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NASA’s Scalable Traffic Management for Emergency Response Operations (STEReO)
project aims to leverageUnmannedAerial Systems (UAS) andUASTrafficManagement (UTM)
to improve asset coordination and overall emergency response. One application of STEReO
is wildfire response, which is the focus of this research. In order to implement the operations
described in the STEReO project, these additions must have tangible benefits and proven safety.
To this end, the System Modeling and Analysis of Resiliency in STEReO (SMARt-STEReO)
project constructs a simulation model, developed through the Python modeling and resiliency
analysis package fmdtools. The model describes wildfire response operations, including cur-
rent operational concepts and emerging concepts utilizing UAS as described in STEReO.While
previous simulation models focus primarily on fire propagation with some models including
emergency response intervention, SMART-STEReO evaluates the system performance and
resilience benefits gained by the addition of UAS and UTM. Due to the novelty and complexity
of the model, initial model verification and validation efforts are conducted and a detailed
description of the model is provided. Preliminary results from experimental analysis on the
SMARt-STEReO model indicate that when compared to current operations, the addition of
UAS in wildfire operations results in improved response efforts, in terms of fewer acres burned,
as well as improved system resilience in response to a given fault.

I. Introduction

Wildfire response has traditionally relied on relatively low-tech solutions, such as radiotelephony, to coordinate
ground and aerial assets. In this setting, operators must listen to multiple radio frequencies and use this information

along with line-of-sight visuals to coordinate their response. While these solutions are necessarily robust in remote
environments, they limit strategic cross-organizational support. This includes limitations of the ability to deploy and
effectively utilize aerial assets, such as Unmanned Aerial Systems (UAS). As aircraft become more advanced and new
technologies such as drones and autonomous systems become available, there is potential to improve emergency wildfire
response by using a new, more modern method of asset coordination that incorporates these technologies. It is expected
that UAS will benefit wildfire response operations in a number of ways, including surveillance and logistics delivery.
UAS traffic management (UTM) can improve coordination in these situations. However, because the application of
these technologies in wildfire response operations is still relatively new [1], there is a need to understand and quantify
the benefits and drawbacks of these systems.

Resilience is a growing concern for emerging aviation operations due to issues of known brittleness in autonomy
and the safety criticality of such operations [2]. Autonomous systems, such as UAS, often perform best only under
scenarios they are specifically designed to handle, resulting in “brittle” rather than resilient operations. Resilience, in
contrast, is the inherent ability of a complex engineered system to mitigate hazardous scenarios from a comprehensive
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(prevention and recovery) standpoint [3]. Because of the complexity and risk involved in wildfire response, there are
many unforeseen contingencies that current emergency response operators must manage. These high-risk considerations
include the unpredictable behavior of fire rate and direction of spread due to weather, terrain, and fuel, the need for
timely coordination, and the human risk of both civilians and emergency response personnel. In these operations, faults
and failures are inevitable and costly. Therefore it is important to design these autonomous systems in aerial wildfire
response to prevent and adapt to faults [4, 5]. To enable safe and effective operations of systems involving autonomy,
such as UAS and UTM technologies, it is therefore important to explicitly consider resilience in addition to performance
to assess whether the technologies can adapt to contingencies as well as – if not better than – current operators. This
research investigates how adding UAS and UTM into wildfire response impacts the performance and resilience of the
response effort.

To this end, the “System Modeling and Analysis of Resiliency in STEReO” (SMARt-STEReO) project develops
and utilizes an integrated model of wildfire propagation and response. The model enables the quantification of the
additional system resilience gained from the use of UAS for surveillance and logistics delivery. While there are
existing models of fire propagation [6–9], some of which also include the influence of suppression efforts [10, 11],
there has been little research on the resiliency impact of emerging technology using modeling and simulation. The
SMARt-STEReO model demonstrates how a wildfire response system contains fires by modeling aerial and ground
assets, fault scenarios, and ground/weather conditions. This model uses the fmdtools Python package for simulation
and resilience quantification [12], which enables the simulation of a systems response, and thus resilience, to fault
scenarios under different response concepts (e.g., with and without different assets such as UAS). The model simulates
the behavior and interactions of various firefighting personnel, including user-defined combinations of air tankers,
helicopters, UAS, ground crews, and the resulting dynamic effect on fire propagation.

Due to the complexity of the model, it is first necessary to determine whether the scope of the model is appropriate
for experimental analysis. As such, this study first examines model verification and validation prior to trends in the
performance and resilience of STEReO technologies. The research questions (Q1-3) addressed are:

1. What is the appropriate scope of applications that the model is currently verified and valid for?
2. (a) Is there a difference in performance, in terms of metrics such as acres burned, when UAS is added into

wildfire response?
(b) If so, is this difference apparent in both nominal and off-nominal conditions?

3. (a) Does the addition of UAS in wildfire response increase resilience in the system in response to an
individual fault?

(b) If so, what is the effect size?
In addressing questions 2 and 3,the following hypotheses are developed and statistically tested (H2-H3):
2. (a) We predict the implementation of UAS will increase performance in wildfire response in both conditions.

(b) The increase of performance will be at least equally, if not more, apparent in off nominal cases
3. (a) We predict that the addition of UAS will increase resilience in response to a given fault in the system.

(b) We predict the effect size to be small to medium, however, the effect size will vary depending on the fault
injected. The experimental effect size may not accurately represent the true effect given our modeling
methodology and limitations to our model.

The following section provides background information on the current approaches to wildfire suppression, the
proposed implementation of STEReO, current methodologies and approaches to resilience, and a description of fmdtools.
Then, a detailed description of the model is provided. Next, to answer the first research question, preliminary model
verification and validation efforts are presented. Finally, remaining research questions are experimentally explored
through statistical analysis performed on results from Monte Carlo simulations on the model.

II. Background

A. Wildfire Response Operations
According to the U.S. Forest Service, there are an average of 7500 wildfires every year on National Forests and

Grasslands, over half of which are caused by humans [13]. The top priority of wildfire response is safety of the public
and of personnel [13]. In some cases, wildfires can be safely and effectively managed to reduce fuels and provide
benefits to certain ecosystems [13]. However, left unchecked, wildfires can threaten human lives, private property, and
natural and cultural resources [13]. To contain wildfires, strips of nonflammable material that inhibit the spread of the
fire, known as fire lines or control lines, are constructed. Ground crews are responsible for the construction of fire lines,
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primarily using hand tools to dig to mineral soil where a line is desired. Many of the other wildfire response activities
exist to support the construction of fire lines. Notably, aerial operations work to support fire line construction in several
ways. Air tankers and helicopters perform water or retardant drops. Drops assist ground crews by providing them the
opportunity to complete sections of line, to connect sections of line where line construction is difficult and slow, to cool
off a section of line to allow ground forces to directly attack, to strengthen and reinforce control lines which may be too
narrow to contain the fire, and to pretreat fuels in advance of line burning [14]. Additionally, aircraft can be used for
crew and supply transport, reconnaissance, and aerial ignition [14].

