everything occurs in the
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appropriate order. Movements for each evacuee and the shooter are tracked for the entirety

of the simulation.

3.5.2 Shooter Actions

We assume that the shooter’s plan or motivation is unknown prior to or during an occurrence.

In the context of simulation, the shooter’s actions are determined by first selecting a random

target node, followed by the Dijkstra’s shortest path from his current location to the target

node. The shooter operates outside of the capacity constraints as anyone trying to share

an edge or node with the shooter is automatically considered a casualty. The estimate

for casualties is assumed to be deterministic based upon the proximity to the shooter and

being within his line of sight. This is not realistic, but is an effective metric for consistent

evaluation.

When the shooter reaches his target node, he waits for five seconds, chooses a new, never

visited target node from the available remaining rooms, and begins moving. This process

continues until all evacuees have either escaped, become casualties, or if the 300 seconds

have passed. For each set of parameter combinations, we perturbed the initial conditions

and used random seeds to run 20 simulations.

3.5.3 Evacuee Actions

The specific actions available to evacuees were discussed earlier in the value iteration

preparation of the algorithm. We assume that the evacuees completely trust the algorithms

and obey the instructions without hesitation or regard for their safety. This is an unrealistic

but necessary assumption to avoid the variability associated with indecision, hesitation, or

disobedience when comparing the performance of all the algorithms. Each evacuee is assigned

a route at specific times, for example a route from node2 could be [2, 1, 19, 19, 19, 19, 19,

19, 19, 19, 1, 52]. The evacuees follow the instructions until they receive a new route. In

essence, the evacuee agents do not have any action choices as the algorithm acts as a single

controller for all evacuee actions.
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3.5.4 Graph Environments

We elected to use two different graphical environments for this work: a single level school

that is acyclic and a topologically different school layout that is characterized by the presence

of cycles and loops in the graph structure.

Acyclic School

The Acyclic School graphical environment consists of 55 total nodes as seen in Figure 3.4a.

The node types are broken down as follows: Nodes 1 through 18 are hallway nodes, Nodes

19 through 51 are rooms nodes, and Nodes 52 through 55 are exit nodes. This graphical

environment is useful as it does not provide cycles or loops where an agent can play cat

and mouse with the shooter. It is a very straight forward layout that provides an excellent

baseline understanding of the capabilities of the algorithms.

Cyclic School

The Cyclic School Floor is a graphical environment with two exits and 70 total nodes as seen

in Figure 3.4b. The node type breakdown is as follows: Nodes 1 through 29 are considered

hallway nodes, Nodes 30 through 68 are considered rooms nodes, and Nodes 69 and 70 are

the exits. This graphical environment plays a key role in our analysis for two specific reasons.

The first reason for its inclusion is the lines of sight down the hallway presenting dangerous

possibilities when the shooter is in the hallway. The second, and more important reason,

is that there are several connectors between the long hallways that allow both the shooter

and evacuees to quickly move from one hallway to the other presenting the evacuees with a

plethora of options, but also making the shooter’s movements much more unpredictable and

dangerous.

3.5.5 Parameters and Simulation Inputs

Evacuee Distribution

How the evacuees are distributed at the onset of the event was the first of two important

parameters studied. The evacuees were either distributed at the start of the simulation
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(a) Acyclic School

(b) Cyclic School Floor Plan

Figure 3.4: Two Different Graphical Layouts for Simulation Comparison
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in only the rooms or uniformly distributed in both rooms and hallways. These two cases

correspond to the typical bimodal distribution for movement within a school-day:

• Rooms and Hallways: During recess or in between classes, there are students in

both rooms and hallways milling about,

• Rooms Only: During class times all the students are typically in classrooms.

Each spawn location, specific to the type of simulation was initialized with ten evacuees.

For example, the Acyclic School graphical environment had 51 total non-exit nodes, Nodes

1 through 18 being hallway nodes and 19 through 51 rooms nodes. So, for the rooms Only

case, there would be 330 evacuees with ten each initialized in Nodes 19 through 51. For the

Rooms and Hallways simulation, we considered 510 evacuees with ten each in Nodes 1

through 51.

Shooter Spawn Location and Target Node

The other primary parameter of interest and effect was the location at which the shooter

was initialized, representing the first sighting of the shooter in a real-life scenario. We chose

the specific starting locations in each graph to capture a variety of situations to ensure that

we adequately covered all situational possibilities. For the Acyclic School, we chose nine

separate locations for the shooter to spawn: node2, node6, and node11 for hallway nodes,

node20, node38, and node51 for room nodes, and node52, node54, and node55 for exit nodes.

For the Cyclic School, we chose eight spawn locations: node2, node16, and node29 for hallway

nodes, node30, node37, node44, and node59 for room nodes, and node70 for the exit node.

Our assumption is that the primary target for the shooter will be a room within the

building. With this in mind, each target node that the shooter chooses is randomly chosen

from all the available unvisited rooms within the graphical environment. The proximity

of the rooms to the shooter’s current location increases the probability that they will be

randomly chosen when a new target node is required. For instance, if the shooter’s target

node was 19 and he reached it, then the room nodes in the western hallway of the Acyclic

School would have a higher probability of being chosen than those in the northern or southern
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wing of the school. The randomness of the chosen targets, both initially and throughout the

simulation help to ensure that the movements of the shooter do not become predictable.

3.5.6 “Naive ASTERS Evacuation algorithm”

The first algorithm that will be compared to the C-CASTERS algorithm is the naive

ASTERS evacuation algorithm [47]. The naive ASTERS algorithm was based on the

assumption that there is always enough flow capacity through each path point that crowding

and bottle necking is never an issue. The naive ASTERS algorithm conducts the value

iteration in the NHSMDP framework and determines a single optimal route from each

node and shooter location combination. However, due to limitations in movement capacity

through doorways, in the version of the problem under consideration, only two out of the ten

evacuees would be able to execute that route immediately while the other eight would need

to wait their turns (a few seconds) to execute it. This waiting adds up and cumulatively

results in crowding at certain bottle-neck nodes.

3.5.7 ”Naturalistic Response”

The Natural Response algorithm is based upon rules created by domain experts and the

general guidance of the “Run, Hide, Fight” protocol. The Natural Response can be described

in a series of steps:

• Check the distance between evacuee position and shooter’s last known position

• If the distance is ≥ Dthreshold path lengths, use Dijkstra’s to move to nearest exit away

from the shooter

• If the distance is < Dthreshold, either move to nearest room or remain in room

The Natural Response algorithm demonstrates the actions of an evacuee in a real world

scenario in a logical, simplified manner: hide until the shooter is far enough away and then

move to the exit. Dthreshold was selected to be 7 based on the best performance achieved in

a parameter sensitivity study. While this may keep evacuees safe, it also prevents many of
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the evacuee from escaping at the same time. Also, just like the naive ASTERS, this scheme

suffers from overcrowding, since everyone in a given node will attempt to follow the same

route and leading to bottlenecks near exits. This will be further examined in the results

section.

3.6 Results

In this section, we will systematically compare the overall performance of C-CASTERS

versus the two other algorithms, and then discuss parameters of interest and their effects on

the performance of each of the algorithms. For the simulation results, 20 randomized runs of

300 seconds were performed with each possible combination of parameter values to generate

statistically significant data. For each of the results sections, we conducted simulations

in both the Cyclic School and Acyclic School graphical environments, varied the starting

locations with evacuees initially distributed in either rooms and halls or rooms only, and

varied the initial spawn location for the shooter within the graphical environment with a

randomized initial target node.

3.6.1 Effect of Reward Shaping

The reward function in our model is defined by several parameters, including rewardmax,

which represents the reward for escaping a dangerous situation, and penaltymax representing

encountering the shooter. The balance between reward and penalty dictates the trade-off

between moving closer to an exit and moving to a safer node, often necessitating conflicting

actions from the agents. In scenarios where capacity does not limit movement, agents

prioritize short-term safety by avoiding the negative consequence associated with penaltymax.

However, over time, the incentive of rewardmax at an exit provides agents with the impetus

to leave their rooms and move towards the exit, leading to efficient outcomes in systems

that are not capacity-constrained. In contrast, when crowding and wait times become

concerns, agents need to prioritize more long-term caution in making efficient decisions.

Given that such high-stakes events often unfold rapidly, we posited that avoiding penalty,

i.e., remaining away from the immediate threat, is as critical as achieving reward by reaching
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an exit. Therefore, we set the rewards and penalty values equal in absolute magnitude, that

is, penaltymax = −rewardmax, and focused our efforts on exploring the implications of this

balance.

In the figures in the following sections, we examined the effect of varying values for

the magnitude of rewardmax and penaltymax on the number of casualties observed in the

discrete-event simulation. Our goal was not only to establish the best rewardmax value for

each of the possible combinations of parameters, but also to attempt to identify and examine

common themes that occur naturally in the simulation results.

Cyclic School Parametric Reward Shaping: Figure 3.5 displays the cumulative

averages of casualties of the 20 runs over time. In this specific simulation, the evacuees were

initially distributed in the rooms and halls in the Cyclic School Floor. As can be seen in

Figure 3.5, in the initial 20 seconds, the number of casualties is completely independent of the

evacuation strategy, since it can be argued that the initial loss of lives when a shooter starts

firing cannot be prevented by optimized escape plans. However, after the first 20 seconds,

an optimal risk-taking behavior (moderate values of rewardmax) can be distinguished from

the “too safe” and “too risky” plans. Interestingly, both the extreme low values, {6, 8} and
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the extreme high values {12, 14}, provide the worst total casualty rates. Evacuees who are

too risk averse, corresponding to low rewardmax values of {6, 8}, move less, even when it is

likely safe to do so, which can result in greater total casualties. Aggressive risk-taking plans,

corresponding to rewardmax ∈ {12, 14}, incentivize escape attempts even when it is less safe

to do so. This also results in greater number of casualties. It is interesting to note that the

high-risk behavior results in more casualties earlier in the simulation, but then also leads

to more escapes as the time moves beyond the first minute. This is in some way similar to

the outcome achieved in the currently practiced “run-hide-fight” protocol, where ”running”

towards safety is prioritized whenever possible. This research suggests that a more balanced

outlook may be safer with medium values of rewardmax ∈ {9, 11}) achieving the optimal

balance between staying safely away from the shooter while also attempting to move towards

the exit when the conditions are more ideal.

Figure 3.6 displays the results when the evacuees are initially distributed in the relative

safety of the rooms, in contrast to hallways, when the shooter is first located. Beyond an

overall lowering of the number of casualties due to the initial protection offered by the rooms,

the trends for this situation is very similar to that discussed before - an optimum level of risk
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tolerance (rewardmax = 10) leads to the best outcome compared to both overly aggressive

as well as passive responses.

Figure 3.7 displays the average total casualties at the conclusion of the event (5

minute duration) for the different evacuee distributions in the Cyclic School Floor. Both

distributions display a well-defined optimum around a rewardmax value of 10. The optimum

balance between seeking safety and seeking escape, achieved with a rewardmax value of

10 is specific to the specific graphical environment, but independent of the distribution of

evacuuees, the initial location of the shooter in the graph and the randomness of the shooter’s

movement.

Acycilic School Parametric Reward Shaping: Figure 3.8 displays the results of

the same parameter combination and runs for the Acyclic School as those conducted in the

Cyclic School Floor environment. These graphical environments are topologically distinct

and the results are indicative of that fact. The Acyclic School contains more exits than the

cyclic school floor. Moreover, the lack of possible cycles connecting the hallways significantly

changes the topology of the graph. Figure 3.8 shows the results for the scenario when the

evacuees are distributed in both the rooms and hallways. While the resulting performance of

6 8 10 12 14
Reward

20

30

40

50

60

70

C
as

ua
lti

es

Rooms and Halls
Rooms

Figure 3.7: Escape Reward Value Affect at 300 Secs - Cyclic School Floor

83



0 50 100 150 200 250 300
Time

0

20

40

60

80

C
as

ua
lti

es

Rooms and Halls

6
8
9
10
11
12
14

Figure 3.8: Escape Reward Value Affect Over Time - Acyclic School: Rooms and Halls
Distribution

differing rewardmax values is very similar, it is important to note that the most risk taking

behavior associated with a rewardmax of 14 performs the most poorly, especially early in

the simulation demonstrating that breaking for an exit too soon is detrimental to survival.

While other rewardmax values outperformed it within the first 100 seconds of simulation,

a rewardmax value of 10 was again the best performing resulting in the least amount of

casualties during the simulation.

The results of distributing the evacuees in rooms only at the start of the simulation

is displayed in Figure 3.9. The real differences between the rewardmax values occurs

in the first minute of the simulation with each of the values producing very different

results. Interestingly, Figure 3.9 displays the only occurrence where 10 was not the best

performing reward value among either graphical network or parameter combinations. The

best performing values when the evacuees were distributed in rooms only were 8, 9, and 10

in order. While this result may cause one to question, in this case, whether smaller value

of the reward outperformed the rest, you can see that a reward value of 6 was still poorer

performing than all but 12 and 14. In a simpler environment such as this with fewer distinct

pathing options, it is clear that being more risk averse is a better approach than being
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Figure 3.9: Escape Reward Value Affect Over Time - Acyclic School: Rooms Distribution

risk taking. In this environment, the balance between escaping and hiding is struck leaning

towards hiding as it provides the best safety outcomes.

