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As autonomous technology advances, unmanned aircraft systems are increasingly integrated
into emergency response missions, such as wildfire response. These systems must be be safe
with less risk than non-autonomous counter parts, yet quantifying the risk associated with
present-day and future systems conventionally relies solely on expert opinion and little data.
Instead, combining narrative mishap reports with probabilistic analysis can provide a method
for evolutionary and timely risk analysis. In this paper, we present a framework for a data-
driven probabilistic risk assessment style analysis, where hazard events and rates originate from
documented UAS mishaps. The framework is applied to a UAS mapping mission in wildfire
response, including a fault tree analysis, event tree analysis, and probabilistic analysis using
Markov Chains. The analysis provides an enumeration of hazards in the system, hazard events
that can lead to top events, the probability of experiencing a specific top event, and the expected
time until a faulty state occurs in present-day operations.

I. Nomenclature

ETA = Event Tree Analysis

FTA = Fault Tree Analysis

TASMS = In-time Aviation Safety Management System
MC = Markov Chain

PRA = Probabilistic Risk Assessment

SMS = Safety Management System

UAS = Unmanned Aircraft System

II. Introduction

Unmanned aircraft systems (UAS) are increasingly deployed in disaster response, including hurricane relief and
recovery, search and rescue, and wildfire suppression operations [1]]. Wildfires especially employ UAS in a variety of
mission operations, such as near real-time mapping, aerial ignitions, and swarms with connectivity boosters [2]]. With
climate change influencing the frequency and severity of wildfires [3]], future response operations envision expanding
the use of UAS with both larger fleets and increased autonomy.

Future operations with highly autonomous UASs must provide an equal to or lesser than risk than present day UAS
operations in response to known hazards in the system. Hence, there is a need to explicitly quantify the likelihood of
faulty states in existing UAS operations, as well as identify potential likelihood thresholds that enable an acceptable value
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or risk. Simultaneously, future operations require enhanced safety management through data-driven and continuous
risk assessment methodologies [4H7]]. To this end, we present a data-driven probabilistic risk assessment (PRA) style
analysis of a UAS mapping mission in wildfire response, including hazard identification, event tree analysis, fault tree
analysis, and Markov Chain analysis. Hazards and occurrence rates are extracted from the Department of the Interior
and United States Forest Service hosted Aviation Safety Communiqué (SAFECOM) report repository, allowing for an
assessment informed solely by documented hazards. In turn, this methodology can be applied in an iterative pipeline
where risk assessment is continuously performed as new safety reports are documented.

Using safety reports for hazard identification provides real-world data-informed hazard occurrence rates. PRA is a
well-established method used across safety critical applications, from nuclear power plant management [8, 9] to human
space flight systems [10, [1 1], providing relevant insight on fault modes present in a system and potential causes. Markov
Chain analysis is chosen for its ease of interpretation and ability to provide long run proportions of time in faulty states,
probability of entering faulty states, and scalability [12,[13]. As a result, this research provides a method for detailed
evaluation of faulty states with a case study on a UAS mission in wildfire response operations. The analysis provides
an enumeration of hazards in the system, hazard events that can lead to top events, the probability of experiencing a
specific top event, and the expected time until a faulty state occurs in present-day operations. These results are familiar
components of conventional risk assessment performed in Safety Management Systems.

II1. Background

A. Safety Management Systems

Safety Management Systems (SMSs) are present in numerous industries and play a core role in keeping the
national airspace safe through the identification and management of risk across all operations, including aerial wildfire
suppression missions and commercial flight. The Federal Aviation Administration (FAA) defines an SMS through
Order 8000.369C as a formal and structured system integrating into all aspects of operations with specified procedures
and policies [[14]. In essence, the SMS provides a way to control hazards pertaining to a given operation in an effort
to minimize incidents. This is accomplished through the four pillars of safety defined in an SMS in Figure|l} Safety
Policy, Safety Risk Management, Safety Assurance, and Safety Promotion. The United States Forest Service (USFS)
has its own guidance for aviation SMS in accordance with the FAA, which defines specific implementations of the four
pillars [15]]. For example, the USFS defines the Aviation Safety Communiqué (SAFECOM) reporting system within
the Safety Assurance pillar as a mechanism for collecting mishap data and corrective actions [15]. While the SMS
is effective for what it was designed for, it does not scale to the rapid transformation the National Airspace System
has been undergoing, prompting calls for the development of a novel type of SMS that can adapt to the new entrants
and operations, such as UAS in wildfire response [[6]. Instead, a future In-Time Aviation SMS (IASMS) will need to
continuously assess, monitor, and mitigate risk at scale by connecting the previously singular pillars [4,5]. This research
works towards integrating data from safety assurance activities directly into risk management by using mishap reports
collected during operations for hazard identification and faulty state analysis of future missions, as seen in Figure|[I]
While using data for risk management is not a new concept, the idea of adjusting quantitative assessments continuously
as new data arrives is a key component of the future IASMS. Hence, we work towards identifying appropriate scalable
assessment methods that can be used directly on SMS artifacts, like safety reports.