At present, much of the technology wildfire response uses to communicate, coordinate, and commence operations
has not significantly changed over the years. Typically, the only means of communication are with voice through radio
and a visual line-of-sight. The response is managed by the incident commander, who identifies areas of interest and
assigns ground or aerial crews to the targets. For aerial operations, an aerial supervisor receives the targets from the
incident commander, decides the best methods to proceed utilizing the resources available, and then communicates
flight plans to individual aircraft. Operators, supervisors, and commanders do this using “volume stacking”, where
they adjust the volume of all incoming radio channels so the most important are the loudest and the least important are
quieter. The aerial supervisor is positioned in an aircraft at the top of the fire traffic area (FTA) in order to see all aircraft
below and monitor the fire status. Given the ad-hoc nature of these processes, there is an opportunity to leverage new
technologies to upgrade the current system for a more effective response.

B. Scalable Traffic for Emergency Response Operations (STEReO)
The STEReO project investigates the application of NASA UAS and UTM technology to emergency response

situations, including wildfire response, to improve operational effectiveness by leveraging vehicle autonomy, improved
communications, and software for better coordination [15]. Since currently little data is exchanged between pilots and
operators without going through the coordinator, UTM has the potential to reduce the load of the aerial supervisor.
Additionally, UAS could be used as relays for these communications to increase communication bandwidth and resilience.
While currently UAS are sometimes used in wildfire response, their use is limited to collecting data and providing
situational awareness. Sections of the airspace must be cordoned off to allow for UAS flight, and therefore UAS do not
coordinate fully with other assets. A UTM system that allows UAS to fly in conjunction with other aircraft could thus
increase the effectiveness of existing UAS capabilities. This may enable consideration of additional UAS capabilities if
integrated properly, including small item delivery and aerial ignition. STEReO has the potential to reduce the load on
manned aircraft and reduce the overall risk to human lives [1, 15].

C. Existing Models
There are multiple existing models for wildfire propagation. One of the most influential models was created by

Rothermel in 1972, where energy conservation equations were utilized to develop an elaborate fire growth model.
Rothermel considered the fire as a sequence of ignitions that could be represented by equations, using only variables
that are able to be measured and quantified in real life [6]. Many modern models incorporate Rothermel’s equations,
including BehavePlus [7], FARSITE [8], and DEVS-FIRE [9]. These models are used by fire responders in some
scenarios to determine their best plan of attack. The models include the effects of wind, terrain, fuel type, and humidity,
and have been verified a number of times [9, 16, 17]. In addition to modeling fire behavior, other models include effects
of suppression efforts [10, 11].

Deng and Liu quantify the benefits of UAS by looking at the load they can carry and therefore reduce from other
aircraft [1]. Their research uses back propagation neural networks to evaluate the efficiency of the UAS [1], but their
model does not incorporate fire propagation or the other actors in fire response. SMARt-STEReO includes both fire
propagation behaviors and suppression efforts, as well as the effect of numerous faults and mitigation efforts.As a
result, unlike existing previously-developed stand-alone models, the SMARt-STEReO integrated model can be used to
understand both the performance and resilience of wildfire response operations.

D. Resilience
Resilience is, broadly, a system’s ability to prevent and mitigate faults, which can include reliability, robustness,

recovery, and reconfigurability [18]. The major difference between system resilience approaches and traditional
reliability approaches is that resilience approaches consider the adaptation and recovery of the system post-event, rather
than only fault prevention [19, 20]. As a result, to assess the resilience of a system, it is important to model the system’s
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dynamic behavior post-event to determine how the system recovers and adapts [21]. Because of this dynamic property,
a number of modeling frameworks have been presented to simulate the effect of faults (and the resulting recovery and/or
adaptation) to assess resilience, including OpenCossan [22] and a number of libraries for use with Matlab, Simulink,
and Modelica models (see [12] for a detailed discussion). While these approaches are useful for simulating resilience in
detailed pre-existing models developed in proprietary toolchains, they limit the ability to extend the modeling paradigms
to suit fault propagation, visualization, and resilience assessment in more complex problems, where it is often necessary
to define a more complex simulation and/or propagation framework. Thus, prior work has developed the fmdtools
toolkit to enable a more expressive and adaptable code-based model representation while providing integrated tools for
high-level resilience assessment and visualization [12].

This paper uses the fmdtools framework to develop and assess the resilience of the high-level SMARt-STEReO
model of wildfire propagation and emergency response. Models in fmdtools are made of two main classes: functions and
flows. Functions can have dynamic behaviors, fault modes, variable states, and components, and can represent the agents,
components, or tasks that the system performs. Flows, on the other hand, represent the energy, material, signal, or other
attribute passed between or shared by individual functions. To simulate a model constructed in this way, the behavior of
each function is run and propagated through the model over a set of discrete time-steps. To assess resilience, these
simulations are run over a set of fault modes over a set of possible injection times to quantify the statistical expectation
of the integral of performance losses for those modes over each simulation [23]. This expectation of performance loss
captures the important attributes of resilience (i.e., reliability, robustness, recovery, etc.) so that designs with different
hazard responses can be compared. In this paper, the fmdtools simulator is used to assess resilience by simulating
individual fault scenarios over a set of different maps and quantifying the resulting performance losses.

III. Model Development
The SMARt-STEReO wildfire response model is built using the python package fmdtools, an open-source python

package for simulating the dynamic response of systems to hazardous scenarios and quantifying the associated
resilience [12]. As described in Section II, fmdtools models consist of functions, which define model behaviors, and
flows, which define connections between functions. In the SMARt-STEReO model, functions constitute the aerial and
ground assets (e.g., aircraft, ground crews, incident commander), as well as the propagation of the fire, as shown in
Table 1. Flows constitute the communications between aerial and ground assets, as well as the ground and terrain itself.
The relationships between these functions and flows are shown in Fig. 1, where nodes with an “H” are helicopters,
“T” are air tankers, “GC” are ground crews, “EC” are ground crews with fire engines, “S” are surveillance UAS, and
“UAV” are delivery UAS. Using this model, one can compare various wildfire suppression strategies both over sets
of nominal operational scenarios (i.e., different fire conditions) and over the hazardous events modeled as faults in
Table 3. While a full model description can be found at [24], the next subsections describe the parameters, behaviors,
and resilience/performance analysis of this system in further detail to understand the contribution of this paper.
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Fig. 1 Network graph illustrating high-level func-
tions and flows in the SMARt-STEReO model.
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Table 1 Model function classes and their respective roles in the model and operational modes.