Just like Figure 3.7, Figure 3.10 shows the average casualties at 300 seconds for each of

the reward values and each of the evacuee distributions. The rooms and halls distribution

still has the concave spread centered on 10, but, for the first time, the rooms only distribution

showed a concavity centered on 8. This demonstrates to us that, when starting in a safe

position in the simpler layout of the Acyclic School, it is more effective to err on the side of

safety and hiding than moving to escape through an exit. While these results differ slightly

from those of the Cyclic SChool Floor, they do support the contention that striking the

balance between hiding and escape provides the most effective strategy even if the layout

requires a behavior leaning more towards safety than escape.

Based upon these results, we elected to use the rewardmax value of 10 for all of the

remaining parameter exploration runs contained in this work. There may be benefit in future

work to adjust the reward function based upon certain assumptions and circumstances. For

example, if we assume that an event is only going to last for 60 seconds, the rewardmax may

potentially need to be smaller as the smaller values in general did well early in the parameter

exploration and then worse as time went on. Perhaps a more complicated building may
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Figure 3.10: Escape Reward Value Affect at 300 Secs - Acyclic School

provide more hiding and movement opportunities than either of these graphical environment

and would therefore encourage a larger rewardmax value. Tuning the rewardmax value to the

building and the situation is the most likely way to improve the performance of the routing

and the safety outcomes of the evacuees.

3.6.2 Aggregated Performance

The performance of the algorithms within the two graphical environments are affected by

various factors which will be discussed in subsequent results sections. The analysis of the

aggregated performance of the algorithms takes all of the various parameter combinations

into account without isolating specific values or combinations. Table 3.4 displays the overall

results for each of the algorithms and shows the parametric combinations of features with

algorithmic specific performance based upon the average number of casualties and escapes

in raw numbers and by percent of the total evacuees as well as the total number of seconds

all of the evacuees spent in the shooter’s line of sight. The casualties entries are the average.

The three primary metrics that we captured during simulation were the number of casualties,

the number of escapees, and the time spent in the line of sight of the shooter, whether the
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Table 3.4: Aggregated Tabular Simulation Results Across Assets and Algorithms: This table shows the performance of each
algorithm for each combination of parameters for both the Acyclic School and Cyclic School assets. The values in bold

represent the best performance amongst all the algorithms for each possible parameter combination.

Shooter Spawn Exit Hall Room
Evacuee Distribution Rooms Rooms and

Halls
Rooms Rooms and

Halls
Rooms Rooms and

Halls

A
cy

cl
ic

S
ch

o
o
l

C
-

C
A
S
T
E
R
S Casualties 13.4(4.06%) 25.67(5.03%) 20.07(6.08%) 27.4(5.37%) 23.6(7.15%) 35.07(6.88%)

Escapes 316.6(95.94%) 461(90.39%) 309.93(93.92%) 429.27(84.17%) 306.4(92.85%) 464.93(91.16%)

LOS 44.63 258.83 75.63 254.8 45.67 212.1

N
a
iv
e

A
S
T
E
R
S Casualties 8.95(2.71%) 51.5(10.1%) 23.91(7.24%) 64.71(12.69%) 18.53(5.62%) 93.33(18.3%)

Escapes 317.59(96.24%) 447.67(87.78%) 306.09(92.76%) 404.45(79.3%) 301.33(91.31%) 418.91(82.14%)

LOS 45.03 217.72 99.08 290.69 67.59 217.72

N
a
tu

ra
l

R
es
p
o
n
se

Casualties 56.76(17.2%) 84.23(16.52%) 51.91(15.73%) 71.57(14.03%) 65.64(19.89%) 122.28(23.98%)

Escapes 269.57(81.69%) 402.01(78.83%) 277.65(84.14%) 384.68(75.43%) 253.84(76.92%) 377.29(73.98%)

LOS 405.97 789.83 225.97 452.69 307.28 542.01

C
y
cl
ic

S
ch

o
o
l

C
-

C
A
S
T
E
R
S Casualties 18.8(12.05%) 39.6(14.56%) 19.17(12.29%) 25.73(9.46%) 16.35(10.48%) 31.43(11.55%)

Escapes 79.8(51.15%) 140.2(51.54%) 83.97(53.82%) 142.2(52.28%) 83.3(53.4%) 151.08(55.54%)

LOS 23.4 100.8 33.77 127.9 27.5 55.5

N
a
iv
e

A
S
T
E
R
S Casualties 27.36(17.54%) 55.56(20.43%) 27.16(17.41%) 37.15(13.66%) 22.84(14.64%) 50.28(18.49%)

Escapes 106.52(68.28%) 182.04(66.93%) 110.39(70.76%) 187.61(68.98%) 118.58(76.01%) 198.01(72.8%)

LOS 102.64 246.08 78.53 259.35 61.79 226.86

N
a
tu

ra
l

R
es
p
o
n
se

Casualties 30.8(19.74%) 53.48(19.66%) 25.92(16.62%) 38.8(14.26%) 26.57(17.03%) 53.26(19.58%)

Escapes 121.2(77.69%) 218.52(80.34%) 130.08(83.38%) 221.87(81.57%) 125.43(80.4%) 218.74(80.42%)

LOS 429.76 726.6 605.35 1002.2 406.9 655.86
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evacuee was close enough to be harmed or not. Our objective was to minimize the number of

casualties and the time in line of sight as law enforcement experts agree that minimizing it

provides the highest probability of survival. For all of the remaining discussions, an evacuee

was deterministically considered to be a casualty if they, at any instant of time, were within

three path-lengths of the shooter and were within the shooter’s line of sight. If they were in

the shooter’s line of sight but were farther than three path-lengths away from the shooter

then they were considered to be in his line of sight only, but were free to continue their

movement. Evacuees who escape are those that reach an exit node before being harmed by

the shooter. We did not place significant emphasis on the escape metric because it does not

necessarily equate to the best outcome. For example, an aggressive routing plan may allow

75% of the evacuees to escape while leading the remaining 25% to become casualties, while

a less aggressive routing plan may only result in 60% escapes but also reduce casualties to

10% with the remaining 30% remaining safely in the building and away from the shooter

until the emergency has passed.

Cyclic School Algorithm Performance: Figure 3.11 shows the combination scatter

plot and histograms for the interactions between the number of casualties and the time spent

in line of sight of the shooter for the Cyclic School Floor graphical environment. The
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Figure 3.11: Aggregated Evacuation Effectiveness - Cyclic School Floor
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casualty histogram displays how each of the three algorithms performed according to the

casualties accumulated. The C-CASTERS algorithm outperforms the other two algorithms

with an average of 24.01 casualties, while Naive ASTERS averages 35.52 casualties and

Natural Response averages 37.36 casualties. The line of sight metric is the cumulative time

spent in the shooter’s line of sight for all of the evacuees throughout the simulation. The

time in line-of-sight histogram shows the same result with C-CASTERS outperforming the

others with a cumulative average of 58.83 seconds. Naive ASTERS comes in second with an

average of 157.31 seconds, and the Natural Response algorithm, averaging 639.38 seconds

is the worst performer. For the scatter plot, the best values are located in the lower-left

and the worst are in the upper right quadrant. The plot demonstrates the way in which

C-CASTERS outperforms the other two algorithms with consistently lower values for time

in line of sight and fewer casualties and also lending support to the law enforcement point

of view that decreased time in the shooter’s line of sight results in fewer casualties.

Acyclic School Algorithm Performance: The Acyclic School graphical environment

results are displayed in the same type of figure in Figure 3.12. Similar to the Cyclic School

Floor environment, the C-CASTERS algorithm outperforms the other two with an average

of 24.2 casualties with Naive ASTERS having an average of 43.49 casualties and the Natural
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Response having 75.40 average casualties. The simpler layout of the Acyclic School broadens

the differences between the algorithms and highlights the benefits of a capacity constrained

approach. The C-CASTERS and Naive ASTERS were very close in terms the line-of-sight

metric with C-CASTERS averaging 148.61 seconds and Naive ASTERS averaging 156.30

seconds. Natural Response was again severely outperformed averaging 453.96 seconds.

Similar to the Cyclic School Floor, Figure 3.12’s scatter plot shows the concentration of the

C-CASTERS in the lower left quadrant with the Naive ASTERS stretched a bit more along

the casualties axis and the Natural Response having an even greater spread. Accounting

and planning for capacity constraints greatly improved the safety outcomes for the evacuees

in both graphical environments and provided promising insights for future development.

3.6.3 Effect of Shooter’s Start Location

The location where the shooter is first detected and/or reveals himself by using his firearm,

can have a drastic effect on the performance of any routing algorithm. We chose several

locations in different regions of the graphical environments to ensure that we captured all

possible situations of shooter movement through the graphs. For each of the 20 runs for a

given scenario, the shooter was spawned in the same location but was given a randomly

chosen target node that he moved toward, thereby creating randomness and difference

between each run. For the sake of this analysis, we categorized the shooter’s starting locations

into one of three possibilities: Exits, Halls, or Rooms.

Cyclic School Shooter’s Start Location Effects: Figure 3.13 displays violin plots

of the number of casualty for the different starting position categories of the shooter in

the Cyclic School Floor graphical environment. Each of the element of the violin plots in

essence is a vertical, smoothed histogram that identifies the mean and the quartiles. Longer,

stretched “violins” are indicative of a large spread with greater variance of the given data

while shorter, fatter “violins” are indicative of of densely distributed data that has smaller

variation. The C-CASTERS algorithm provides the smallest mean and the shortest, thickest

“violins” in all three shooter starting location categories. For all three categories, the C-

CASTERS algorithm had more consistent results with smaller variance resulting in shorter

“violins”. Further, the quartiles were closer to the mean in the C-CASTERS performance
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Figure 3.13: Shooter’s Spawn Location Effect - Cyclic School Floor

than the other two algorithms indicating a more consistent performance over the 20 runs.

Some themes common to all of the algorithms become apparent in Figure 3.13. The shooter

starting in an exit is the worst case scenario for all of the algorithms and also has the greatest

variance, longer ”violins”, meaning the number of casualties in each run can vary wildly.

Further, a shooter starting in the hallway is the best case scenario for all of the algorithms

and is also the most consistent with short, fat ”violins”. This is probably because in this

case the algorithm benefits from the relatively higher confidence with which the shooter’s

movement can be predicted in the short term. The exits being centrally located makes the

shooter’s movement to either hallway equally likely and hence unpredictable.

Acyclic School Shooter’s Start Location Effects: The Acyclic School graphical

environment performance results for the different shooter starting locations are displayed in

Figure 3.14. At first glance, it can be seen that the casualty distributions are less responsive

to the shooter’s start location in this graph compared to the cyclic graph. However, the C-

CASTERS algorithm again performed best in each of the shooter start location categories,

doing better than the other two algorithms in each situation. It may be worth remembering,

that the Acyclic School environment contained almost twice as many evacuees as the Cyclic

School Floor environment which explains the larger occurrences of casualties in the Acyclic
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Figure 3.14: Shooter’s Spawn Location Effect - Acyclic School

School results. The C-CASTERS algorithm was the best performing of the three routing

algorithms across the two environments and the different shooter starting location categories.

It is very interesting to see that in the acyclic graph, no specific starting location could

be identified that could qualify as “most” or “least” dangerous. The location of the three

exits at the ends of the corridors assists in making predictable optimal choices for moving

the evacuees. But at the same time, this illustrates the crucial role played by the capacity

constrained optimization, since without that consideration, a large number of evacuees can

be “caught” by the shooter near an exit.

3.6.4 Effect of Evacuee Distribution

As discussed in Section 3.5.5, to capture realistic scenarios in school evacuation planning, we

modeled two distinct evacuee distribution scenarios for each simulated school environment.

The two evacuee distribution scenarios are defined as follows:

Rooms Only Distribution: In this configuration, evacuees are spawned exclusively in the

classroom nodes (30 to 68), with four evacuees assigned to each node. This setup reflects a

scenario where students are in their respective classrooms during a class session. Rooms and

Halls Distribution: In this scenario, evacuees are uniformly distributed across all nodes (1
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Figure 3.15: Evacuee Distribution Effect - Cyclic School Floor

to 68), with four evacuees assigned to each node. This setup simulates a transition period

when students are dispersed across both hallways and classrooms.

Figure 3.15 presents split violin plots representing the casualty distributions for all

parameter combinations within the Cyclic School Floor graphical environment, stratified

by evacuee distribution scenarios. The left (blue) side of each violin plot corresponds to

the “Rooms Only” distribution, while the right (red) side represents the “Rooms and Halls”

distribution. These plots provide a comparative visualization of the casualty distributions

for each routing algorithm under different initial evacuee placements.

Performance Under the “Rooms Only” Distribution: In the “Rooms Only”

distribution scenario, all algorithms demonstrated relatively consistent performance. The

casualty distributions for each algorithm are narrow and dense, with interquartile ranges

closely clustered around their respective means. Among the algorithms, C-CASTERS

achieved the best and most consistent results, with an average of 18.15 casualties, Naive

ASTERS followed with an average of 27.26 casualties. Natural Response performed the

least effectively, with an average of 28.31 casualties. The comparatively small casualty

range in the “Rooms Only” distribution underscores the advantage of evacuees remaining

in classrooms, where they are initially positioned out of the shooter’s line of sight. This
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scenario highlights the importance of minimizing unnecessary movement when evacuees are

already in relatively safe locations.