B. Markov Chains in Probabilistic Risk Analysis

Probabilistic risk assessment (PRA) is a formal method for estimating the likelihood of hazardous and/or faulty
events occurring during a system operation. The general steps of a PRA include hazard identification, fault tree modeling,
event tree modeling, and Bayesian inference for probability estimation. Markov chains can play a key role in probability
estimation through the Markov Chain Monte Carlo (MCMC) process [16], which can be used to provide insight on the
distribution of a failure rates, as well as through direct modeling of system state transitions.

A Markov Chain (MC) is a probabilistic model describing a system’s movement between states defined by the
probability of transitioning from one state to another state in the next time step. Hence, a MC with two states in the state
space (e.g., nominal and faulty) is defined by a 2x2 probability transition matrix. The Markov Property dictates the
probability of being in a certain state, x, at the next step, time ¢ + 1, is only dependent on the current state, X;:

P(Xs1 = x|Xe =x, Xem1 = X421, .., Xo = x0) = P(Xp41 = x|X; = x;) (D

This modeling framework allows for the study of specific system characteristics, such as the long run proportion of
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Fig. 1 The Traditional “Four Pillars” of a Safety Management System with emphasis on connecting Safety
Assurance and Risk Management[14, 15[

time in each state and the probability of being a specified state given a starting state after 7 time steps. A special type of
Markov chain relevant to failure analysis is the Poisson Process, where failures or hazards occur in a system according
to a Poisson distribution with rate A. Other variations of Markov Chains include the Renewal Process, Markov Decision
Process, Hidden Markov Model, and Markov Chain Monte Carlo. Another use of Markov chains is in the estimation of
stochastic differential equations, which has been applied to three-dimensional airspace conformance [[17]].

Markov chains have been applied to numerous systems to analyze risk and reliability, including novel unmanned
aircraft demonstrators [[18], carbon capture and storage systems [[19], and automated docking space craft [20]]. Markov
chains have recently been applied to maritime accidents to determine long term risk through a probabilistic risk matrix
[21]. In agreement with the existing applications of Markov chains for probabilistic risk analysis, this paper uses Markov
Chains for analyzing unmanned aircraft failures during wildfire response operations.

C. Unmanned Aircraft Systems in Wildfire Response

Wildfire incidents have seen an increase in volume and complexity over the past few years in the United States
[22]. As a result, wildfire management efforts, an already complicated task [23], have become more problematic [24],
prompting calls for the inclusion of Unmanned Aircraft Systems in an effort to offload risks inherent to firefighters onto
UAS. Previous studies have found that experts find UAS useful for various operations, including site survey, prevention,
response, surveillance, search and rescue, and evacuation [235].

In wildfire response in particular, UAS are commonly used for both day time and night time fire infrared mapping,
general surveillance, and aerial ignition operations [26} 27]. UAS types can range from very small nano aircraft for
short surveillance missions, to large long-range aircraft for aerial ignition missions [27]. International projects, such
as RESPONDRONE, aim to develop an integrated system to deploy and operate multiple UAS for data collection
in early emergency response[28]]. While UAS are currently used often for reconnaissance and fire mapping, novel
UAS configurations have been proposed for swarm missions[26] and fire suppression missions [29]]. Despite
increasing deployment in wildfire response operations, UAS face shortcomings due to their battery lifespan, the harsh
operational environment caused by fires, heterogeneous ground control systems, and need for specialized mission-specific
payloads [27].