Function Purpose Operational Modes
Incident Comman-
der

Coordinates attack and identifies highest-threat locations; sends locations
to aerial supervisor and crews

Identify Threats, Assign Firelines,
Move Surveillance Assets

Aerial Supervisor Updates the perceived fire grid based on surveillance and coordinates
drop locations for the tankers and helicopters based on list from incident
commander

Move, Ground, Loiter, Refuel

Tanker Drops retardant or water at points specified by the aerial supervisor Ground, Refill, Drop, Major Failure
Helicopter Transports ground crews to their communicated desired locations, either

to the fire line or back to base; water drops and surveillance if needed
Surveillance, Drop, Refuel, Delivery,
Ground Crew Transport

Ground Crew Creates fire break at a location specified by the incident commander New Location, Helicopter Transport,
Land Cut, Standby, Rest

Engine Crew Creates fire lines that are continuous and long Move, Land Cut, Rest, New Location
UAS Perform supply deliveries to ground crews when needed Delivery, To Base, At Base
Surveillance UAS Performs surveillance Move, Ground, Loiter, Refuel
Fire Propagation Models how the fire has changed over a given time step and updates spread

four times in one time-step
Fire Spread

Table 2 Model flow classes used to transfer information between functions.

Flow Purpose Variables Connected Functions
Ground Stores the data for each grid point; allows for the

interaction between the fire spread and suppression
efforts (drops, firelines)

Time, fuel, fuel type, and
altitude for each point

Ground Crews, Engine
Crews, Tankers, Heli-
copters, UAS, Surveillance
UAS, Incident comman-
der, Aerial Supervisor, Fire
Propagation

Perceived Ground Used for relaying information about the fire grid to
the incident commander in a realistic way, specifically
allows for the inclusion of a lag; stores information
about where ground crews are located

Time, fuel, fuel type, and
altitude for each point

Surveillance UAS, Incident
Commander, Aerial Super-
visor

Aerial Comms Used to communicate threat list from incident comman-
der to aerial supervisor

Threat list Aerial Supervisor, Incident
Commander

Asset Comms Used to communicate fire line locations, drop locations,
as well as the current location, future destination, and
mode of each asset; each asset has its own communica-
tions flow connecting it to different assets

’X’ location, ’Y’ location,
mode, ’X’ destination, ’Y’
destination, failure

Tanker, Helicopter, Ground
Crew, Engine Crew, UAS,
Surveillance UAS

Crew Status Ground and engine crews have additional status updates
that need to be communicated besides those in the
standard communications; each crew has their own
status flow

Level of fatigue, supplies,
injury status, efficiency, fire
line location, crew location,
destination, and operational
mode

Engine Crew, Ground Crew
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Table 3 Details of the faults and resulting behaviors that can be injected in the model.

Fault Assets Affected Behavior
Major Mechanical
Fault

Aerial Supervisor, Tanker, Heli-
copter, UAS, Surveillance UAS

Emergency landing at closest point on the grid that does not currently
have a fire, has no fuel, and is not an obstacle in the initial landscape.

Minor Mechanical
Fault

Aerial Supervisor, Tanker, Heli-
copter, Surveillance UAS

Pause any task they were engaged in at the time of injection and return
to the airbase. Once they arrive at the airbase, the fault is removed and
nominal operation resumes.

Comms Loss Incident Commander, Aerial Super-
visor, Tankers, Helicopters, Ground
Crews, Engine Crews, UAS, Surveil-
lance UAS

Dependent on asset affected. Generally they continue current operational
states based on previous information and cannot receive new information,
such as a new threat list or new drop location. Removed after one time
step.

Critical Tool
Breaking

Ground Crew, Engine Crew Regular ground crews go into ‘standby’ mode until a helicopter or UAS
makes a delivery. Once the supply delivery is made, nominal functioning
resumes. Engine ground crews travel to the ground base to pick up
supplies, resulting in fault removal and return to nominal operations.

Degraded Naviga-
tion

UAS, Surveillance UAS Navigation system is malfunctioning temporarily. The UAS safely lands
at the closest safe spot, the fault is removed in one time step, and normal
operation resumes.

Tracking Position UAS, Surveillance UAS UAS’s position is no longer being tracked or communicated. The UAS
returns to the base, the fault is removed in one-time step, then normal
operation resumes.

A. Parameters and Inputs
Parameters in the model can be adjusted to specify a particular scenario. The grid size and resolution, for example,

can be adjusted to suit a variety of map sizes, as well as location and dimensions of cities, air bases, ground bases, and
water sources. In Figure 3b, the city is located on the far right of the grid along side the ground and air bases, and a
water source is located towards the bottom left, slightly off center. The fire is affected by parameters for the initial spark
location, wind direction, wind speed, and whether the grid point attributes are random, uniform, or some other defined
pattern. This pattern is used to assign characteristics that govern fire spread, including how long a point takes to catch
on fire and how long it burns. A uniform pattern sets all points to the same values, the random pattern sets each value to
a random number within a desired range, and a custom pattern could be created to model a specific scenario. Obstacles
are points that have no fuel and can never catch fire, such as a paved road, and they are also created in accordance to the
designated pattern.

The quantity of each asset can also be adjusted, as can the tanker drop size, efficiency, and quantity. The degree of
state awareness of the response team regarding the fire location and spread can be set as either "perfect" or "perceived",
with the latter more accurately representing real operators who rely on information gained from surveillance missions
for decision-making. Fire lines are formed in a perimeter around the fire, where each side is located at a given length
from the origin of the grid. The protection of different sides can be prioritized using different modes. Altitude and
spacing for all aerial assets can also be specified. Air tankers, helicopters, UAS, and the aerial supervisor all tend to fly
at different altitude ranges, so this parameter allows the user to visualize how the airspace is used [14].

The model grid size, resolution, time step, and asset speeds are all interconnected and must be appropriately tuned
for a given scenario. In this research, a 2000m by 2000m grid with an eight-minute time step is selected. The model is
run for sixty timesteps, which corresponds to a total response time of eight hours. The timestep is selected based on the
desired grid size while considering ground crew and aerial asset speeds. Other important variables, such as aircraft drop
impacts, crew fatigue, and tool resupply can be adjusted to appropriately match the timestep.

B. Outputs and Performance Analysis
To understand the results of simulations, a number of different visualizations have been developed which display the

dynamic behaviors and the effects of different responses. An integrated animation of the grid displays where drops are
conducted, the movement of assets, the formation of fire lines, and the propagation of the fire can also be displayed if
desired. Behavior in response to various faults can be displayed, as seen in Fig. 4a and 4b.