Performance Under the “Rooms and Halls” Distribution: The “Rooms and

Halls” distribution presented a stark contrast, with significantly larger casualty ranges and

less consistent algorithmic performance. In this scenario, evacuees were dispersed across both

classrooms and hallways, exposing them to greater risk due to proximity to the shooter’s

potential path. The results for this distribution were as follows: C-CASTERS remained the

best performer, with an average of 31.04 casualties. Naive ASTERS had a higher average

of 47.62 casualties, while the Natural Response exhibited the poorest performance, with an

average of 51.96 casualties. The increased spread in the casualty data for all algorithms

in the ”Rooms and Halls” distribution indicates the variability and heightened difficulty of

routing evacuees when hallway movement is involved.

The results depicted in Figure 3.15 emphasize the critical role of initial evacuee

distribution in casualty outcomes during active shooter events. The superior performance of

C-CASTERS, particularly under the challenging “Rooms and Halls” distribution, highlights

its efficacy in reducing casualties even in less favorable conditions. These findings

demonstrate that reducing movement through hallways during active shooter events is a

critical goal for effective evacuation planning. Strategies should prioritize keeping evacuees

in safe locations, such as classrooms, and only initiate movement when it provides a

demonstrable improvement in safety. This principle is particularly crucial in the design and

implementation of routing algorithms aimed at mitigating casualties in high-risk scenarios.

Figure 3.16 shows the casualty results from runs in the Acyclic School graphical

environment. Again, the “Rooms” distribution runs showed a significant shift in the order

of algorithm performance compared to the “Rooms and Halls” with greatly reduced mean

casualties and variability among all of the algorithms. Naive ASTERS was the best and

most consistent performer with an average casualty value of 13.78, while the C-CASTERS

followed closely achieving 15.53 average casualties and the Natural Response producing 53.16

average casualties in the “Rooms” distribution. The C-CASTERS algorithm significantly

outperformed the other two algorithms in the “Rooms and Halls” case, with a very small

and dense distribution of values. The C-CASTERS averaged 36.91 casualties while the
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Naive ASTERS achieved 68.31 average casualties and the Natural Response turned in 101.78

average casualties. Again, across both graphical environments and evacuee distributions,

the C-CASTERS algorithm was as good as or, more often, better than the other algorithms.

The consistent theme across both graphical environments is the significantly better and more

consistent outcomes produced when the evacuees start in the rooms regardless of algorithm.

3.6.5 Effect of Crowding

The effect of crowding and bottle-necking during an active shooter event is likely one of the

most important elements related to the safety of the evacuees. The crowding of evacuees

complicates the evacuation because it reduces the throughput of the affected nodes and

slows down the movement of the evacuees. At the same time, it creates opportunities for

potentially better routes to be used that avoid the larger crowds and would therefore be

a faster means of exiting. In this paper we have explored a novel method for iteratively

establishing routes for the evacuees and reserving their capacity along the route through

time. Route reservation changes the possible best routes for other nodes in future iterations.

The order in which routes are created and distributed to the nodes is a design choice. In

this case, we have prioritized nodes based on their distance from the exit which leads to the
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most efficient flow of evacuees. Below are the results of our node crowding analysis for each

of the graphical environments.

Cyclic School Crowding Results: Figure 3.17 illustrates the impact of crowding in the

Cyclic School Floor environment, with a focus on nodes adjacent to the exits: node2, node13,

node16, and node27. The figure presents the average occupancy of each node, measured

as the number of evacuees, over time from t = 0 seconds to t = 75 seconds. This time

frame captures the critical period during which the majority of crowding occurs. Each graph

contains three distinct curves representing different evacuation strategies: the blue line for

C-CASTERS, the orange line for Naive ASTERS, and the green line for Natural Response.

To evaluate the effect of crowding on evacuee escape efficiency, we focus on spikes in node

occupancy rather than steady-state values. Despite the relatively low number of evacuees

in the Cyclic School Floor environment, crowding remains a significant factor. Even minor

delays at exit-adjacent nodes can have life-threatening implications for evacuees.

The analysis reveals that, during each observed occupancy spike, C-CASTERS consis-

tently achieves the lowest node occupancy values among the three routing algorithms. In

many instances, its occupancy values are approximately half those of the Naive ASTERS

and Natural Response algorithms. This superior performance is attributed to the iterative

optimization strategy employed by C-CASTERS. By sequentially identifying optimal routes

for nodes nearest the exits and farthest from the threat, and subsequently optimizing for

nodes progressively farther from the exits and closer to the threat, the algorithm effectively

reduces crowding at critical nodes. This reduction in crowding not only decreases casualties

but also aligns with the improved performance metrics observed in preceding sections of the

results.

The findings highlight the efficacy of C-CASTERS in mitigating the adverse effects of

crowding during evacuation scenarios, thereby enhancing the safety and survival outcomes

for evacuees.
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Figure 3.17: Node Crowding Effect - Cyclic School Floor
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Acyclic School Crowding Results: The Acyclic School environment, characterized

by significantly larger classroom sizes, hosts a greater number of evacuees compared to

the Cyclic School Floor environment. The results of the simulations for this environment

are presented in Figure 3.18. Similar to the previous analysis, the nodes of interest are

those adjacent to the exits: node1, node12, and node18. In this environment, the occupancy

spikes observed in the node graphs are notably larger than those in the Cyclic School Floor

environment. These spikes can result in delays of up to 15 seconds as evacuees wait to pass

through the exits. Despite the larger crowd sizes, the C-CASTERS algorithm consistently

achieves the lowest occupancy values during these spikes, often maintaining values less than

half those observed with the Naive ASTERS and Natural Response algorithms. Notably,

node1 exhibits no significant crowding spikes under C-CASTERS, as the algorithm effectively

regulates occupancy to prevent congestion and maintain steady movement.

These results underscore the effectiveness of C-CASTERS in addressing crowding

challenges. By proactively managing evacuation routes and iteratively optimizing for nodes

closest to exits, the algorithm minimizes congestion and reduces delays, even under high-

occupancy conditions.

While the results highlight the promise of this approach, further refinements are necessary

to enhance its performance. No evacuation algorithm can fully eliminate crowding in

all scenarios, but the findings presented here demonstrate the potential of C-CASTERS

to mitigate critical crowding issues and reduce the likelihood of tragic outcomes during

emergency evacuations.
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3.7 Conclusion and Future Work

The study of capacitated transportation has far-reaching implications, and its relevance

to emergency evacuations during active shooter scenarios cannot be overstated. Within

this broader field, the focused investigation of routing individuals under such high-stakes

circumstances demands sustained attention, innovation, and expansion. The importance of

minimizing loss of life in these tragic events makes this an area of research worth pursuing.

While we have addressed both non-capacitated and capacitated routing strategies, significant

gaps remain in the literature, and meaningful solutions will require the collaborative efforts

of a larger community of researchers.

Our research demonstrates the potential of reinforcement learning (RL) approaches to

routing in active shooter situations. Specifically, the flexibility of C-CASTERS, which

incorporates additional action options such as hiding in rooms or moving to safer nodes

that are not necessarily exits, extends beyond the capabilities of traditional evacuation

algorithms. Moreover, the algorithm’s iterative identification of optimal routes, coupled

with capacity reservation along these routes, substantially reduces crowding at key nodes,

thereby preventing unnecessary fatalities.

3.7.1 Proposed Future Work

Behavioral Adjustments of Evacuees:

Current simulations assume evacuees follow routing instructions without hesitation. In real-

world scenarios, trauma and panic may hinder evacuees’ ability to act rationally or adhere to

instructions. Modeling heterogeneous populations with varying probabilities of compliance,

influenced by factors such as age, psychological state, and situational context, would add

realism and complexity to evacuation models.

Integration of Deep Q-Learning (DQN) with Graph Neural Networks (GNNs):

Incorporating DQNs, which combine neural networks with Q-learning to handle high-

dimensional state spaces, could facilitate real-time routing. Applying DQNs to GNNs, which

are optimized for graph-based data, holds great potential for solving complex evacuation
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problems. Training these systems in simulated environments and deploying them in real-

time scenarios could lead to a practical solution for routing in active shooter situations.

Generalization of Learning Across Environments:

To enhance the applicability of the algorithm, it is essential to generalize the learning process

beyond specific training environments. By conducting offline training on diverse graphical

environments and transitioning to online learning in new scenarios, researchers can evaluate

the transferability of learned strategies. Using graph characteristics to identify similarities

between environments could further improve the algorithm’s adaptability.

3.7.2 Conclusion

Our research highlights the potential of advanced routing algorithms like C-CASTERS in

mitigating the devastating effects of active shooter incidents. While challenges remain,

particularly in achieving real-time functionality, the proposed directions for future work

aim to address these limitations and expand the scope of this critical research. By

improving computational efficiency, incorporating behavioral realism, and exploring cutting-

edge machine learning techniques, we can move closer to developing effective, scalable

solutions for these emergencies.

The importance of this work lies in its ability to save lives, reduce casualties, and provide

actionable solutions for individuals affected by active shooter events. We invite the broader

research community to join this effort and contribute to the advancement of knowledge and

technology in this essential domain.
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Chapter 4

Model-Based and Model-Free

Reinforcement Learning Optimized

Evacuations in a Physics-based

Simulation
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4.1 Abstract

Active shooter incidents (ASIs) present a uniquely complex and time-critical challenge for

emergency evacuation planning. This study evaluates the performance of three routing

algorithms—Naive ASTERS, Q-Learning, and N-Step Temporal Difference Learning—within

a high-fidelity, physics-based simulation environment built in Unreal Engine 5 (UE5). By

transitioning from a discrete event simulation (DES) to UE5, we capture more realistic

agent behaviors, continuous-time dynamics, and line-of-sight mechanics, enabling a more

accurate assessment of algorithmic effectiveness. Across 90 experimental scenarios varying

evacuee distributions, shooter spawn locations, and evacuee densities, we find that N-

Step Temporal Difference Learning consistently outperforms the other methods in terms of

survival rate, casualty reduction, and adaptability to dynamic threats. The results highlight

the importance of incorporating temporal foresight and intermediate rewards into evacuation

strategies. This work not only advances the state of the art in evacuation modeling but also

lays the groundwork for future integration of real-time learning, virtual reality training, and

multi-agent coordination in high-stakes emergency response systems.

4.2 Introduction

The previous thrusts of this work focused on the establishment of classical reinforcement

learning methods as a viable method to guide evacuees in chapter 2 and introduce capacity

constraints and novelly modify the previously established routing algorithm to incorporate

multiple optimal routes in chapter 3. All of the previous work, training and evaluation,

was completed within a discrete event simulation (DES) that I wrote in Python using a

library called Simpy. Although the DES was an obvious starting point and proved to be a

highly flexible means of conducting simulation experiments, it does not provide the realism

required to arrive at strong conclusions based upon the experimentation results. A physics-

based simulation solves this issue by injecting the realism lacking in DES into the simulation

process through its ability to inherently handle crowding, collisions, and optimized movement
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and way-finding. Transitioning to a physics-based simulation environment offers several

advantages over the discrete event simulation (DES):

• Unlike DES, physics-based simulations operate in continuous time and space, governed

by the laws of physics allowing for more accurate modeling of dynamic systems such

as robotics, autonomous vehicles, or multi-agent interactions in complex environments

• Natural forces like gravity, friction, and collisions are naturally integrated, enabling

agents to learn and adapt in environments that more closely resemble real world

conditions

• Can lead to agents in Reinforcement Learning methodologies learning more nuanced

and complex policies that are more transferable to other environments

Moving forward with a physics based simulation environment will provide the improve-

ments identified above, but will also more experimentation on the ability to train offline

within and a DES and then apply the learned policies to the physics based simulation.

The focus of chapter 4 is this application as I have trained the model-based and model-free

approaches on the DES I wrote and using the resulting policies in the Unreal Engine 5 (UE5)

simulation for evaluation. The benefit of this approach is the cost of training offline in a DES

is significantly ”cheaper” in time and computation required than conducting the training in

the UE5 simulation itself thus improving time to implement in new layouts and scenarios.

Further, adoption of an evacuation and response plan validated on a physics based simulation

is much more likely due to the increased and inherent realism over the DES. This chapter

will layout the process by which I trained the evacuation

For the remainder of this paper, we summarize the current literature and other works in

section III, describe the specifics of our methodology in section IV, discuss the experimental

design, the simulation environment, and the different algorithms we evaluated in section V,

discuss and compare the results from our simulations in section VI, and finally identify future

plans to improve the algorithm in section VII.
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4.3 Literature Survey

ASIs represent a serious threat to public safety that appears to only be increasing in frequency

and severity, particularly in schools, universities, and other public spaces. These events are

characterized by their unpredictability, rapid escalation, and devastating consequences, often

leaving communities grappling with significant loss of life and psychological trauma. The

increasing frequency of ASIs has underscored the urgent need for effective strategies to

mitigate their impact, improve emergency preparedness, and enhance occupant safety.

Understanding human behavior during ASIs is critical for designing effective response

strategies. Factors such as spatial awareness, decision-making under stress, and evacuation

efficiency play pivotal roles in determining survival outcomes. However, studying these

factors in real-world scenarios is inherently challenging due to ethical and logistical

constraints. As a result, researchers are forced to turn to simulation-based approaches,

leveraging advancements in technology such as reinforcement learning (RL), virtual reality

(VR), and multi-agent systems to model ASIs and evaluate potential mitigation measures.