Several quantitative and qualitative methods have been used for risk assessment of UAS missions, including
probabilistic Bayesian Belief Networks (BBN) [30], standard risk analysis methods, System-Theoretic Accident Model
and Processes (STAMP) [31]], Specific Operations Risk Assessment (SORA) [32]], and Markov models [33]]. Fault trees
can be extended to BBNs, where causes, hazards, and top events are modeled in a probabilistic network to obtain a target
level of safety and analyze the impact of potential mitigations [30]. While preliminary studies measure UAS failures in
this manner, these studies use hypothetical failure rates and estimates from a wide variety of failure reports for a generic
use case rather than utilizing operation-specific failure data for a situation-specific risk analysis [30]. In contrast, SORA
provides a detailed assessment for each individual flight for specific missions; however, the method is time consuming
and not well adapted to emergency response missions [32]. Other research has used Markov models with a backtracking
process algorithm to identify sequences of events leading to undesired outcomes in UAS control systems [33].
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Fig. 2 Method flowchart showing the use of historical documents for hazard identification and further analyses.

IV. Methods

To evaluate faulty state occurrence in a wildfire surveillance UAS mission, we use a PRA-inspired analysis with
steps displayed in Figure[2] First, hazards are identified from the SAFECOM database, which is a United States Forest
Service and Department of the Interior co-hosted platform for documenting aircraft near-misses, mishaps, hazards,
and accidents [34} 35]]. Annual reports from the DOI and USFS are used to estimate annual failure rate per number of
flights, resulting in a table of hazards and occurrence rates [36, 37]. Then the hazard list with failure rates is used to
create a fault tree analysis, event tree analysis, and a Markov Chain analysis. The core methodology components are
described in detail in the following subsections.

A. Hazard Identification

Hazard identification can be performed manually or via natural language processing techniques. For the scope of
this research, reports are manually analyzed by two experts. First, the full data set is filtered down to only reports that
are relevant for the specific mission profile (e.g., aerial mapping). For each report, an initiating event, high-level failure
category, and resulting top event outcome are documented according to the following definitions:

* Initiating Event: a specific event during the flight that leads to a top event. For example, and engine failure or

airspace conflict.

* Failure Category: a group of initiating events that fall under the same failure mode. For example, engine failures

and propeller arm disconnections are both equipment failures.

» Top Event: a negative outcome of an initiating event, which may or may not occur after the event. For example, a

result of loss of UAS after an engine fails and the UAS crashes.

During the hazard identification, we first read reports for initiating events and resulting top events, then group
similar initiating events into failure categories. Breaking down hazards into initiating events, failure categories, and top
events are useful for considering occurrence frequencies and rates of different levels of hazards. After reports are tagged
accordingly, top event occurrence frequencies are calculated and failure rates for each year are estimated according to
Equation (2)), where F; is the top event frequency for year t and N; is the number of flights in year 7.

R, =
t N,

(@)

B. Fault Tree Analysis

Fault tree analysis (FTA), a visual method helping visualize the chronological order of a system or subsystem failure,
has been widely used since the early 1960s [38]]. It is a top-down, widely used hazard analysis method that has seen
application in various domains such as in aerospace [39]. Fault trees are built after the hazard identification step by
tracing initiating events to failure categories and resulting top events. Note that due to the construction of the document
labeling, a fault tree can be automatically generated via programming from a set of documents by building a tree from
the relations.

C. Event Tree Analysis
Event tree analysis (ETA) is another type of graphical modeling for probabilistic risk assessment that begins by
considering an initiating event, then tracing proceeding events to eventual system outcomes. ETA is often used in



conjunction with FTA and provides a detailed view of the sequence of events leading to a top event. Event trees are built
from reports by selecting an initiating event and filtering the reports to fit that criteria. Then, each report is read and the
possible events following the initiating event are noted. The resulting event tree is created from the complete set of
paths possible from the reports, with probabilities assigned to each outcome based on the frequency in the reports.

D. Markov Chain Analysis

Finally, a Markov chain enabled analysis is performed using the failure rates and top events discovered during hazard
identification. The Markov chain consists of a nominal state and an additional s states for the identified top events,
resulting in an s + 1 state chain. To construct the chain, the probability of each faulty state occurring in the next time
step is needed. Time to failure is conventionally modeled using an exponential distribution, with probability density
function in Equation (3).

de™™ ifx >0
fx,A) = . 3)

0 ifx <0
Hence, the distribution of the time until a top event can be modeled by estimating the parameter of the exponential
distribution, 8 = % For this research, the parameter § is estimated using the maximum likelihood estimator £ in

Equation (@), where f3; is the failure rate calculated for the i'" year.