Various performance metrics are used to determine how successfully a response contains the fire. Some metrics the
model calculates are the total acres burned, the percent of the grid that is burned, the percent that is currently on fire, the
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(a) Altitude per grid point. This simula-
tion uses a uniform altitude map.

(b) Fuel per grid point. Black points
indicate no fuel. Grey points indicate
all fuel is burnt.

(c) Flame length of the grid points cur-
rently on fire.

Fig. 3 Altitude, fuel, and flame length at progressive simulation times.

percent of the edges of the grid that are burned, and the percent of the edges of the grid that are on fire, seen in Fig. 2.
The total area provides insight on the response’s ability to minimize spread, while the edges gives understanding on
the response’s ability to contain the fire. Burned metrics are useful for analyzing the total destruction from an entire
simulation and fire metrics can show when the fire itself is growing or decreasing in size. Another metric used to
determine success examines whether an area of the grid designated as a city catches on fire, and if so what percentage of
it is affected. This metric helps determine the response’s ability to protect valuable areas and assets. In Fig. 2, it is
evident three ground crews results in a better response than just one ground crew.

C. Fire Propagation and Suppression Response
The fire propagation function models how the fire changes over a given timestep.Each point in the grid has four

properties of interest to the fire propagation: time, fuel, fuel type, and altitude. Initial values for these properties are
assigned based on the pattern described in Section III.A. In this context, time refers to how long the grid point takes to
catch on fire, fuel represents the amount of fuel at a point, fuel type impacts how hot the fuel burns, and altitude is used
to model the topography of the grid. If a point is adjacent to a point that is on fire, the point’s time value is adjusted
based on the slope between the grid points and wind. While a point is on fire, it has an additional property – flame
length, which is calculated using the fuel type. The point remains on fire until the fuel runs out. Fig. 3b depicts the fuel
characteristics of the grid at C = 25, while Fig. 3c shows the flame lengths at C = 50. There are four points on fire at
C = 25, as seen by the red outline in Fig. 3b, and seven points at C = 50 shown with colored points in Fig. 3c.

The ground information flow stores the data for each grid point.This flow is connected to the wildfire spread function
and each of the assets. The wildfire spread function uses the ground information flow to determine how the fire will
spread and updates the grid accordingly. The tanker aircraft, helicopters, and ground crew suppression efforts are
represented on the grid in the ground information flow. When a tanker makes a drop or a ground crew builds a fire
line, it affects the corresponding grid points. In Fig. 3b and 3c the construction of the firelines occurs at G = −900,
G = 900, H = −900, and H = 900. Suppression efforts are coordinated and performed by the incident commander, aerial
supervisor, tanker aircraft, helicopters, ground crews, ground crews with engines, and UAS.

D. Faults
The injection of faults into a system is necessary to understanding the system’s resilience overall and in response to

a given fault. Fmdtools enables faults to be injected into functions at a given time, in addition to enabling a variety of
resilience analyses [12]. A list of faults, their resultant behavior, and the model components into which they can be
injected is displayed in Table 3. The two faults most relevant to this paper are the major mechanical failure to the aerial
supervisor and a critical tool fault in a ground crew. These are the most relevant since their effects on model behavior
will be examined in depth in Section V. When the aerial supervisor experiences this major fault, they immediately land
and can no longer perform surveillance, seen in Fig. 4a. However, the aerial supervisor continues to communicate drop
locations to tankers and helicopters, and can reassign surveillance tasks to a UAS or helicopter if available. When the
minor critical tool fault occurs in the ground crew, the crew shifts to “standby” mode until a delivery is made by a UAS
or helicopter, visible in Fig. 4b.
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Fig. 5 Performance differences due to changes in the response.

IV. Verification and Validation
The SMARt-STEReO model is complex and can only provide insight for experiments that are within its scope, and

thus the scope must be appropriately validated and verified (Q1). Verification is the process of ensuring a model is
correctly created with no apparent bugs or errors in the software or model itself. On the other hand, validation ensures
the model actually measures and represents the intended phenomenon. When considering the validity of a model it is
important to consider the face validity, testing, and comparison to real data [25]. Face validity for both individual assets
and the overall model was partially confirmed through expert validation and comparison to a concept of operations
(ConOps) developed for this project, which includes detailed state machines [26]. Preliminary testing is performed to
check behavior of the fire propagation as well as individual assets and crews. Individual aspects of the model are also
compared to real data. Throughout model development, standard debugging and manual testing practices are followed
to verify accurate model behavior. At this stage in development, the model is designed to simulate high level system
behavior, and verification and validation efforts are ongoing.

The verification of the behavior of assets is performed in numerous methods. Fig. 5a and 5b are delta graphs that
examine the impact of additional crews and decreased situational awareness, respectively. In this instance, the response
is analyzed in terms of the amount of fuel at a given grid point. The delta graphs show that, as expected, additional
tankers greatly improve the response, while decreased situational awareness degrades the response. Next, the effect
of individual assets and crews is verified. First, a baseline response consisting of two air tankers, two helicopters,
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three ground crews, three engine crews, and no UAS is simulated over 100 random fuel grids with the time of fire
line completion recorded over each iteration. Then, each asset or crew is incremented separately and the simulation
is run over the same 100 grids. Fig. 7 illustrates the results of this testing over 100 random grids. The addition of
supplemental crews successfully decreases the fire spread, as evident by the negative relationship between number of
assets and time of fire line completion. It is evident that as expected different assets have varying impacts on fire line
time completion. Ground crews and engine crews who are directly constructing the lines have the greatest impact on the
time of completion, whereas assets with a more indirect contribution, such as tankers and helicopters, have a smaller
impact on completion time. Verification is also performed using other performance metrics such as acres burned. These
additional verification steps provide similar results, with increases in individual assets resulting in fewer acres burned
overall, yet in this case aerial assets (tankers, helicopters, surveillance UAS) have the largest impact. These results
support the notion that each type of asset has a tangible effect on the fire suppression efforts, as expected. While these
results are sufficient for the purpose of studying our high level experimental questions, they do not indicate external
validity or generalizability at a granular level, and thus it would be inappropriate to assume the impacts of each asset are
identical to their real life counterparts without further analysis and development.
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Fig. 6 Comparison of effect of windspeed on
fire propagation in SMARt-STEReO to other
models.

Fig. 7 Asset verification by showing influence
of assets on fire line completion time.