Simulation-based modeling offers a unique opportunity to analyze the dynamic interactions

between building design, occupant behavior, and threat progression during ASIs. By creating

controlled environments that replicate real-world conditions, researchers can systematically

test the effectiveness of architectural layouts, security features, and training programs. These

models not only provide valuable insights into human behavior but also serve as decision-

support tools for architects, emergency planners, and policymakers.

This literature review explores the current state of research on active shooter response

and simulation modeling. The first section focuses on studies that examine human responses

to ASIs and the role of training, spatial design, and personal factors in shaping evacuation

strategies. The second section highlights advancements in simulation platforms, particularly

those leveraging Unreal Engine, to create realistic and scalable environments for multi-agent

systems and reinforcement learning. Together, these studies contribute to a growing body

of knowledge aimed at enhancing resilience and preparedness in the face of active shooter

threats.
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School shootings represent a critical threat to public safety, necessitating innovative

approaches to evaluate and improve building design and emergency preparedness. Recent

work in ASIs includes Liu et al. [58] proposing a reinforcement learning (RL)-based

simulation framework to assess the impact of school layouts on ASI outcomes. Their

study uses four generalized school prototypes to simulate adaptive shooter behavior,

capturing dynamic interactions between building design, occupant movement, and threat

progression. The findings reveal that limited exit availability significantly increases harm,

with classroom-adjacent exits playing a pivotal role in occupant survival. Additionally,

architectural layouts such as bar and radial designs facilitate rapid shooter movement,

leading to higher harm counts, whereas courtyard and cluster layouts limit shooter visibility

and slow shooter progression, reducing harm rates. Topraklı and Satır [91] conduct a

systematic review of building design strategies to mitigate ASI risks, focusing on simulation

modeling. Using the PRISMA framework, they analyze 75 studies published since 2000,

synthesizing findings across key themes such as exit design, spatial configuration, security

features, and communication systems. Their review highlights the effectiveness of access

control, surveillance systems, and bullet-resistant materials in enhancing occupant safety.

Additionally, the authors critically evaluate simulation modeling approaches, identifying

strengths, limitations, and knowledge gaps. The study provides valuable insights for

architects, emergency planners, and policymakers aiming to optimize building design for

resilience against ASIs. While these examinations of the building layouts is useful, their

primary purpose is to influence future buildings architecture and not necessarily improve

responses to ASIs. Sharma and Moses [82] present an immersive virtual reality (VR) training

environment for active shooter response in university campus buildings. Developed in Unity

3D, the platform incorporates run, hide, and fight modes for emergency response. The

authors introduce a multi-user VR platform where experiments for active shooter response

can be conducted using computer-controlled (AI) agents and user-controlled agents. A user

study involving 195 participants evaluates the effectiveness of the training environment,

showing significant improvements in participants’ knowledge, intrinsic motivation, and

self-efficacy. The results highlight the potential of VR-based training to enhance spatial

awareness and decision-making during high-stress situations, ultimately increasing survival
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rates and evacuation success. Sharma and Moses [81] extend their work by developing a

collaborative virtual reality environment (CVE) module for active shooter response training.

The CVE module, implemented in Unity 3D, allows users to navigate immersive and non-

immersive environments as autonomous agents. A user study evaluates the effectiveness

of the module, showing increased sense of presence, intrinsic motivation, and self-efficacy

among participants. The study demonstrates the potential of immersive VR environments to

enhance emergency preparedness and decision-making during active shooter events. While

useful in training, their research does not attempt to guide or direct the user-controlled

agents to improve outcomes. Liu et al. [56] investigate the role of personal factors in

shaping responses to ASIs using interpretable machine learning methods. Their study

analyzes data from 107 participants, examining factors such as training methods, prior

training experience, sense of direction, and gender. The results indicate that VR-based

training leads to better responses compared to video-based training, with a better sense of

direction and previous training experience correlating with a greater propensity to run and

reduced vulnerability. Gender influences decisions and vulnerability slightly but significantly

impacts pre-evacuation time, with females evacuating slower due to higher risk perception.

Dai et al. [16] developed a multi-agent simulation model to assess mitigation measures

for school shootings. Their study evaluates the impact of a gunshot detection system on

evacuation rates and casualty reduction. Simulations reveal that the gunshot detection

system significantly improves evacuation rates, increasing them from 16.6% to 66.6%, and

reduces average casualty rates from 24.0% to 12.2% in six minutes. The research highlights

the adaptability of the system in different floor layouts and provides a starting point to

demonstrate the effectiveness of gunshot detection systems in improving school safety.

Beyond the ASI specific work, the use of video games engines as a model simulator

increases the realism both visually and systematically. Wheeler [94] introduces a reinforce-

ment learning framework for Unreal Engine, addressing the need for machine learning-

based methods to control non-playable characters (NPCs). The framework integrates

Unreal Engine levels with Python libraries for reinforcement learning, enabling game

developers to create, train, and implement smarter AI characters. The study demonstrates

the framework’s capability by implementing, training, and evaluating on the AI-Gym
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benchmarks, proving its scalability and viability compared to existing tools. Haley et

al. [32] describe a synthetic simulation environment for defense applications, integrating

thermal modeling capabilities into Unreal Engine. Their system generates realistic training

data for object recognition and classification, supporting autonomous system development

and validation. The simulation environment enables end-to-end autonomy training and

development before hardware availability, addressing challenges such as high costs for

training data generation and field autonomy integration. The development of synthetic

images and videos to train. Johnson et al. [39] propose an architecture for transitioning

from reduced reality training environments like a DES to realistic simulations using Unreal

Engine 5. Their modular system supports multi-agent systems and incorporates Software-

in-the-Loop (SITL) and Hardware-in-the-Loop (HITL) for detailed testing and validation.

The study investigates case studies on single-agent autonomous tracking and auction-based

multi-agent coordination, demonstrating the framework’s scalability and effectiveness. This

approach would be very helpful and could be applied more broadly when they support custom

environments. Chen et al. [11] present UBER, an Unreal Engine-based simulation platform

with extensibility and real-time capability. The platform leverages TCP communication to

integrate Python scripts, enabling reinforcement learning and formation control algorithms

in high-fidelity simulations. UBER’s extensibility and real-time capability make it a valuable

tool for simulating unmanned vehicle scenarios and testing autonomous systems. While we

are not looking to do anything autonomously, the computer vision aspect of this approach is

interesting from the perspective of crowd estimation and shooter identification. Hu et al. [36]

introduce Unreal Multi-Agent Playground (Unreal-MAP), a general platform for multi-agent

reinforcement learning (MARL) based on Unreal Engine. Unreal-MAP allows users to create

customized multi-agent tasks and deploy state-of-the-art MARL algorithms. The platform

is user-friendly, open-source, and compatible with a wide range of algorithms, advancing the

field of MARL through its integration of existing algorithms with user-customized tasks.

108



4.4 Methodology

The focus of this chapter is to adapt and develop offline methods of evacuee route

determination and use them in real-time environments within a physics-based simulation.

This involves two approaches: modifying the previous algorithms I developed for the DES

in order to make them compatible to run within UE5 and develop and train new, model-

free approaches to incorporate into the library of potential solutions to evacuee routing

for safety. The model-based approaches, Naive ASTERS from chapter 2 and C-CASTERS

from chapter 3 made use of knowledge of the environment and perceived ideas of safety.

The idea that a particular room may be safer than another, based upon materials used

for the door for instance, could lead a model-based algorithm to ”push” people toward the

safer room. In theory, the room with better door materials may be safer, but it practice

it may not matter and hence provide inaccurate representations of the environment. The

problem with the model-based approach is that it requires known information about the

environment in order to model it appropriately and if there is inaccuracy in any of the

elements within the model, the results can be poor and incorrectly interpreted. The existence

of this potential necessitated the addition of the model-free approaches to the library of

methods for determining evacuee routing.

The model-free approaches, Q-Learning and N-Step Temporal Difference Learning, rely

on the the agents learning from the actions and their results to determine optimal decisions.

In the same scenario above with the door materials, the agent will learn to avoid that room,

regardless of the perceived safety of the room’s door materials, if the agent experiences

poor outcomes when choosing to go to the room. Learning from the experience of their

actions is a fantastic benefit for the agents of the model-free approaches. Making fewer

assumptions about the environment and allowing the agents to learn the optimal actions

in each situation addresses the problem of potentially incorrectly modeling the environment

and thereby pulling incorrect interpretations of the results.
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4.4.1 Model-Based Algorithms and Adjustments

In our work in chapter 3, we modified the Naive ASTERS value iteration approach to track

capacities and iteratively identify optimal routes as path capacities were maxed out resulting

in C-CASTERS. However, after discussing this aspect of the project with industry experts

from the Department of Homeland Defense and other academic institutions interested in

this topic, it is unrealistic to give people in the same node different routes as human nature

would be to follow the crowds due to the belief that there is safety in numbers. For the

experiments in this chapter, we will provide only a single route from each potential node

within the layout. Incorporating this into all of the routing algorithms will do two things:

1) decrease the time to calculate optimal routes or train agents offline and 2) increase the

realism of our results and brings us closer to an actual application that can eventually save

lives. Our routing algorithms that we examined in this chapter have changed. We continued

to examine the performance of Naive ASTERS in the new simulation environment and were

to draw more definitive conclusions from its performance due to the more realistic dynamics

of the UE5 environment. We will no longer examine the performance of the Natural Response

as it has consistently performed worse than the other algorithms and was always meant as

a benchmark to compare to in the absence of official direction beyond the blanket advice of

”run, hide, fight”.

Naive ASTERS Adjustment and Implementation

Naive ASTERS is a straightforward implementation of value iteration within the realm

of reinforcement learning. The previous application of Naive ASTERS in chapter 2 used

the proximity to shooter, safety factor of nearby nodes, and distance to the nearest exits

as a means to determine what the optimal routing from each node was. The path that

was provided was a list of consecutive nodes the evacuee was to travel and with a max

cumulative travel time of 30 seconds by which point another path would have been calculated

and provided. This version did not use the idea of capacity as the number of evacuees

in experimentation did rise to the require it. In chapter 3, the number of evacuees was

increased significantly where crowding and bottle-necking became a significant concern. For
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this set of experiments, we modified Naive ASTERS to account for real time capacity and

provide multiple routes from each node which became the implementation of C-CASTERS.

We continued to analyze the performance of Naive ASTERS because it gave the benefit

of complete offline route development. It still performed well, however, it was eclipsed in

performance by C-CASTERS in most situations due to its lack of planning for any type of

capacity constraints.

In order to implement the Naive ASTERS algorithm in the new physics-based envi-

ronment, it required modifications to be able to pass the offline developed routes to the

blueprint background of UE5. The route development was conducted in the same manner

as in chapter 2 and chapter 3. A simplified layout of the UE5 environment was discretized

into a series of nodes and edges that matched the eventual pathing layout within UE5. The

Naive ASTERS algorithm was run to determine the optimal route from each node as far

as they could get within the 30 seconds threshold. The path that resulted included the list

of all intermediate nodes between their start point and their final destination which meant

that there was usually a combination of room and hallway nodes in the list. Everything to

this point is exactly the same process as in previous experiments. In order to give specific

directions to the NPCs in UE5, we needed to create a look up table that passed the tuple

[evacuee node, shooter node, route node list] to UE5. UE5 then interprets that tuple and

provides the directions to the evacuees. However, UE5 will not pass a list of nodes to the

NPCs to follow so I removed all of the nodes from the list except the next immediate node.

During initial experimentation, this led to very jittery execution in the UE5 environment

as a NPC would get to the next node and then wait to receive its next target node. This

is where the performance difference between the DES and a real time simulation becomes

evident. This waiting would not matter in the DES because every agent waits their turn at

every discrete time interval, however, this causes significant hiccups in the UE5 simulation

resulting in artificial crowding and bottle-necking. To address this, I reduced the initial list of

nodes along the route down to the next room node and removed everything else. This allowed

UE5 to handle the collisions and optimal movement of the NPCs between their current node

and the next room node. Once they arrived at the next room node, the next tuple would

be passed and the NPC would again move to the next room node.This modification allowed
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the Naive ASTERS algorithm to determine the target node to travel to while also allowing

UE5 the freedom to optimize the how to physically get the NPC there while dealing with

the collisions and crowding. Again, it is important to note that the look up table is created

in an offline process so UE5 is able to route the NPCs in real time.

C-CASTERS Approach

C-CASTERS was the best performing algorithm from chapter 3 experiments and it did so

by creating multiple optimal routes and reserving capacity along the routes in an specified

order that resulted in less crowding and better evacuation results. Theoretically, these were

fantastic results and definitively proved the approach held merit with respect to determining

the evacuation routing in an ASI. C-CASTERS takes the real time occupancy of every node

and the shooter’s position, calculates the optimal route for each node, reserves the evacuees

occupancy in the future nodes in the path, and continues to iterate until every evacuee has

an optimal route. While this approach did provide the best performance, it also took the

longest time to compute and implement as the DES would pause every 20 seconds to allow it

determine the routes and provide them to the evacuees before restarting and continuing with

the experiment. Even restricting the algorithm to providing a single route for each node,

which essentially makes it the same as the Naive ASTERS algorithm, still required from 8

to 20 seconds of run time. The goal of this research is to save as many lives as possible by

providing real time directions to ensure the safety of evacuees which is impossible in the real

world where an ASI has no pauses or breaks to run algorithms. There were no modifications

that could be made to change or improve the implementation of C-CASTERs, and, because

a single route version is essentially Naive ASTERS and it still would be capable of real time

implementation, C-CASTERS will not be examined within the UE5 simulation environment.