ﬁ=2% @)

A confidence interval for the parameter /3 is estimated using bootstrapping, which involves taking b new beta
estimates. For each new estimate, n samples are taken with replacement from the original »n data points. Then, the b
new estimates are ordered into a distribution and the lower and upper bounds for the 95% region are calculated.

The exponential distribution with the estimated parameter can then be used to calculate the probabilities of each
faulty state occurring in the next time step by using the cumulative density function. Once the Markov chain is
constructed, we then analyze properties of the chain to better understand faulty state occurrence, including the expected
number of time steps, in this case flights, until a faulty state occurs. Since the chain construction creates nominal as a
transient state and faults as absorbing states, the expected time in transient states is equivalent to the expected number of
flights until a faulty state occurs. The expected time in transient states can be analytically solved. Given that P; is the
mxm portion of P for transitions between transient states, s = 1, ...m, then the expected total time in transient state s,
g(s), is given by Equation[5] where I,,, is the (m x m) identity matrix.

g(1) 1
A A E ®)
g(m) 1

A confidence interval for the number of time steps until a faulty state is constructed by using the lower and upper bounds
of the confidence interval on S to build lower and upper bound distributions, then constructing lower and upper bound
Markov chains and repeating the process above.

V. Results

A. Hazard Identification

Since we are interested in aerial mapping missions during wildfire incidents, the SAFECOM data is filtered according
to those parameters. The distribution of SAFECOM reports from general UAS missions, wildfire UAS missions, and
wildfire UAS mapping missions is available in Figure[3] From Figure[3] we can see that mishap reports on wildfire UAS
missions is increasing overtime, with a large proportion of these results from mapping operations. This resulted in
a total of sixty-four mishap reports spanning from 2015-2022. Of the sixty-four reports, one was removed from the
analysis because it was blank and two reports contained two failure modes each.

Each report narrative is examined and assigned one or more initiating events, associated high-level failure mode
category, and associated top event or outcome. In turn, a list of twenty-two initiating events, four failure mode categories,



and two top events were identified from the report set. Lower level initiating events, enumerated in Table T are grouped
into similar resulting failure mode categories defined in Table [3]and top events defined in Table 2] After getting the
frequency of each top event per year, we estimate the failure rate per number of flights.

To estimate the failure rate, additional annual reports from the DOI and USFS are used to identify the number
of UAS flights per year and the percentage of mapping flights. The data on mission distribution is limited for years
2015-2021, so 2022 is used to calculate the percentage of flights for wildfire mapping missions. In 2022, about 15% of
flights were mapping missions and 42% were wildfire missions [36]. Using naive probability in Equation [} we can
estimate the percent of flights for wildfire mapping missions resulting in 6.3% of flights relevant to our case study.

P(Wildfire & Mapping) = P(Wildfire) = P(Mapping) = 0.42 % 0.15 = 0.063 6)

We scale the annual total flights by this percentage to estimate the amount of flights during wildfire mapping missions,
with the total flights and estimated wildfire mapping flights displayed in Figure[d Together, Figure [3|and Figure ] show
that the number of UAS flights is increasing at faster rate than SAFECOM mishap reports, indicating mishaps are
occurring less often in 2022 than in previous years, such as 2015 and 2016.

Failure rates for each top event are calculated using the estimated flights per year, with top event frequency and rate
per year shown in Figure 5| and Figurd6|respectively. The number of events increases overtime, with the number of
flights until an event decreasing over time in turn. The number of flights until a top event appears to stabilize from
2020-2022, while 2017-2019 have more variable failure rates. The variation in failure rate in turn impacts the range and
accuracy of the Markov Chain analysis.
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Table 1 Granular initiating failure events associated with failure categories and frequencies.

Failure Categories Failure Mode Frequency

Airspace Manned Aircraft Intrusion 6
Airspace Conflict 4

Equipment Failure Propeller Arm Disconnection 1
Motor Failure 2
Motor Mount Failure 1
Parachute Landing Failure 1
Battery 4
Landing Gear Failure 1
Casing Dislodged 3
Fasteners Dislodged 2
Engine Failure 1
Autonomous Malfunction 2

Human Factors Miscommunication 1
Pilot Error 9
Procedural Error 1
Inappropriate Landing Site 3

Loss of Control Control Surface Damage 1
Loss of GCS 1
Loss of GPS 4
Loss of Link 4
Uncontrolled Flight 12
High Wind 1

Total 65

Table 2 Top event definitions and frequencies.