The model was validated to an acceptable level of fidelity through extensive research on fire propagation and
firefighting tactics, in addition to conversations with Joey Mercer, the lead Principal Investigator for STEReO. A forty
page concept of operations was developed for SMARt-STEReO highlighting current firefighting procedure using
state-machines, fire propagation trends, and the attempts made to match SMARt-STEReO to the research [26]. This
document highlights the overall structure of fire response, the roles of each actor, the speeds at which actions occur,
the communication structure, and the responses to failures. Once the model was established, a face validity check
was performed by presenting a comprehensive demonstration of the model to Mercer. Important changes to the
communication protocol were implemented following Mercer’s feedback. Overall Mercer’s feedback supports the
preliminary face validity of the model structure, seen in Fig 1; however, additional validation efforts are necessary.

Further validation efforts are performed on the most important factors that impact fire growth, that is wind, terrain,
and fuel type. First, the effect of wind on the fire propagation model is validated. A control test is run on a uniform grid
without intervention or wind to confirm that the baseline rate of spread is acceptable. Next, using a random gird pattern,
the wind speed is incrementally increased by 1 m/s, recording the average rate of spread, until the wind speed reaches 10
m/s. The average rate of spread over these trials is compared to existing fire propagation models to validate that the
wind trends are realistic. Fig. 6 compares the fire propagation to various other models and confirms that the model
generally follows the expected trends for rate of fire propagation relative to wind speed under approximately 10 m/s;
however, when the wind speed is low, its accuracy is decreased. While this is not a perfect model for wind’s effect on
fire spread, these results are sufficient for the purpose of preliminary experiments regarding the high level benefits of
implementing STEReO. An additional test is performed to confirm that the model accurately accounts for terrain. A 30°
uphill slope has the ability to double the rate of spread [13]. Downhill slope generally lowers the rate of spread [13], so
it is assumed that a 30° downhill slope would half the rate of spread. Both 30° uphill and downhill slopes are tested with
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a uniform grid pattern. The baseline rate of spread with no influence from terrain, wind, or grid pattern variation is 6.25
m/min. From the uphill test, the rate of spread is measured at five different time increments and found to be 12.5 m/min
at all of them, or exactly double the baseline rate of spread. In the downhill test, the rate of spread is again measured at
five time increments and is found to be roughly 4 m/min. This does not meet the goal of half of the baseline value, but it
is the lowest rate of spread allowed by the model without the fire extinguishing itself. As this value is close to the goal
value, and because the goal value was chosen somewhat arbitrarily to begin with, this is deemed the highest level of
validation possible given the current research and acceptable for the desired resilience analysis. The model incorporates
factors for the fuel type and fuel amount that are currently unit-less, but in the future this can be modified to match with
moisture content data gathered from actual fires. Currently, the values allow for accurate fire propagation with respect to
wind and terrain, so the current iteration is sufficient until more detailed investigation can take place.

SMARt-STEReO is only valid for the scope for which it is designed. The model is designed for macro-level analysis
of the resilience and effectiveness of fire response for different response types, specifically for comparing responses
with and without UAS. It is not designed to be a comprehensive micro-level fire prediction model, but instead a model
of fire propagation and response with a level of accuracy that allows for an understanding of the high-level impact of
faults and new technology on the fire response. Fires under high winds, very low winds, or in extreme terrain are less
accurately modeled in this stage of development. All ground crews and engine crews are equally effective. However, in
a real-world response, some crews may be larger and thus more effective than others. Further, the grid size significantly
affects the granularity of the model and, in this research, the smallest size for any object in the grid is 100m x 100m.
While the grid size and grid resolution can be changed, this requires re-scaling many parameters, including flight and
ground crew speeds. This model has limited sensitivity to various factors, including the physics in the take-off and
landing of aerial assets, and weather conditions that may impact aerial assets, such as visibility and heat. An additional
limitation of the model is that the quantity of each asset is fixed for the duration of the simulation, whereas in reality,
additional assets are added or removed depending on how the fire responds to intervention efforts.

Specific components of the model, including wind speed, terrain, state-awareness, and the addition of various assets,
are verified to behave within reasonable range of similar models and/or existing descriptions of behavior. Additionally,
the overall model is compared to real data and expert experience. Specifically, the rate of injury sustained to ground
crews, the speeds of all aircraft, and fireline building speed have all been compared to real data. More aspects of the
model, such as complex terrain and the effect of specific assets like helicopters, need to be critically compared to real
data to increase external validity, or the ability of the model to accurately portray a wide range of real circumstances.
Ultimately, the model performs as expected over a large range of input parameters and each aspect of the model is
evaluated for accurate behavior within the scope of our investigation.

V. Experimental Analysis

A. Methodology
Monte Carlo simulation is used to test whether there is a difference in performance when UAS is added into wildfire

response (Q2a), whether the difference is apparent in both nominal and off-nominal cases (Q2b), whether the addition
of UAS in wildfire response increases resilience in the system (Q3a), and at what effect size (Q3b). A baseline model
without UAS and a version with UAS are tested. The nominal condition is tested by simulating the models with no faults
injected. For the off-nominal condition, the effect of two faults are examined individually, one major and one minor. In
both models, the major fault is a major mechanical failure to the aerial supervisor, which is injected at C = 20. The
minor fault is separately injected at C = 20 and is a ground crew critical supply fault. The major mechanical fault to the
aerial supervisor results in emergency landing and discontinuing nominal behavior for the remainder of the simulation,
while the ground crew supply fault results in a standby mode until a delivery is made.

Monte Carlo simulations are useful for uncertainty quantification, and the uncertainty in this case is the average
performance and resilience of a model of interest. The random component for the simulation is the initial grid’s fuel
distribution. For each iteration of the simulation, a new random grid is generated, then each model variation is simulated
for 60 time steps over that grid. The simulation is run 2000 times for each condition, resulting in 2000 different grids.
All conditions are executed on a 2000m x 2000m grid with resolution 100m x 100m. The water source, air base, ground
base, and city locations are constant across conditions and grids. For simplicity, the wind speed and direction are set to
0 across all conditions. Other constants include the fire line placement, which is set to 900m from the ignition source
on all sides, the drop size and efficiency of tankers, and ground crew status variables (maximum fatigue, maximum
supplies, rest per time step). The amount of tankers, helicopters, ground crews, and engine crews are held constant. The
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only difference between the baseline and UAS model is the addition of two delivery UASs and one surveillance UAS.