It provided a sound theoretical approach with great performance, however it was not realistic

to be implementable in the real world.
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4.4.2 Model-Free Algorithms

The model-free approaches that we incorporated in the DES training and UE5 simulation

are Q-Learning and N-Step Temporal Difference Learning. We conducted the offline training

for both approaches in the discrete event simulation environment and then used the results

from that simulation to create the optimal policy for execution in the UE5 simulation. Each

of the two approaches plays an important role in the experiment. The Q-Learning approach

provides a simple action-result framework that is a tried and true method for training agents

and determining optimal policies. The N-Step TD approach is very important because, unlike

the Q-Learning, the value associated with its actions take into account the n previous actions

so there is some decision history that plays a role in what actions are chosen. The resulting

optimal policies from these two model-free algorithms present a means for determining routes

that differ from the model-based approach and has the advantage of creating the very kind

of lookup table that is required for routing in UE5 as the output to the algorithms. Further,

we are continuing to pursue the traditional training methods using a tabular format of the

Q table for reproducibility and explainability of the actions taken and why. We feel it is

important to be able to explain the reasoning behind the decisions that are made and be

able to explain why situations occur. This approach prevents the model-free algorithms from

taking the occupancy of the nodes into account as part of the state because the state space

would become too large and would require a Deep Q Network that uses a neural net to

approximate the Q-values in the high dimensional space.

Model-Free Common Implementations

N-Step Temporal Difference Learning is a more advanced version of Q-Learning with a more

complex means of keeping track of previous decisions and values and how they affect the

current decision. That being said, Q-Learning and N-Step Temporal Difference Learning are

extremely similar and as such have common aspects to their implementation in training and

within UE5.

Reward Function The reward function is similar to the what was used in the C-

CASTERS algorithm with some simplifications and is similar to many standard reward
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functions. Being in close proximity to the shooter and being seen by him results or,

reciprocally, arriving at an exit results in a large negative or positive reward respectively

representing the worst and best case rewards. The remainder of the reward function is

meant to reward behaviors we want (avoiding the shooter’s line of sight or wasting time).

• Evacuee <= 3 nodes from shooter AND in shooter’s line of sight: reward = −10

• Evacuee in shooter’s line of sight: reward = −3

• Evacuee in room (not hallway): reward = 0

• Evacuee in exit: reward = 10

• Else: reward = −1

Training Environment and Parameters The process for training the agents for both

algorithms was the same. Each of the agents trained through 350,000 episodes in the

aforementioned DES. Each episode, the agent would spawn in one node and the shooter

would spawn in another and the remaining nodes would be empty. The shooter would have

a target node, would proceed on the shortest path to that target node, and, upon arrival,

determine the next target node at random and continue this process until the episode was

done (the agent escaped or was caught by the shooter). The agent would take actions

according to an ϵ-greedy policy and observe the result and the reward achieved. Through

the 350,000 episodes the agent would experience decisions in all of the possible combinations

of the state space between the agent and the shooter. Below, Figures 4.1a and 4.1b depict

the training progression of both model-free algorithms.

Both model-free algorithms make use of the ϵ-greedy choice for the agents actions. The

ϵ-greedy policy means that the agent will choose an action at random when a random number

generator creates a random number smaller than ϵ, otherwise the agent chooses the action

most likely to result in the best reward. As each episode completes, ϵ deteriorates by a small

amount making it more and more likely that the agent will choose the optimal action. After

enough episodes have completed, ϵ becomes 0 and the only actions taken from that point
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(a) Q-Learning Progression

(b) N-Step Temporal Difference Learning Progression

Figure 4.1: Learning Progression of the Model-Free Algorithms: These figures
demonstrate the progression of learning for each of the model-free agents. The horizontal
axis is the number of episodes and the vertical axis is the reward achieved for each episode.
The blue line displays each of the individual 350,000 episodes and the resulting reward. The
orange line is the running average reward of the last 50 episodes. For both algorithms, the
results of the agents actions really solidify between the 100,000 and 150,000 episodes mark
and, from that point forward, the agents perform extremely consistently.

115



on would be optimal. You can see this behavior in Figure 4.1a where the there is much less

variation in the blue episode results and the orange running average.

The state spaces for both algorithms are also the same. The state space, s, is a tuple

of the evacuees current node when the action is taken, ne, and the shooter’s current node

when the action is taken, ns, making s = [ne, ns]. More detail on the state space and

it’s implications and considerations will be addressed in the following experimental design

section, 4.5.

Q-Learning Evacuation

Q-learning is a widely studied model-free reinforcement learning (RL) algorithm that enables

an agent to learn an optimal policy for sequential decision-making tasks in a Markov

Decision Process (MDP) framework meaning the previous decisions made do not affect the

current decision. The algorithm for Q-Learning follows in Algorithm 3. The algorithm

operates by iteratively estimating the action-value function through training the agent in

the environment, commonly referred to as the Q-function, which quantifies the

Algorithm 3: Q-Learning Evacuation

Input: Learning rate α, discount factor γ, exploration rate ϵ
Initialize: Q-table Q(s, a) arbitrarily for all s ∈ S, a ∈ A

1. For each episode do

(a) Initialize state s

(b) Repeat

i. Choose action a from s using policy derived from Q (e.g., ϵ-greedy)

ii. Take action a, observe reward r and next state s′

iii. Update Q-value:

Q(s, a)← Q(s, a) + α
[
r + γmax

a′
Q(s′, a′)−Q(s, a)

]
iv. Set s← s′

(c) Until s is terminal

2. End For
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expected cumulative discounted reward of executing a given action in a particular state and

subsequently following the optimal policy. The strength of this method is its simplicity

and its explainability; the changes to the Q-function can be easily followed as an agents

experiences the environment and the optimal policy, once training is complete, provides

a simple means of choosing the best action in any experienced situation. The need to

experience a situation at least one time previously which is the primary reason for not

including node occupancy in the state space s.

N-Step Temporal Difference Evacuation

N-Step Temporal Difference (TD) learning is a generalization of the standard one-step TD

or TD(1) method that incorporates multiple future rewards into the value function update

where Q-Learning only takes the single action and its reward into account. It provides a

middle ground between the high bias of one-step TD and the high variance of Monte Carlo

methods by considering a fixed number of future steps, denoted by n, when estimating

returns.

Given a Markov Decision Process (MDP) with state space S, action space A, reward

function r : S ×A → R, and discount factor γ ∈ [0, 1), the n-step return from time step t is

defined as:

G
(n)
t =

n−1∑
k=0

γkrt+k+1 + γnV (st+n),

where V (st+n) is the estimated value of the state reached after n steps. The value function

is then updated using the following rule:

V (st)← V (st) + α
[
G

(n)
t − V (st)

]
,

where α ∈ (0, 1] is the learning rate. This update incorporates both immediate and near-

future rewards, allowing the agent to learn more efficiently in environments with delayed or

sparse feedback.

N-Step TD methods are particularly useful in environments where intermediate rewards

are informative but not sufficient for learning optimal behavior. This is a great example of
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why it is successful in an ASI modeled environment. The intermediate rewards we discussed

(avoiding line of sight and wasting time) help with survival, but don’t necessarily result in

great outcomes. Avoiding the shooter altogether and escaping are rewards that can take

many steps to get to which lends itself to the use of this algorithm. The algorithm governing

N-Step Temporal Difference Learning can be seen in Algorithm 4.

Algorithm 4: N-Step Temporal Difference Learning

Input: Learning rate α, discount factor γ, step size n
Initialize: Value function V (s) arbitrarily for all s ∈ S

1. For each episode do

(a) Initialize state s0

(b) Initialize buffer to store (st, rt+1) pairs

(c) For t = 0, 1, 2, . . . until episode ends do

i. Take action at according to policy π, observe rt+1 and st+1

ii. Store (st, rt+1) in buffer

iii. If t ≥ n− 1 then

A. Compute n-step return:

G
(n)
t−n+1 =

n−1∑
k=0

γkrt−n+1+k+1 + γnV (st+1)

B. Update value function:

V (st−n+1)← V (st−n+1) + α
[
G

(n)
t−n+1 − V (st−n+1)

]
(d) End For

2. End For

4.5 Experimental Design

The eventual goal of this research is to see real world implementation that makes a difference

and helps preserve the lives of those unfortunate enough to find themselves involved in an

ASI. Pursuing this goal necessitated the switch from the DES environment to the physics-

based UE5 simulation environment to increase the realism and the transferability of the
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results for real world implications. The experimental design section follows where the

simulation environment and the parameters and simulation inputs are described in greater

details to include the justifications for the parameter choices.

4.5.1 UE5 Simulation Environment

The focus of this section is the translation from a DES that is underpinned by a graphical

network, Figure 3.4b, to the UE5 environment in Figure 4.2. The transition to the UE5

environment provides a large number of improvements like the realistic movement of NPCs

in crowds using inherent navigation and way-finding (Figure 4.3), NPC collisions (both

environmental and other NPC), continuous time information and data, and visualization of

the environment and the events that occur in it, however, it also requires a significant number

of updates to previous parameter and characteristic choices that will affect the outcome and

processing of the simulation. Each of the updates and changes follow with a description of

what occurred in the DES and how it changed for UE5.

UE5 Update to Shooter Actions

The shooter’s actions in the DES for both chapter 2 and chapter 3 followed a set pattern

that repeated throughout the entirety of an episode. The shooter would spawn in a directed

node and would have a directed target room node, both of which were controlled simulation

Figure 4.2: Wire frame Image of Cyclic Dorm Floor
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Figure 4.3: Cyclic Dorm Floor Visual with NPCs

parameters to ensure the entirety of the floor plan was explored. Assuming the shooter had

knowledge of the floor plan, he would take the shortest path to the target room. Upon arrival

at the target room, the shooter would loiter for a random number of seconds between 5 and

10. Upon completion of the loiter time, the shooter would randomly choose another target

room from a list of unvisited rooms (closer rooms had a higher probability than farther

rooms) and begin movement towards that room. This process continues until the end of

the episode. The shooter would not alter his path or target regardless of the awareness of

evacuees in other locations of the floor plan.

The changes that were required for the translation from the DES to UE5 were subtle,

but they certainly increased the realism of the simulation. The shooter still spawned at a

parameter controlled location, however, the initial target node was randomly chosen from the

start instead of another controlled parameter. This slight change increased the randomness

of the simulation and reduced the number of parameter combinations without sacrificing

key data or results. We also make use of the awareness of the shooter once he has reached

his target room. Upon arrival, the shooter will move towards the last place he witnessed

any evacuees. While this is a more dangerous situation than what we executed in the DES,

it is certainly more realistic and improves our ability to evaluate the performance of the

algorithms.
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UE5 Update to Evacuee Actions

The actions available to both algorithms are based upon the current node of the evacuee

agent. The DES environment is underpinned by a graphical network, so the action space, a,

at a given node are all of the adjacent nodes i.e. a5 = [4, 5, 6, 35, 64] from Figure 3.4b. Each

node maintains a unique set of possible actions based upon the adjacent nodes to it. However,

as discussed in the model-based modifications in section 4.4.1, providing intermediate nodes

between key room nodes slows down the simulation and creates an awkward jitteriness to

the NPCs movements. In order to simplify the Q-tables, I ran an algorithm that would

follow the ”crumbs” of the Q-table from the starting node until it reached another room

and replace the recommended action with the next room node. For example, observe the

scenario below for the series of actions that would likely follow:

Shooter at node30, Evacuee at node6, Chosen Action is a∗

• a6 = [5, 6, 7, 35] — a∗ = 7

• a7 = [6, 7, 8, 22, 29, 36] — a∗ = 29

• a29 = [7, 8, 21, 22, 29] — a∗ = 21

• a21 = [8, 20, 21, 22, 29, 51] — a∗ = 51

• node51 is first room node, Q-table is updated: Q[nodes = 30, nodee = 6, a∗ = 51]

The Q-table is updated to the very first room that is encountered by following the optimal

policy until the first room is encountered. This allows the UE5 collisions and way finding

to handle the minutia of movement in between the beginning and ending nodes but still

maintains the logic behind the optimal policy.

UE5 Cyclic Dorm Environment

We replicated the Cyclic Dorm Floor from chapter 3 to scale in UE5. The underlying

graphical network framework is exactly the same as in chapter 3 so the routing process will

stay the same, however, as stated in the sections on adjustments to the Naive ASTERS,
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Q-Learning, and N-Step Temporal Difference Learning, the algorithms will only pass the

next room node to the UE5 processor. The floor plan is to scale so the doorways to the

majority of rooms are single doors while the exit doors to the stairwells are double doors for

increased throughput. Like the DES environment, the 29 hallway nodes range from 1 to 29,

the 37 room nodes range from 30 to 67 minus 61, the two exit foyer nodes 61 and 68, and

the two exit nodes are 69 and 70. Visually, the UE5 simulation is fantastically detailed and

looks much like the most current generation video games with the amount of details and

textures inherent in the gaming engine.