Top Event Description Frequency

Loss of Mission Any outcome or failure mode effect that results in the termination of a 21
current mission or the termination of remaining missions in the day.

Loss of UAS Any outcome or failure mode effect resulting in substantial damage to 33
the UAS requiring off-site repair or complete loss of vehicle.

None Reports that detail no negative outcome with failure mode effects 9
mitigated prior to events occurring.

Total 63

B. Fault Tree Analysis

An initial portion of the FTA is in available for the two top events, loss of mission and loss of UAS, in Figure|/|and
Figure [§]respectively. Of note, loss of UAS top events are caused by a greater variety of equipment failures and loss
of control failures than loss of mission top events. That is, severe equipment failures and loss of control of the UAS
can lead to circumstances that not only result in the loss of the mission, but also result in the loss of the vehicle itself.
Additionally, airspace mishaps have only resulted in loss of mission events.



Table 3 High-level failure category definitions and frequencies.

Failure Categories Description Frequency

Airspace Any initiating event resulting in a failure mode related to airspace non- 10
conformance, including flight path deviations and intrusions.

Equipment Failure Any initiating event resulting in a specific equipment failure mode, in- 18
cluding batteries, autonomous navigation, and mechanical components.

Human Factors Any failure mode related to human interaction, including operator errors 14
and communication breakdowns.

Loss of Control Any initiating event resulting in a failure mode related to loss of control = 23
of aircraft motion, including high wind, loss of link, loss of GPS, and
uncontrolled flight.

Total 65
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Fig. 7 Loss of Mission Fault Tree.

C. Event Tree Analysis

An example of a data-driven event tree generated from the SAFECOM reports for a loss of GPS initiating event is
available in Figure After a loss of GPS, the next event could be reconnection or no reconnection. If no reconnection
occurs, a UAS could correctly initiate an auto-landing capability, such as return to home, or fail to properly initiate the
capability. In the event of an absence of auto-landing or an improper auto-landing, a pilot can attempt to regain control
through correct commands. These different paths along the tree can result in nominal operations (i.e., a successful
outcome), or top events, such as loss of mission and loss of UAS. Of the four reports on loss of GPS, all resulted in no
re-established GPS connection and no correct initialization of auto-landing sequences. Three of the four failed to have
correct pilot input commands, including cases of pilots over correcting and manually crashing the UAS, while one
report had a successful manual return.
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D. Markov Chain Analysis

To begin the probabilistic risk assessment style analysis with Markov Chains, we first estimate the probability
distribution of the number of flights until each top event by estimating the exponential distribution parameters using
Equation (). Using the number of flights until a top event per year in Figure[6] the estimated parameters for loss of
UAS and loss of mission are 115.876 and 208.968 respectively. After estimating using bootstrapping on the original
samples, the 95% confidence interval for the parameter is [58.659, 179.332] for loss of UAS and [49.799, 448.394] for
loss of mission. The estimated, upper, and lower bound probability density functions are shown in Figures[IT]and [I2]
where the lower bound distribution is the case with fewer flights between failures and the upper bounds case has more
flights between failures.
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Fig. 11 Time until failure distributions for loss of = Fig. 12 Time until failure distributions for loss of
UAS. mission.

Now that we have probability densities for the top events, we can examine the occurrence of the top events using
Markov Chains and simulation. A UAS wildfire mapping mission can be viewed as a 3-state Markov Chain with one
nominal and two faulty states (loss of UAS, loss of mission) in Figure [I0] with faults as absorbing states and nominal as
a transient state. A transition from one state to the next is modeled on the time scale of one flight per time step. Thus the
chain can be used to evaluate the probability of a faulty state occurring during the next flight and the expected number of
flights until a fault occurs. The probability of a faulty state occuring in the next flight is found by taking the cumulative
density function of the estimated exponential distributions at the value x = 1. Using the probabilities estimated as such,
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the Markov Chain can be described by the probability transition matrix, P, in Equation (7), with lower and upper bound
transition matrices in Equations (8)) and (9) respectively.