Table 4 Table of performance metric means with standard deviations (` ± f).

faulty/nominal model name total % burned total % fire edges % burned edges % fire acres burned

major fault baseline 52.546 ± 18.870 2.660 ± 3.537 12.442 ± 13.128 1.668 ± 3.064 523.574 ± 188.780
major fault with UAS 46.436 ± 19.676 2.686 ± 3.257 7.542 ± 10.624 1.053 ± 2.283 491.185 ± 198.182
minor fault baseline 46.264 ± 20.883 1.798 ± 2.365 7.339 ± 13.046 0.695 ± 1.714 461.013 ± 208.713
minor fault with UAS 41.637 ± 20.822 1.859 ± 2.186 4.883 ± 10.313 0.616 ± 1.650 413.537 ± 207.449
nominal baseline 46.236 ± 20.820 1.757 ± 2.320 7.113 ± 12.801 0.662 ± 1.651 460.744 ± 208.091

minor fault with UAS 41.633 ± 20.712 1.869 ± 2.217 4.587 ± 10.099 0.533 ± 1.504 413.519 ± 206.396

B. Results: Q2
Research question 2 investigates whether there is a difference in performance when UAS is added to the system.

If there is a difference, we examine if it is apparent in both nominal and off-nominal conditions. We predict that the
implementation of UAS results in better performance when compared to the baseline model (H2a), and this difference
will be equally, if not more, apparent in off-nominal circumstances (H2b). To answer both research questions, a 2
(baseline vs with UAS) X 2 (nominal vs faulty) repeated measures ANOVA is conducted on the data from Monte Carlo
simulation. A main effect of implementation of UAS on performance is examined to answer question 2a. To answer the
second research question, an interaction between operational circumstances and implementation of UAS is examined.
As expected, injecting faults results in decreased performance across all conditions. The means and standard deviations
for each performance metric are in Table 4. From the table it appears that in all nominal, major fault, and minor fault
scenarios the UAS implementation results in better performance. This is evident by the UAS operational condition
having a lower average total percentage of the grid burned, grid edges burned, grid edges on fire, and acres burned. As
seen in Table 4, the operational conditions have similar standard deviations for each performance metric.

(a) Major fault. (b) Minor fault.

Fig. 8 Change in acres burned in response to a fault [27].

Fig. 8a displays the preliminary results of the first 2 (baseline vs UAS model) x 2 (faulty vs nominal) repeated
measures ANOVA. The metric of interest is acres burned. As hypothesized, a main effect of model type is evident. From
this visualization, it appears that on average the implementation of UAS results in fewer acres burned when compared to
the baseline model. Additionally, the injection of a fault results in more acres burned, on average, across model types.
Fig. 8a does not clearly illustrate an interaction between the variables, and it appears the difference between the nominal
and faulty performances are similar for both the baseline and UAS models.

When conducting an analysis of variance, it is important to examine the spread of data for each condition and
identify whether the variance is approximately equal across conditions. From Table 4 the standard deviation across
conditions is in a small range of 10. Box plots visually display the spread of the data and are used to further confirm that
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all experimental conditions have ranges of data that are reasonable. As our sample size is = = 2000, we are assuming
normalcy, despite box plots illustrating a very slight left skew in the data. There is debate about the robustness of the
ANOVA [28, 29] and research has found it is still fairly accurate if sample sizes are large when data does not follow a
perfect normal distribution [29–31].

Table 5 2-way Repeated Measures Anova Table for major fault injection

Source SS ddof1 ddof2 MS F p-uncorrected p-GG-Corrected [?2 eps

faulty/nominal 6.104633e+06 1 1999 6.104633e+06 1538.71018 <0.0001 <0.0001 0.43495 1.0
Model name 6.007546e+06 1 1999 6.007546e+06 170.77928 <0.0001 <0.0001 0.07871 1.0

faulty/nominal * Model name 1.149862e+05 1 1999 1.149862e+05 39.88455 <0.0001 <0.0001 0.01956 1.0

Table 5 displays the resulting test statistic and p-values for the experiment. As seen in the interaction plot, there is a
statistically significant difference in acres burned between the baseline and UAS models (� = 170.779, ? < 0.0001), the
faulty and nominal operational conditions (� = 1538.710, ? < 0.0001), as well as the interaction between the model
type and operation conditions (� = 39.885, ? < 0.0001). Thus, on average, significantly fewer acres are burned when
UAS is added to the system, and significantly more acres are burned when a major fault is added to the system. The
interaction implies that the difference in performance between the baseline and UAS models is present regardless of
nominal or faulty operations. The [?2 column of the table is the value for the partial eta effect size of each difference.
Whether a model is operating in faulty or nominal conditions has the greatest effect on acres burned, with a large effect
size of [?2 = 0.43495. The implementation of UAS into the system has a lesser effect on acres burned with effect size
[?2 = 0.07871. The interaction of the two independent variables has the smallest effect, with a small effect size of
[?2 = 0.01956.

Table 6 Pairwise t-tests table for major fault injection post-hoc testing

Contrast faulty/nominal A B Paired Parametric T dof Tail p-unc BF10 cohen
faulty/nominal - nominal faulty True True -39.22640 1999.0 two-sided <0.0001 8.073e+245 -0.31639
Model name - with UAS baseline True True -13.06825 1999.0 two-sided <0.0001 8.632e+33 -0.28007

faulty/nominal * Model name nominal with UAS baseline True True -10.83720 1999.0 two-sided <0.0001 1.405e+23 -0.22787
faulty/nominal * Model name faulty with UAS baseline True True -14.28619 1999.0 two-sided <0.0001 3.481e+40 -0.32407

Table 6 displays the results of the pairwise t-tests, which further confirms the nature of the differences observed
in the initial table. On average, significantly more acres are burned in the faulty condition compared to the nominal
() = −39.226, ? < 0.0001). The implementation of UAS results in significantly fewer acres burned on average when
compared to the baseline model (T=-13.068, p<0.0001). Under nominal conditions, implementing UAS still results
in fewer acres burned on average () = −14.286, ? < 0.0001). The significant difference in acres burned between the
baseline and UAS models is also present under faulty conditions () = −14.282, ? < 0.0001). Operating in nominal
versus fault conditions has a moderate effect on acres burned, with 3 = −0.316. The addition of UAS also has a moderate
effect on acres burned (3 = −0.280), but it is slightly less than the effect of the operational condition. The effect of
implementing UAS drops to approximately 3 = −0.228 when operating only in nominal conditions. Implementing
UAS has a stronger effect on acres burned when operating in faulty conditions, with 3 = −0.324. Overall operating in
a nominal versus faulty condition, as well as the implementation of UAS both have a moderate effect on the average
amount of acres burned; however, the implementation of UAS has the greatest effect when operating under faulty
conditions.