4.5.2 Parameters and Simulation Inputs

As expected, the simulations we ran in UE5 took longer than they did in the DES, so we

reduced the number of parameters we examined through experimentation as well as the

number of options per parameter type. We carefully chose the possible values for each

parameter to ensure we efficiently explored the simulation space and were able to examine

the plethora of possible scenarios. The discussion and explanation of the parameter values

for the evacuee distribution, shooter spawn location, and number of evacuees follows.

Evacuee Distribution in UE5

At the beginning of each simulation, in both the DES and UE5 and across all of the different

floor plans, the evacuees spawned into their starting locations. The locations that they

spawned into fell into one of two categories: rooms or rooms and hallways. If the distribution

of evacuees was identified as rooms, then the evacuees would only spawn in the rooms within

the floor plan which in the case of the Cyclic Dorm Floor means they would spawn in the

37 room nodes from 30 to 67 minus 61. If the distribution was rooms and hallways, then

the evacuees would spawn in the 66 nodes that do not include the exits or exit foyers which

in this case means nodes 1 to 67 and excluding node 61. The thought process for these two

different distributions is to examine the scenario while taking into account the purpose of

the building being examined. In this case, we are examining a dorm floor so it is a series

of bedrooms with some common areas including common rooms, bathrooms, kitchens, etc.
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The rooms only distribution represents an evening when everyone is likely in their rooms

while the rooms and hallways distribution is more indicative of some time in the middle of

the day when there would be significantly more activity and movement within the rooms

and hallways.

Shooter Spawn Location in UE5

The location where the shooter spawns plays an extremely important role in how an ASI

plays in the real world and in simulation as well. We examined the floor plan for the Acyclic

Dorm Floor to determine where the shooter should spawn in the UE5 simulation. Looking

at Figure 3.4b, the building is conveniently symmetrical which means the number and types

of nodes required to spawn the shooter in can be reduced. Figure 4.4 shows node2 in the

opposite hall as node27, but also in the same position in the other end of the hall from node13

which is opposite node16. Because we distribute the evacuees evenly among the distribution

nodes, there is no difference between any of those four nodes as the are just opposite or

mirrors of the other nodes. This logic holds for basically all of the nodes, each one has one

to three nodes that are in a symmetrical position to itself. With this in mind, the shooter

spawns in node2. node29 (the only node that doesn’t have another similar one), and node34.

Number of Evacuees in UE5

The number of evacuees is new to our work in the UE5 simulation. In the previous

experiments, we use a constant number per node so the only thing that changed the total

number of evacuees was the distribution parameter. For this experiment, because we are

Figure 4.4: Shooter Spawn Locations
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dealing with a dorm floor, we wanted to capture the potential varying occupancy of a dorm

through its many phases throughout a day from being almost empty during a class day to

be overly full on a rainy weekend. With this in mind, we varied the number of evacuees in

each node from one to five.

When taking into account the three different algorithms, the two different distribution

types, the three shooter spawn locations, and the 5 possible values for evacuees in nodes,

we ran 90 different experiments to examine each of the parameter combinations in this

simulation.

Shooter Identification and Tracking

The complementary program at Iowa State University has been developing and training a

computer vision task to identify and track the shooter. A simplified version of that algorithm

is in the UE5 simulation that identifies a green colored shooter like in Figure 4.5. The UE5

simulation reports the location of the shooter to the routing algorithms and they return the

target node to the evacuees for them to begin moving. These updates to evacuees happen

in milliseconds keeping the simulation as close to real time as it can be.

Figure 4.5: Green Shooter Example
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4.6 Results

In this section, we comprehensively compare the overall performance of all three routing

algorithms and then identify the key differences between their performance with respect to

our parameters of interest. For the simulation results, we ran 10 randomized simulation

episodes of 300 seconds for each possible combination of parameter values to capture enough

data to provide significant insights into the performance of the algorithms and the effects of

the parameters. Again, we simulated the Cyclic Dorm Floor in the UE5 environment and

varied the starting location of the shooter, the starting distributions of the evacuees, and

the number of evacuees in each node at the start of the simulation.

4.6.1 UE5 Aggregated Performance

The overall performance of all algorithms can be found in Table 4.1. Each entry in the table

is the average of 50 runs due to the number of evacuees per node not being included in the

table due to size restrictions. The Distribution and Shooter Spawn columns of table indicate

the values for those parameters. The next three columns, Escapes, Safe, and Survived are

all related: Escapes is the number of evacuees that were able to make it to an exit, Safe

is the number of evacuees that were still safe at the end of the five minutes of simulation

time, and Survived is the sum of the two previous metrics. Casualties is the number of

evacuees who were caught within the threshold distance and were seen by the shooter. The

line of sight in UE5 is a significant upgrade from the DES. The DES assumed an evacuee

was within the shooter’s line of sight if their current position could be seen by the shooter,

not that he was necessarily looking at them, whereas the UE5 simulation actually uses the

the orientation of the shooter’s eyes to determine if the evacuee is seen. This improvement

increases the realism of the simulation mechanics and provides more explainability to the

potential casualties that occur. Finally, the Survival Rate is give by the equation Survivors
TotalEvacuees

with TotalEvacuees = Survivors+ Casualties being the total spawned evacuees for a single

run. Each row of the table corresponds to a set of parameter values; the first row in each

algorithm section corresponds to the same parameter combination so you could compare the

algorithms performance against each other by observing the same row in each section. The
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Table 4.1: Performance Comparison of Naive ASTERS, Q-Learning, and N-Step Temporal
Difference: Table 4.1 displays the average performance of each algorithm over the course of
the 50 runs per parameter combination. The bold values represent the best performance
amongst the algorithms for each of the five metrics of interest with that parameter
combination.

Distribution
Shooter
Spawn

Escapes Safe Survived Casualties
Survival
Rate

Naive ASTERS
Rooms 2 58.92 19.08 78 33 0.67
Rooms 29 54.52 20.68 75.2 35.8 0.64
Rooms 34 58.24 14.32 72.56 38.44 0.63

Rooms and Halls 2 113.68 45.48 159.16 38.84 0.75
Rooms and Halls 29 108.72 46.28 155 43 0.74
Rooms and Halls 34 121.8 39.48 161.28 36.72 0.77

Q-Learning
Rooms 2 79.6 4.96 84.56 26.44 0.76
Rooms 29 76.36 4.76 81.12 29.88 0.73
Rooms 34 69.84 11.52 81.36 29.64 0.71

Rooms and Halls 2 135.84 28.36 164.2 33.8 0.81
Rooms and Halls 29 131.72 33.76 165.48 32.52 0.81
Rooms and Halls 34 127.68 43.44 171.12 26.88 0.83

N-Step Temporal Difference Learning
Rooms 2 74.04 9.92 83.96 27.04 0.73
Rooms 29 68.2 22.36 90.56 20.44 0.78
Rooms 34 73.36 22.6 95.96 15.04 0.83

Rooms and Halls 2 134.96 40 174.96 23.04 0.85
Rooms and Halls 29 117.88 56.64 174.52 23.48 0.83
Rooms and Halls 34 138.64 38.36 177 21 0.87

bold values in the table represent the best performance for that metric for that combination

of parameters and the italicized values represent the worst.

By examining Table 4.1, a few trends become immediately obvious when comparing the

bold and italicized values. The Naive ASTERS algorithm performs poorly when compared

to the other two algorithms with it being worse in all metric and combination of parameters

except for the number of ”safe” evacuees in both evacuee distributions and when the shooter

spawned in node2, otherwise it was the worst performing algorithm in Escapes, Survived,

Casualties, and Survival Rate in every combination of parameters. Further, the N-Step

Temporal Difference algorithm performed extremely well having the best performance in 2
3

of the metric and parameter combination pairings with 20 bold values out of 30 possible,
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having the worst performance in a single metric and parameter combination, and, most

importantly, having the highest Survival Rate in all parameter combinations except for the

Rooms evacuee distribution and when the shooter spawned in node2. Interestingly, the Q-

Learning algorithm performed well in most metrics except for the Safe metric where it was

the worst performer. The primary difference between the Q-Learning and N-Step Temporal

Difference algorithms, the temporal aspect of possible future rewards being incorporated into

the value function, provides an improved safety aspect to the N-Step Temporal Difference

as it not only out performs Q-Learning in the Safe metric, but also Survived, Casualties,

and Survival Rate. Holistically, N-Step Temporal Difference learning was objectively the

best performing algorithm. In the following sections, we examine the intricacies of how the

parameters and their values affected performance.

4.6.2 Effect of Shooter’s Spawn Location in UE5

As was discussed in section 4.5.2, the shooter spawns in three different nodes in the UE5

simulation: node2, node29, and node34. After examining the interactions with the other

parameters and the metrics of interest, the following figures are indicative of the algorithms

performance with respect to changes to the shooter’s spawn location. The following figures

exploring the effects of shooter’s spawn location are scatter plots indicating the number of

casualties on the horizontal axis and the number of escapes on the vertical axis meaning that

data elements in the upper left quadrant are ideal (high escapes and low casualties) and data

elements in the lower right quadrant being unacceptable (low escapes and high casualties).

Interestingly, examining the scatter plots doesn’t provide any intuitions about the affects of

the shooter’s spawn locations. The scatter of the data elements for the different algorithms

are all intermixed and its difficult to see any patterns. We overlaid three large X’s on top of

the scatter plot that represent the coordinates of the centroid of each algorithms Casualties

by Survivors. Comparing the centroids of each algorithm’s data points provides a much more

clear picture.

Figure 4.6 displays the results when the shooter spawns in node2 and the centroids show

that, while there is little difference between the centroids, the N-Step Temporal Difference

algorithm produced the centroid with the most survivors and fewest casualties followed by
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Figure 4.6: Performance Effects of Shooter Spawn-2

Q-Learning and Naive ASTERS. The tight spread and lack of any algorithm distancing itself

from the others can be explained the close proximity to an exit when the shooter spawns

making it more difficult to escape for half of the floor plan. Examining figure 4.7 yields

the same result, the N-Step Temporal Difference algorithm performing the best followed by

Q-Learning and Naive ASTERS respectively. The spread of the centroids is larger in this

case with an approximate 13 casualty difference and 9 survivor difference between N-Step

Temporal Difference and Q-Learning. The shooter spawn point being in the center of the

floor plan explains the reason for the improved performance by all of the algorithms as it

leaves a lot of options that the algorithms were able to exploit. The trend continues in

figure 4.8 as the order of performance remains the same and the spread between them grows

larger again. As has been seen in the previous experiments in chapter 2 and chapter 3, the

shooter spawning in a room actually improves the algorithms ability to route evacuees to

safety because the shooter is isolated in a room and has severely restricted line of sight. The

consistently better performance by the N-Step Temporal Difference algorithm demonstrates

a dominance and indicates that is the best routing algorithm we examined. The other

fascinating aspect of these two graphs was that there are no significant differences among

the algorithms i.e. in the following figures showing the densities for each of the algorithms

is almost exactly the same.
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Figure 4.7: Performance Effects of Shooter Spawn-29
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Figure 4.8: Performance Effects of Shooter Spawn-34
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4.6.3 Effect of Evacuee Distribution in UE5

Varying the distribution of evacuees yields an interesting dichotomy where it seems to have

little affect on the number of casualties, but significantly affects the number of escapes that

the algorithms are able to execute. As indicated previously, we distributed the evacuees either

in the 37 room nodes only or in the 66 room and hallway nodes that excludes the exits and the

exit foyers. Figure 4.9 shows violin plots for the casualty densities for each of the algorithms

with the left side in blue being the rooms only density and the right side in orange being the

rooms and halls density. The rooms only density looks almost exactly the same as the rooms

and halls density indicating that distributing the evacuees in rooms only does not seem to

affect the quantity of casualties for any of the algorithms. However, Figure 4.10 displays the

violin plots for the survivors metric for each of the algorithms. The difference in the densities

is obvious and somewhat contrary to the previous DES experiments conducted in chapter 2

and chapter 3. In the previous experiments, the rooms only distribution consistently resulted

in fewer casualties and more survivors. In the UE5 simulation for each of the algorithms, the

rooms and halls distribution has a much wider spread, but it also has a significantly higher
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Figure 4.9: Casualty Effects of Evacuee Distribution
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Figure 4.10: Survivor Effects of Evacuee Distribution

median and provides significantly more upside (higher probability of more survivors) with

approximately the same downside.

4.6.4 Effect of Number of Evacuees Per Node in UE5

The final parameter we varied through the experiments was the number of evacuees that

spawned in each node at the beginning of a simulation numevacs = [1, 2, 3, 4, 5]. We varied

this value to simulate the differing levels of occupation that a dorm may have i.e. almost

empty on a Saturday football game or filled over normal capacity on the evenings before

finals. Escapes and casualties would likely increase as we add more and more evacuees

to the system, which they do, however, the relationship of increase for escapes remains

consistent while the relationship with casualties slowly changes as the number of evacuees is

increased. Figure 4.11 and Figure 4.12 are cumulative histograms that accumulate escapes

and casualties respectively over time in the simulation across 90 runs for each value of

evacuees per node. The shape of the cumulative curves are the same as the number
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Figure 4.11: Evacuee Per Node Effects on Escapes
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Figure 4.12: Evacuee Per Node Effects on Casualties
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of evacuees per node goes up, however, the total accumulated escapes increases as expected.

Comprehensively, the Naive ASTERS algorithm is the worst performer across all of potential

values for evacuees per node. Conversely, the Q-Learning algorithm is the best performer for

all values except for 4, but the N-Step Temporal Difference algorithm is close in performance

to Q-Learning in the others. Its also interesting, regardless of the number of evacuees per

node, that the vast majority of escapes occur within the first minute of the simulation.