Nominal Loss of UAS  Loss of Mission

Nominal 0.986 0.009 0.005
P = Loss of UAS 0 1 0 (7)
Loss of Mission 0 0 1

Nominal Loss of UAS  Loss of Mission

Nominal 0.963 0.017 0.020
P = Loss of UAS 0 1 0 (8)
Loss of Mission 0 0 1

Nominal Loss of UAS  Loss of Mission

Nominal 0.992 0.006 0.002
P = Lossof UAS 0 1 0 (9)
Loss of Mission 0 0 1

Since the system is modeled as a Markov Chain, we can now use the chain properties to estimate the expected
number of flights until a faulty state occurs. The system represented in Figure [[0]identifies nominal as a transient state,
hence the expected time in transient states is equivalent to the expected number of flights until a faulty state occurs. In
our system, there is only one transient state (nominal), so the solution to Equation [5|reduces to Equation[T0] From this
equation, the expected number of flights until a faulty state is 75 flights. Using the same equation for the upper and
lower bound transition matrices, the 95% confidence interval for the number of flights until a fault is [27, 125].

g(nominal) = [1 — P(X;4; = nominal|X; = nominal)] "
=[1-0.986]"" (10)
=71

VI. Discussion

An advantage of this study is that it can be implemented in a dynamic, living PRA manner, rather than a static,
one-time analysis. As operations using UAS continue and additional reports become available, new initiating events,
failure categories, and top events can be identified and the resulting fault trees, event trees, and Markov chain analysis can
be iteratively updated accordingly. This semi-automatic update of previous PRA analyses, along with newly generated
safety metrics, can be considered as a capability of an IASMS. Furthermore, additional IASMS services, functions,
and capabilities — such as in-time health diagnostic and prognostic, better weather models, state-of-the-art UAS Traffic
Management (UTM) — can be designed and operated with these failure modes in mind, and thus, increase overall system
safety [40].

The methods in this research are data-driven, thus they rely entirely on the quality and completeness of safety reports.
Since the SAFECOM reporting system used in this study is comprised of voluntary reports, the results likely are biased
towards an under-representation of the true frequency of top events. Additionally, the number of top events and UAS
flights changes from year-to-year, which in turn impacts the probabilistic analysis. The number of flights until a top
event is much higher from 2017-2019 than from 2020-2022 for both loss of UAS and loss of mission. In this case, the
average failure rate is taken over all the years; however, in some cases it may be more accurate to take the failure rate
from only the most recent year(s). Another limitation of this study is the lack of availability of data on flights and flight
hours of UAS missions. No data on UAS flight hours was found and we only found data on the number of flights for
2022, resulting in estimations for the number of flights for the remaining years. Nonetheless, the frame work for this
analysis can be used if more detailed flight data or different failure rate calculations are provided.
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VII. Conclusion

Wildfire incidents continue to be a challenge for wildland fire management professionals and the general population
alike. While there are calls to leverage advances in UAS technology to offload risks wildfires pose to firefighters
onto UAS, it is of essence that such process is done safely and efficiently, an effort which this study contributes to by
analyzing present-day faulty state occurrence. This research presented a data-driven probabilistic risk assessment-styled
method to evaluate faulty states with an application to wildfire UAS mapping missions. The method consisted of a
hazard identification step, fault tree analysis, event tree analysis, and Markov chain analysis. Using the SAFECOM
database and filtering for relevant reports, we identified loss of UAS and loss of mission as the primary faulty top events.
The set of possible initiating events leading to each faulty state is enumerated in the fault trees, while an event tree for a
loss of GPS initiating event detailed the possible intermediate events and top events following a loss of GPS. From the
Markov chain analysis, the estimated number of flights until a faulty state (top event) was found to be 71, with a 95%
confidence interval of 27 to 125 flights. This findings describe in detail the occurrence of faulty states in present-day
UAS wildfire mapping missions.

Future extensions of this work with focus on implementing natural language processing (NLP) algorithms into
the hazard identification step, building off of previous work by the authors [41},42]]. Employing NLP in this step will
help assist expert-driven hazard identification and help move towards a more seamless implementation of a dynamic
assessment that updates as new reports are made available. Additional Markov chain analysis will also be performed for
other sections of the system, including a representation of the event tree analysis as a Markov chain. Programming
capabilities will also be built to help verify fault tree and event tree construction based on human-annotated documents.
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