Fig. 8b displays the interaction plot for a minor fault. The performance metric of interest in this case is acres
burned. The figure displays a less extreme difference between the nominal and faulty modes when compared to the
major fault. Fig. 8b does display a difference in performance between the baseline and UAS models, regardless of
fault. As hypothesized, once again a main effect of implementation of UAS on performance is seen here. Box plots
are examined to determine whether variances across conditions are similar. The data is slightly skewed left, similar
to the data for the major fault. The variances have slight differences, specifically in the baseline model; however, the
differences are minor, and the use of n=2000 samples allows the ANOVA results to still be useful [29–31].

The 2x2 repeated measures ANOVA for the injection of a minor fault are displayed in Table 7. Unlike the major
fault in Table5, there is no statistically significant difference in the average acres burned between the nominal and fault
conditions (� = 0.116, ? > 0.05), yet there is a significant difference in average acres burned between the baseline
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Table 7 2-way Repeated Measures Anova Table for minor fault injection

Source SS ddof1 ddof2 MS F p-uncorrected p-GG-Corrected [?2 eps

faulty/nominal 4.108181e+01 1 1999 4.108181e+01 0.11603 0.73341 0.73341 0.00006 1.0
model name 4.484100e+06 1 1999 4.484100e+06 117.69954 <0.0001 <0.0001 0.05561 1.0

faulty/nominal * Model name 3.176391e+01 1 1999 3.176391e+01 0.09526 0.75762 0.75762 0.00005 1

and UAS models (� = 117.700, ? < 0.0001). There is no statistical significance in the interaction between the two
independent variables (� = 0.095, ? > 0.05). The lack of a significant difference in average acres burned between
nominal and faulty operational modes confirms that the injection of this minor fault has less of an effect than the major
fault, as also seen in the interaction graph. The injection of a minor fault has no significant effect on the acres burned,
whereas the major fault had a large effect on acres burned. The addition of UAS has a small to moderate effect size of
approximately [?2 = 0.056 on total acres burned.

Table 8 Pairwise t-tests table for minor fault injection post-hoc testing

Contrast faulty/nominal A B Paired Parametric T dof Tail p-unc BF10 cohen

faulty/nominal - nominal faulty True True -0.34064 1999.0 two-sided 0.73341 0.027 -0.00078
Model name - with UAS baseline True True -10.84894 1999.0 two-sided < 0.0001 1.584e+23 -0.22847

faulty/nominal * Model name nominal with UAS baseline True True -10.83720 1999.0 two-sided <0.0001 1.405e+23 -0.22787
faulty/nominal * Model name faulty with UAS baseline True True -10.76714 1999.0 two-sided <0.0001 6.88e+22 -0.22816

The pairwise t-tests in Table 8 provides more insight on the observations from Table 7. When a minor fault is
injected, there is no significant difference in the average acres burned between the nominal and faulty operational
conditions () = −0.341, ? > 0.05). The implementation of UAS results in significantly fewer acres burned on
average when compared to the baseline model () = −10.849, ? < 0.0001), regardless of operational condition.
Under nominal operations, on average the implementation of UAS still results in significantly fewer acres burned
() = −10.837, ? < 0.0001). A significant difference in the acres burned between the baseline and UAS model is
also apparent under faulty operations () = −10.767, ? < 0.0001). Implementing UAS into the system has a small to
moderate effect size on the number of acres burned, with 3 = −0.228. The use of UAS has the same effect size when
implemented under both nominal and faulty conditions, with 3 = −0.228 approximately. Thus, when a minor fault is
injected, the effect implementing UAS has on the number of acres burned is about the same in both nominal and faulty
operational conditions.

C. Discussion Q2
We examined whether there is a difference in performance when UAS is added to the system (Q2a), and if there is a

difference is it apparent in both nominal and off-nominal conditions (Q2b) in research question 2. The results from
both minor and major fault experiments support our hypothesis that the implementation of UAS results in increased
performance. The implementation of UAS has a slightly larger effect size on performance under faulty operations in
response to the major fault. Implementing UAS has about the same effect on performance in both nominal and faulty
operations in response to a minor fault. Together these results support our hypothesis that the implementation of UAS
results in increased performance when compared to the baseline, and this increase in performance is also apparent under
faulty operations.

Table 9 Table of means and standard deviations for resilience in performance metrics (` ± f).

type of fault model name total% burned total% fire edges % burned edges % fire acres burned

major fault baseline −6.310 ± 9.110 −0.903 ± 3.241 −5.329 ± 7.833 −1.006 ± 3.294 −62.830 ± 90.801
major fault with UAS −4.807 ± 7.450 −0.817 ± 2.973 −2.955 ± 5.946 −0.520 ± 2.406 −47.665 ± 73.864
minor fault baseline −0.028 ± 2.743 −0.040 ± 1.393 −0.226 ± 3.093 −0.033 ± 1.309 −0.269 ± 27.327
minor fault with UAS −0.004 ± 2.524 0.010 ± 1.459 −0.295 ± 2.939 −0.083 ± 1.204 −0.017 ± 25.063
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D. Results Q3
Research question 3 examines if the addition of UAS in wildfire response increases resilience in the system in

response to an individual fault, and if so, to what effect size is. We predict that the addition of UAS will increase
resilience in the system(H3a), and the effect size will be small to medium depending on the fault injected(H3b). The
experimental effect size may not accurately represent the true effect given out modeling methodology and limitations to
our model. To investigate this question, resilience metrics are analyzed. For the purpose of this analysis, resilience is
defined as the difference in performance between the nominal and off-nominal operational conditions. The average
resilience is shown in Equation (1), where = = 2000. Based on this calculation, a smaller number or difference between
nominal and faulty performance indicates better resilience. Resilience is defined by (1) to make the interpretation and
implications clear in the context of a real fire. Because this calculation is looking at the difference between nominal and
faulty in an individual model, different models could have the same resilience despite one model performing better than
the other on average across faulty and nominal circumstances. This metric is calculated for each condition, the baseline
model and the model with the implementation of UAS, using the data from the same Monte Carlo simulation.

0E4A064 A4B8;84=24 =

∑=
8=1 (=><8=0;8 − 5 0D;CH8)

=
(1)

The means and standard deviations for the resilience calculated from each performance metric are found in Table 9.
A negative mean signifies that a higher amount of a given value occurred in the faulty operational condition, such as
more acres burned. From the table, it appears that when a major fault is injected into the system, the implementation
of UAS results in a smaller magnitude of the resilience metric across all performance metrics, indicating potentially
better resilience. Thus when UAS is implemented, the difference in performance between the nominal and off-nominal
operations is less when compared to a model without UAS. The same pattern is also seen for the minor fault, however
the means of the baseline and UAS models are much more similar than those of the major fault. In Table 9, the standard
deviations for the baseline and UAS models are within a reasonable range, but they are not precisely equal. For the
purpose of this analysis this is permissible, but results should be considered with some caution.The statistical tests
performed are designed for use on data with a normal distribution and equal variance, and thus the true difference in
results may be lesser or greater than the test suggests. A paired-samples t-test, along with effect size calculation, is
performed to examine if these initially observed differences in resilience between the models with and without UAS are
significant. The metric of interest is resilience in acres burned, thus the difference in acres burned between the nominal
and the faulty scenarios.