The narrative around the effect evacuees per node had on casualties is significantly

different and actually shows a difference as the number of evacuees increases. Figure 4.12

demonstrates the same information as Figure 4.11 utilizing the time that each evacuee

becomes a casualty over 90 simulated runs. The shape of the casualty curves changes slightly

as more evacuees are introduced to the simulation. Having only a single evacuee per node

yields similar shapes to that of the escape curves with at least half of the casualties occurring

within the first minute of the simulation. For that one parameter value, Q-Learning performs

best with N-Step Temporal Difference being only slightly worse and Naive ASTERS being

the worst which it does for all of the parameter values. As the number of evacuees increase

from 1 to 5, the Q-Learning algorithm begins performing worse until eventually, at 5 evacuees

per node, it and Naive ASTERS basically have a linear relationship between casualties and

time meaning that the casualties continue to occur at a consistent rate throughout the five

minutes. This shows how increasing the number of evacuees in the nodes seems to make it

harder for Q-Learning and Naive ASTERS to keep evacuees safe. On the other hand, N-Step

Temporal Difference Not only maintains its shape (at least half of the casualties occur in the

first minute and then slower for the remainder of the time), but it also is able to maintain

fewer casualties (within the neighborhood of 2000) through all of the possible parameter

values.

4.7 Conclusion and Future Work

As we stated earlier, the goal of this research is to present practical applications that can

be refined and implemented to improve the safety outcomes of individuals who become

involved in an ASI. Transitioning the simulation environment to the visually more realistic
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and physics-based game engine UE5 has absolutely moved us closer to that goal. The UE5

environment currently provides or will in the future:

• Visual presentation graphics on par with current generation video games (current)

• Physics-based handling of movement, crowding, and collisions (current)

• Realistic implementation of a shooter’s line of sight and movements (current)

• Incorporation of full computer vision identification and tracking of shooter (future)

• High quality VR capability for human training and trials (future)

The UE5 simulation platform that we currently have is a huge improvement over the

DES, but it can be further refined and improved to bring greater value and knowledge to

this research area.

4.7.1 Proposed Future Work within UE5

VR Participants in Simulation The use of active participants in the simulation

alongside NPCs for either data gathering or training will provide many research avenues to

pursue. VR participants would allow us to begin examining behavioral aspects of ASIs and

the individuals within them like the utility of a leader-follower dynamic, participants views

of the trustworthiness of the algorithms, and does a herd mentality override the instructions

given by a routing algorithm. Using the simulation as a training implement can improve

the abilities of first responders to quickly assess situations, provide valuable experience to

teachers who are in charge of small children (leader-follower), and develop and test building

specific strategies for nullification of the shooter.

Agent Training in UE5 The experiments in chapter 4 were completed using offline

training in the DES environment and still performed quite well in the UE5 simulation.

Training the Naive ASTERS routing wouldn’t change due to use of value iteration to

calculate the route, however, the Q-Learning and N-Step Temporal Difference algorithms

could significantly improve if they were trained directly within the UE5 environment. The
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simple use of the UE5 shooter vision mechanic and training agents in the environment using

that would reduce the number of casualties and very likely improve the number of escapes as

the DES overestimates the shooter’s ability to see and thus the agents are more risk averse

than intended.

4.7.2 Conclusion

This research presents a comprehensive evaluation of evacuation routing algorithms in the

context of ASIs, leveraging the enhanced realism and fidelity of a physics-based Unreal Engine

5 simulation environment. By comparing Naive ASTERS, Q-Learning, and N-Step Temporal

Difference Learning across a range of scenarios—including varying evacuee distributions,

shooter spawn locations, and evacuee densities, we demonstrate that N-Step Temporal

Difference Learning consistently outperforms the other methods in terms of survival rate,

casualty reduction, and overall adaptability. The transition from a discrete event simulation

(DES) to UE5 not only improved the behavioral realism of agents and shooter dynamics

but also enabled more nuanced assessments of algorithmic performance under complex,

real-world conditions. These findings underscore the critical importance of incorporating

temporal foresight and intermediate reward structures into evacuation strategies. Looking

forward, integrating online learning within UE5, incorporating human participants through

VR, and expanding the simulation to multi-agent reinforcement learning frameworks offer

promising avenues for advancing both the theoretical and practical impact of this work.

Ultimately, this research contributes to the growing body of knowledge aimed at enhancing

public safety and preparedness in the face of emergent threats.
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Chapter 5

Conclusion
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5.1 Summary of Results

This dissertation presents a progressive exploration of optimized evacuation routing strate-

gies during ASIs, beginning with model-based reinforcement learning in a DES, extending to

capacity-constrained multi-route planning, and culminating in the evaluation of both model-

based and model-free approaches in a high-fidelity, physics-based simulation environment.

Chapters 2, 3, and 4 each build upon the previous, introducing increasing levels of realism,

complexity, and computational rigor.

5.1.1 Chapter 2: Naive ASTERS and NHSMDP-Based Optimiza-

tion

Chapter 2 introduced the Naive ASTERS algorithm, a model-based reinforcement learning

approach grounded in a Non-Homogeneous Semi-Markov Decision Process (NHSMDP)

framework. The algorithm incorporated dynamic shooter location, node safety (hardness),

and exit proximity to generate optimal routing policies for evacuees. Simulations were

conducted in a custom-built DES using two building layouts: a single-level acyclic school

and a two-level cyclic hospital.

Across 12,484 parameterized scenarios, Naive ASTERS consistently outperformed a

Naturalistic Response (NR) baseline derived from expert-informed “Run, Hide, Fight” logic.

On average, Naive ASTERS reduced casualties by 56% and time spent in the shooter’s line

of sight by 52% compared to the best-performing NR variant. The algorithm’s ability to

recommend strategic waiting, enabled by the NHSMDP’s temporal state expansion, proved

critical in minimizing exposure to the shooter. These results validated the viability of

model-based RL for ASI evacuation and highlighted the importance of incorporating shooter

dynamics and node safety into routing logic.
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5.1.2 Chapter 3: Capacity-Constrained Multi-Route Optimiza-

tion (C-CASTERS)

Chapter 3 addressed a key limitation of Naive ASTERS: the assumption of unlimited capacity

along evacuation routes. The C-CASTERS algorithm extended the NHSMDP framework to

incorporate node and edge capacity constraints, enabling the generation of multiple optimal

routes per node while reserving capacity through time. This iterative approach prioritized

nodes based on proximity to exits and the shooter, reducing bottlenecks and improving flow

efficiency.

Simulations were conducted in one of the previous environments and one new envi-

ronment: the Acyclic School and the Cyclic Dorm Floor, with evacuee counts increased

to reflect realistic crowding. C-CASTERS outperformed both Naive ASTERS and NR

across all metrics. In the Cyclic Dorm Floor, C-CASTERS reduced casualties by 34.2%

and 53.3% compared to Naive ASTERS and NR, respectively. It also achieved a 50%

reduction in occupancy at key bottleneck nodes. These improvements were attributed to C-

CASTERS’ ability to distribute evacuees across multiple viable routes and delay movement

when necessary to avoid congestion. The results demonstrated that capacity-aware planning

is essential for realistic, scalable evacuation strategies.

5.1.3 Chapter 4: Model-Free Learning and Physics-Based Evalu-

ation in UE5

Chapter 4 transitioned from DES to a physics-based simulation environment built in Unreal

Engine 5 (UE5), enabling more realistic modeling of agent movement, crowding, and

line-of-sight mechanics. This chapter also introduced model-free reinforcement learning

approaches—Q-Learning and N-Step Temporal Difference (TD) Learning—trained offline

in the DES and evaluated in UE5.

Across 90 experimental scenarios varying evacuee distributions, shooter spawn locations,

and evacuee densities, N-Step Temporal Difference Learning consistently outperformed both

Q-Learning and Naive ASTERS. It achieved the highest survival rate in all but one of the

parameter combinations, with survival rates reaching up to 87%. Q-Learning performed
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well in escape metrics but lagged in safety, while Naive ASTERS underperformed across

all metrics due to its lack of real-time adaptability and inability to account for physical

crowding.

The UE5 results validated the transferability of offline-trained policies in a DES to real-

time, physics-based environments. N-Step Temporal Difference’s temporal foresight allowed

agents to make safer, more strategic decisions, particularly in high-density scenarios. These

findings underscore the potential of model-free approaches for real-time deployment and

highlight the importance of incorporating intermediate rewards and temporal context into

evacuation strategies.

Together, the results from Chapters 2, 3, and 4 demonstrate a clear trajectory of

improvement in evacuation routing performance—from static, single-route planning to

dynamic, capacity-aware, and temporally informed decision-making. The progression from

model-based to model-free approaches, and from abstract simulation to physics-based

realism, provides a robust foundation for future work in real-time, deployable ASI evacuation

systems. N-Step Temporal Difference Learning, in particular, emerges as a promising

candidate for integration into intelligent guidance systems capable of saving lives in high-

stakes emergencies.

5.2 Impact and Implications

This work represents a significant advancement in the field of emergency evacuation planning

by introducing and evaluating reinforcement learning (RL)-based routing strategies tailored

to the unique challenges of ASIs. While the primary focus is on ASIs, the methodologies

and insights developed here have broader implications for emergency evacuations in general,

including those triggered by fires, natural disasters, and other dynamic threats. The impacts

of this work span theoretical modeling, algorithmic innovation, simulation fidelity, and

practical applicability.
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5.2.1 Implications for Emergency Evacuations in General

Traditional evacuation models often rely on static assumptions: fixed hazards, shortest-path

routing, and homogeneous evacuee behavior. These simplifications, while computationally

convenient, fail to capture the dynamic, uncertain, and often chaotic nature of real-world

emergencies. This dissertation challenges those assumptions by introducing a framework

that models evacuation as a sequential decision-making problem under uncertainty, where

both the environment and the threat evolve over time.

The use of Non-Homogeneous Semi-Markov Decision Processes (NHSMDPs) allows for

the incorporation of time-dependent transition probabilities and sojourn times, enabling the

modeling of scenarios where waiting in place may be safer than moving. This is a critical

departure from conventional shortest-path models, which typically assume that faster egress

is always better. By quantifying the trade-offs between movement, exposure, and safety, this

work provides a more nuanced understanding of optimal evacuation behavior.

Moreover, the introduction of capacity-constrained routing through the C-CASTERS

algorithm addresses a long-standing limitation in evacuation planning: the assumption of

infinite throughput. In reality, doorways, hallways, and stairwells impose physical limits

on how many people can move through them at a given time. By iteratively generating

multiple optimal routes and reserving capacity along them, C-CASTERS reduces bottlenecks

and improves overall flow efficiency. This approach is broadly applicable to any evacuation

scenario where congestion is a concern, including stadiums, airports, and urban evacuations

during natural disasters.

The transition from discrete event simulation (DES) to a physics-based environment in

Unreal Engine 5 (UE5) further enhances the realism and applicability of the findings. By

incorporating continuous-time dynamics, collision handling, and line-of-sight mechanics, the

simulation environment more accurately reflects the complexities of real-world evacuations.

This fidelity is essential for validating the effectiveness of routing algorithms and for building

trust among stakeholders who may implement these systems in practice.
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5.2.2 Implications for Active Shooter Incidents

ASIs present a uniquely complex challenge for evacuation planning. Unlike fires or

earthquakes, the threat in an ASI is intelligent, mobile, and often unpredictable. Traditional

evacuation protocols such as “Run, Hide, Fight” offer general guidance but lack the specificity

and adaptability needed to optimize survival outcomes in real time. This dissertation

addresses that gap by developing algorithms that dynamically adapt to the shooter’s location,

movement, and line of sight.

The Naive ASTERS algorithm demonstrated that even a relatively simple model-

based approach can significantly outperform expert-informed naturalistic responses. By

incorporating shooter location and node safety into the reward structure, the algorithm was

able to recommend strategic waiting and safer routes, reducing casualties and exposure time.

This finding challenges the prevailing assumption that immediate evacuation is always the

best course of action and underscores the importance of context-aware guidance.

The C-CASTERS algorithm further refines this approach by accounting for crowding

and capacity constraints. In ASIs, bottlenecks near exits can become fatal choke points. By

distributing evacuees across multiple routes and staggering their movement, C-CASTERS

reduces the likelihood of mass casualties due to congestion. This is particularly important

in environments like schools, where large numbers of individuals may attempt to evacuate

simultaneously through limited egress points.

Perhaps the most impactful contribution comes from the evaluation of model-free

approaches, Q-Learning and N-Step Temporal Difference Learning, in a high-fidelity

simulation environment. These algorithms, trained offline in a DES and deployed in UE5,

demonstrated the ability to make real-time decisions that adapt to dynamic threats. N-

Step Temporal Difference Learning, in particular, consistently achieved the highest survival

rates across a wide range of scenarios. Its ability to incorporate temporal foresight and

intermediate rewards makes it especially well-suited for ASIs, where the optimal action may

depend on anticipating future threat movements.

The success of these model-free approaches has profound implications for real-world

deployment. Unlike model-based methods, which require detailed knowledge of the
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environment and threat dynamics, model-free algorithms can learn optimal policies through

experience. This makes them more robust to modeling errors and more adaptable to new

environments. When paired with real-time shooter tracking systems, such as those using

computer vision or gunshot detection, these algorithms could provide personalized, context-

aware evacuation guidance to individuals via smartphones, digital signage, or public address

systems.

5.2.3 Broader Societal and Policy Implications

Beyond the technical contributions, this dissertation has broader societal implications. The

increasing frequency of ASIs in the United States and abroad has created an urgent need

for evidence-based, technologically advanced solutions. The algorithms and simulation tools

developed here offer a pathway toward more effective emergency preparedness and response

strategies.

From a policy perspective, the findings support the integration of intelligent evacuation

systems into building safety protocols. Schools, universities, hospitals, and other vulnerable

institutions could benefit from deploying RL-based routing systems that adapt to real-

time conditions. These systems could be integrated with existing infrastructure, such

as surveillance cameras and public address systems, to provide dynamic guidance during

emergencies.

The work also highlights the importance of simulation-based training for both evacuees

and first responders. The UE5 environment, with its high visual fidelity and support for

virtual reality, offers a powerful platform for immersive training. By simulating realistic

ASI scenarios, stakeholders can test and refine evacuation plans, identify vulnerabilities, and

build muscle memory for high-stress situations.

Finally, this research opens the door to important ethical discussions. As algorithms

begin to influence life-and-death decisions, questions about fairness, transparency, and ac-

countability become paramount. Future work must address these concerns by incorporating

ethical frameworks into algorithm design and by engaging with diverse stakeholders to ensure

that the systems developed are equitable, trustworthy, and aligned with community values.
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In summary, this dissertation advances the science of emergency evacuation planning by

introducing a suite of reinforcement learning algorithms that are context-aware, capacity-

sensitive, and adaptable to dynamic threats. While the primary focus is on active shooter

incidents, the methodologies and insights have broad applicability to a wide range of

emergency scenarios. By bridging the gap between theoretical modeling and practical

implementation, this work lays the foundation for intelligent evacuation systems that can

save lives and enhance public safety in an increasingly uncertain world.

5.3 Future Work

5.3.1 Offline Learning to Physics-Based Evaluation

One of the most significant contributions of this dissertation lies in the successful demonstra-

tion of offline-trained reinforcement learning (RL) agents being deployed and evaluated in a

high-fidelity, physics-based simulation environment. This advancement bridges a critical gap

between theoretical algorithm development and practical, real-time application in complex,

dynamic environments such as ASIs. The ability to train agents offline, where computational

resources are abundant and safety is not a concern, and then apply those learned policies

in a realistic, real-time simulation represents a major step forward in the development of

deployable intelligent evacuation systems.

Offline Training: Efficiency and Scalability

Offline training offers several advantages over online or real-time learning, particularly in

safety-critical domains like emergency evacuation. First, it allows for extensive exploration

of the state-action space without the risk of real-world consequences. In this work, both

Q-Learning and N-Step Temporal Difference Learning agents were trained over hundreds of

thousands of episodes in a DES, enabling them to experience a wide variety of scenarios,

including different shooter locations, evacuee distributions, and environmental layouts.

Second, offline training is computationally efficient. Training in a DES environment

is orders of magnitude faster than training in a physics-based engine like UE5, where
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each simulation step must account for continuous-time dynamics, collision detection, and

rendering. By decoupling the training phase from the deployment environment, this approach

enables rapid iteration, hyperparameter tuning, and policy refinement without incurring the

computational overhead of high-fidelity simulation.

Third, offline training supports reproducibility and explainability. The tabular Q-values

generated during training provide a transparent mapping from states to actions, allowing

researchers and practitioners to audit the decision-making process. This is particularly

important in high-stakes applications where trust and accountability are paramount.

Application to Physics-Based Simulation: Realism and Transferability

The successful deployment of offline-trained agents in UE5 demonstrates the feasibility of

transferring learned policies from abstract simulation to realistic environments. This is a

non-trivial achievement, as the transition from DES to UE5 introduces several complexities:

• Continuous time and space: Unlike DES, which operates in discrete time steps and

grid-based movement, UE5 simulates continuous motion governed by physics.

• Agent embodiment: In UE5, agents are embodied entities with physical dimensions,

subject to collisions, inertia, and crowding effects.

• Perception realism: Line-of-sight in UE5 is determined by the agent’s orientation and

field of view, rather than abstract visibility graphs.

Despite these challenges, the N-Step Temporal Difference Learning agent maintained

strong performance in UE5, consistently achieving the highest survival rates across a range

of scenarios. This suggests that policies learned in simplified environments can generalize

to more complex settings, provided that the state and action representations are carefully

designed. In this work, the state space was defined as a tuple of the evacuee’s and shooter’s

locations, and the action space was constrained to room-to-room transitions, allowing UE5’s

native navigation system to handle low-level pathfinding and collision avoidance.

This modular architecture—where high-level decision-making is handled by the RL agent

and low-level execution is delegated to the simulation engine—offers a scalable blueprint for

future intelligent evacuation systems.
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5.3.2 Toward Real-Time, Adaptive, and Human-Centered Sys-

tems

Building on the foundation established in this dissertation, several promising directions for

future research emerge:

Online and Continual Learning in Physics-Based Environments

While offline training is efficient and safe, it lacks adaptability. In real-world scenarios,

conditions may change in ways not anticipated during training—new building layouts,

unexpected obstacles, or novel threat behaviors. Incorporating online or continual learning

capabilities into RL agents would allow them to adapt to these changes in real time. This

could be achieved through techniques such as experience replay, meta-learning, or hybrid

architectures that combine model-free and model-based components.

Training directly within UE5, while computationally intensive, would allow agents to

learn from the full richness of the environment, including nuanced crowd dynamics and

emergent behaviors. Advances in parallel simulation and GPU acceleration could help

mitigate the performance costs.

Multi-Agent Reinforcement Learning (MARL)

The current work focuses on single-agent decision-making, where each evacuee acts inde-

pendently based on their own state. However, real evacuations involve complex interactions

among multiple agents, including cooperation, competition, and communication. Multi-

agent reinforcement learning (MARL) offers a framework for modeling these interactions,

enabling the development of coordinated evacuation strategies.

Future work could explore centralized training with decentralized execution (CTDE),

where agents are trained with access to global information but act independently at runtime.

This approach could support the emergence of leader-follower dynamics, group cohesion, and

adaptive role assignment.
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Integration with Real-Time Sensing and Communication Systems

For RL-based evacuation guidance to be deployed in practice, it must be integrated with real-

time sensing systems that provide accurate and timely information about the environment.

This includes shooter detection (via computer vision or gunshot localization), evacuee

tracking (via RFID or smartphone signals), and environmental monitoring (fire or smoke

sensors).

Future systems could use this data to update the state of the environment in real

time and re-plan routes accordingly. This would require robust data fusion, low-latency

communication, and fault-tolerant decision-making algorithms.

Human-in-the-Loop and Ethical Considerations

As intelligent evacuation systems begin to influence human behavior in life-or-death

situations, it is essential to consider the human factors and ethical implications. Future

research should explore how evacuees perceive and respond to algorithmic guidance, how to

design interfaces that foster trust and compliance, and how to balance individual autonomy

with collective safety.

Ethical frameworks must also be developed to guide decision-making in scenarios where

not all evacuees can be saved. Questions about fairness, prioritization, and transparency

must be addressed through interdisciplinary collaboration with ethicists, psychologists, and

community stakeholders.

Generalization Across Environments and Threat Types

Finally, future work should aim to generalize the learned policies across different building

layouts, population densities, and threat types. This could involve training agents on a

diverse set of simulated environments or using transfer learning techniques to adapt policies

to new domains. The ultimate goal is to develop robust, general-purpose evacuation agents

that can be deployed in a wide range of emergency scenarios, from ASIs to fires, earthquakes,

and chemical spills.
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This dissertation demonstrates that offline-trained reinforcement learning agents can be

effectively deployed in high-fidelity, physics-based simulations to guide evacuees during active

shooter incidents. By combining the efficiency of offline training with the realism of UE5,

this work lays the groundwork for intelligent evacuation systems that are both practical and

powerful. Future research will build on this foundation to develop adaptive, multi-agent, and

human-centered systems capable of saving lives in the most challenging of circumstances.

5.3.3 Deep Learning Agents in the DES

While not part of the proposed work, we pushed forward into the field of deep learning agents

in the DES after seeing the successful implementation of DES training with UE5 execution.

So far, we have attempted two approaches with varying degrees of success and continue to

modify and improve our approaches in this arena.

Multi-Task Deep Q-Learning

We have developed and began training a Multi-Output Deep Q-Learning agent in our custom

DES. The architecture for the network is in Figure 5.1. The input layer has 71 inputs

containing the occupancy of each of the 70 nodes in the Cyclic Dorm Floor and the final

input is the shooter’s location. The network passes the inputs to three fully-connected hidden

layers utilizing a Leaky ReLU activation function. The final hidden layer passes the ”results”

to the output layer consisting of 70 nodes with each one representing evacuee decision at

each of the 70 nodes. The benefit of this approach is that there is a single input layer and

all of the output tasks use the same hidden layers i.e. a single network is learning all of the

actions for the nodes. The agent is a Double Deep Q-Learning agent meaning it is making

use of an additional target-network to stabilize the training process and remove error due

to rapidly changing value functions. Further, the agent is making use of prioritized memory

replay which prioritizes ”valuable” memories when using the memory batches to learn.

Unfortunately, our initial results in Figure 5.2 leave a lot of room for improvement.

Using the single network, while it seems like it should be more efficient, requires a much

larger network resulting in much longer time to complete single episodes (upwards of 30
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Figure 5.1: Multi-Output Deep Q-Learning Architecture

Moving Average of Escapes, Casualties, and Time for DDQN Agent Learning

Figure 5.2: Multi-Task Double Deep Q-Learning Agent Learning
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minutes). This makes training difficult, even in the DES, as it can take some time to see if

the agent is learning or not. Figure 5.2 shows the learning of the agent over the first 1000

episodes. The graph is tracking the moving average of the last 50 episodes with regards to

escapes, casualties, and the time to complete an episode. The casualties and escape seem to

be in a steady state with very little changes, while the time to complete episodes is slowly

increasing. This model approach may require significantly more training which we plan to

continue to do on lab computers with better GPUs than what is currently being used.

Multi-Agent Deep Q-Learning

We are also training a Multi-Agent DQN with better success. Figure 5.3 shows a visualization

of one of the architectures for the system. There are 70 individual agents in the system.

Each agent’s state space is made up of the occupancy of all of the adjacent nodes, including

its own, and the shooter’s current position so it is unique to each agent. We used this

more restricted state space to try to simplify the inputs for the decision to encourage easier

learning. The inputs are passed through three hidden layers and then to a single output layer

that represents the decision for that particular node. Another potential benefit of this system

is the individualized decision made by the agents would not require the computation of a

larger system, further, computation requirements would be reduced if there are no evacuees

in an agent’s node because no action will be required.

Figure 5.3: Multi-Agent Deep Q-Learning Architecture
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The training for the multi-agent system started much better than the multi-output agent.

Figure 5.4 shows the learning of the multi-agent system in the DES environment. The multi-

agent system provided the benefit of much shorter episode times taking approximately 15 to

20 seconds for real-time to complete. Training was much faster and you are able to observe

the improvements in the metrics of interest as escape slowly increases, casualties decreases,

and the time per episode decreases. The ϵ-greedy policy that we used during training slowly

decayed the epsilon value as actions were taken for each agent. In Figure 5.4, the ϵ decayed

too quickly and around the 5000th episode the agents regressed in their actions. It is likely

the agents did not see enough training repetitions before ϵ decayed too far and the system

became unstable. We plan to retrain the agents will a much slower ϵ decay in hopes that

addresses the instability and continues to allow the agents to learn as they were prior to the

5000th episode. This has also led us to push forward into other multi-agent systems.

Multi-Agent Actor Critic (MAAC) Approaches

Seeing the struggles the other two approaches had, we plan to continue to move towards

more state of the art NN techniques for agent learning. The integration of DNNs and

Moving Average of Escapes, Casualties, and Time for DDQN-Multi Agent

Figure 5.4: Multi-Agent Double Deep Q-Learning Network
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MAAC frameworks could represent a further significant advancement in the development

of intelligent evacuation systems, particularly for complex, high-stakes scenarios like ASIs.

DNNs serve as powerful function approximators, enabling agents to generalize across large,

continuous state spaces and learn directly from high-dimensional inputs such as spatial

layouts which could include the occupancy and visualizations of crowds. This capability

is especially valuable in dynamic environments where handcrafted state representations are

insufficient. DQNs and recurrent architectures can be employed to process spatial and

temporal information, allowing agents to make context-aware decisions that adapt to evolving

threats and environmental conditions.

Multi-agent actor-critic approaches extend this capability by enabling decentralized

coordination among evacuees. Using a centralized or shared critic with decentralized

actor architectures, agents learn to cooperate, avoid congestion, and dynamically adjust

their behavior based on shared goals and real-time updates. These methods are well-

suited for modeling group dynamics, leader-follower behavior, and adaptive routing under

uncertainty. When combined with real-time sensing systems and simulation platforms like

UE5, DQNs and MAAC approaches offer a scalable, flexible foundation for next-generation

evacuation planning—capable of learning from experience, adapting to new environments,

and ultimately improving survival outcomes in ASIs and other emergency scenarios.
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