(a) Major fault. (b) Minor fault.

Fig. 9 Resilience as measured in terms of acres burned in response to faults [27].

When performing a t-test, the data should follow similar distribution shapes. The difference between the sampling
means of resilience to a major fault for the baseline and UAS models fits an approximate normal distribution with
'2 = 0.943. Fig. 9a shows histograms of the experimental data for a major fault and confirms that the two models,
baseline and with UAS, appear to have the same distribution type. From the histograms, it appears that the resilience
has a greater spread and could be either slightly smaller or larger for the baseline model. This is evident by the tail of
the baseline model extending further to the left. To confirm if there is a significant difference, and if so, what the effect
size is, the results from the t-test must be considered.
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Table 10 T-test Table for resilience in performance for major fault injection

T dof tail p-val CI95% cohen-d BF10 power
-6.3154 1999 two-sided <0.0001 [-19.87, -10.46] 0.1832 9.215e+6 1.0

Table 10 displays the results of the t-test performed comparing the difference in performance in response to a major
fault between the baseline and UAS models. The test confirms there is a significant () = −6.315, ? < 0.0001) difference
in resilience between the two models. On average, the difference in acres burned between the baseline and UAS models
is between −19.87 and −10.46 in approximately 95% of samples. So given a major fault, it is expected that the baseline
model will experience a difference between nominal and faulty performance between 19.87 and 10.46 more acres
burned than the difference between nominal and faulty performance in the UAS model. The Cohen’s D effect size is
moderate with 3 = 0.183. These results indicate that the implementation of UAS has a moderate effect on resilience in
performance during a major fault.

The same analysis was conducted for the minor fault, beginning with a graph of the distribution of differences in the
sampling mean between the baseline and UAS models. The performance metric of interest for the minor fault is again
resilience. The differences in the sampling mean do not fit the normal distribution as well as the distribution for the
major fault. In this case '2 = 0.8457, which is a moderate fit. Due to the non-normal distribution, the analysis in this
case may be prone to errors, but the high sample size of = = 2000 makes the analysis robust [29–31].

From examining the histogram of the resilience data in Fig. 9b prior to the t-test results, it is evident the distributions
of resilience for the baseline and UAS models look almost identical. There are no obvious differences in the distributions,
so in our model the UAS implementation may not have a significant effect on resilience in response to a minor fault.
These histograms also visually show that the two distributions are similar in shape and spread.

Table 11 T-test Table for resilience in performance for minor fault injection

T dof tail p-val CI95% cohen-d BF10 power
-0.308647 1999 two-sided 0.7576 [-1.85, 1.35] 0.0096 0.026 0.07141

The results of the t-test in Table 11 confirm the results shown in the histogram. When resilience to a minor fault is
measured as the change in the amount of acres burned between nominal and faulty operations, the implementation of UAS
does not result in a significant difference in resilience when compared to the baseline model () = −0.309, ? > 0.05).

E. Discussion Q3
In research question Q3 we sought to answer if the addition of UAS in wildfire response increases performance

resilience in the system in response to an individual fault(Q3a), and if so, to what effect size(Q3b). We hypothesized that
implementing UAS will increase resilience in the system (H3a), and the effect size will be small to medium depending
on the fault injected (H3b). The results from the injection of the major fault support the hypothesis 3a that UAS increases
resilience in response to a fault, however, the results from injection of a minor fault do not fully support this hypothesis.
There was no significant difference in the resilience metric between the UAS and baseline models, yet the UAS model
is still preferred as it performs better than baseline across faulty and nominal operations. Implementing UAS had a
moderate effect size on performance resilience when a major fault was injected, while there was no significant effect
when the minor fault was injected. These results support our hypothesis 3b that the effect size depends on the fault
injected. The model has certain limitations, including limited sensitivity to small changes, such as a minor fault. In a
more sensitive model, the injection of a minor fault could result in different results.

VI. Conclusion
The SMART-STEReO project demonstrates the safety and performance benefits of STEReO through system

modeling and analysis of resilience. SMART-STEReO accomplishes its goals by a dynamic simulation of the system’s
performance in nominal and faulty scenarios. Initial verification efforts have been conducted on the model, including
debugging procedures and analyzing results from specific inputs. Initial validation efforts are completed through expert
consultation and comparisons to existing models. Ultimately the model has some limiting assumptions, but it is verified
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and validated sufficiently for the purpose of analyzing resilience in the wildfire response system at a high level (Q1).
The model is used to experimentally test whether the implementation of STEReO improves performance (Q2a), and if
this improvement is also found in off-nominal operational conditions (Q2b). Results from the Monte Carlo simulation
support the hypotheses that the implementation of STEReO results in increased performance in terms of fewer acres
burned (H2a) and in off-nominal circumstances, the increase in performance is equally, if not more, apparent (H2b). We
also test if the implementation of STEReO resulted in more resilience in performance (Q3a), and if so, to what effect
size (Q3b). Results indicate that when a major fault is injected, there is a statistically significant difference in resilience
between the baseline and UAS models and the implementation of STEReO has a small to moderate effect on resilience.
When a minor fault is injected, there is no significant difference in resilience between the baseline and UAS models.
Overall the results support the hypothesis that the implementation of STEReO results in increased resilience (H3a), as
well as the hypothesis that the effect size is small to medium but dependent on the severity of the fault injected (H3b).

Future iterations will allow for a more versatile model, which will increase the scope of possible analyses. More
extreme variations in terrain and weather conditions, such as the presence of smoke, will be considered. For the purpose
of this paper, resilience was quantified as change in performance between nominal and faulty operations. However,
considering risk is equally, if not more so, important. The quantification of risk associated with various faults needs to
be analyzed more thoroughly in the future. Due to the human involvement and risk and firefighting, it will be beneficial
to demonstrate that the implementation of STEReO results in higher resilience due to less human risk. Further, our
experimental analysis focused only on two faults, which resulted in simplified system behavior when compared to
the real-world operational conditions. In future work, more detail will be added to faults, in addition to more faults
overall. Some future analysis to further assess the safety, risk, and resiliency will use adaptive stress testing on the
SMARt-STEReO model. This will allow for the identification of the most probable scenarios that result in undesirable
outcomes.
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