© Copyright 2017

Harry Podschwit



The statistical analysis of wildfire growth

Harry Podschwit

A dissertation
submitted in partial fulfillment of the

requirements for the degree of

Master of Science

University of Washington

2017

Reading Committee:
Peter Guttorp, Chair
E. Ashley Steel

Narasimhan K. Larkin

Program Authorized to Offer Degree:

Quantitative Ecology and Resource Management



University of Washington

Abstract

The statistical analysis of wildfire growth

Harry Podschwit

Chair of the Supervisory Committee:
Professor Emeritus, Peter Guttorp.
Statistics

Understanding and quantifying wildfire behavior is of interest to the scientific community, as
well as public health and fire management professionals. To achieve this end, there is a demand
for statistical descriptions of wildfire behavior and its relationship to the environment. However,
wildfire behavior can be complex, described by multiple characteristics such as final size,
duration and growth rates, and influenced by processes that can be regionally dependent. Further
challenges arise due to the poor quality and availability of cumulative burn area time series data,
which often contain missing and erroneous measurements. To address these issues, a variety of
methods are presented. Multiple wildfire behaviors are represented using a simple decomposition
of cumulative burn area time series that measures four meaningful quantities from the growth

curve. The relationship between wildfire activity and the environment are approximated using



regionally specific generalized linear models. Weather and landscape data are used to predict
various measures of wildfire behavior. Validation results suggested that most of the models
generalized well to independent data, and have potentially useful applications in climatological
research. Data quality issues common to cumulative burn area time series are addressed using
Bayesian state-space models, which reconstruct growth curves from multiple corrupted burn area
time series. Two state space models are presented, a stationary version that assumes idealized
fire growth, and a non-stationary version that produces reconstructions with time-varying growth
rates. The relative computational costs and goodness-of-fit is illustrated by reconstructing the
growth curves of 13 wildfires from 2014 wildfire season using growth data coming from two
sources, fire perimeters from the Geospatial Multi-Agency Coordination (GeoMAC) and
cumulative hotspot detects from the Hazard Mapping System (HMS). The stationary model had
minimal computational costs, but rarely produced adequate descriptions of the burn area
observations. The non-stationary model had much higher computational costs, but produced
realistic estimates of the time series. An informal sensitivity analysis suggested that the
reconstructed curves would be robust to changes in the priors. The main application of the state-
space models is to reconstruct burn area time series, which can in turn be used for statistical
analysis or validation of currently existing growth models. The framework can be modified for
other purposes as well including forecasting burn area, and predicting the extinguishment date of

a fire.
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Chapter 1. INTRODUCTION

Understanding the drivers of wildfire activity is of interest to a variety of scientists, as
well as wildfire managers and policy makers. Fires are a key successional phenomenon in many
ecosystems (Koniak 1985, Gunderson and Snyder 1994, Minnich and Bahre 1995) and can
profoundly influence hydrological (Elliot et al. 2005), soil (Johansen et al. 2001) and ecological
(Nelle et al. 2000) processes. Fires also have serious socio-economic impacts (Morton et al.
2003) like road closures, evacuations, loss in property values and damage to view sheds.
Wildfires also pose risks to human health, which can come directly result from the flames, or
indirectly through smoke impacts which can impact health hundreds of miles away from the fire
(Moeltner et al. 2013). Given that climate change is expected to change global fire regimes in
various ways (Flannigan et al. 2009, Moritz et al. 2012), there is an increasing demand to
understand fires and how their behavior is related to environmental conditions. Quantifying
relationships between environmental conditions and wildfire behavior allow better prediction of,
and planning for, changes to future wildfire regimes. However, quantifying relationships
between the environment and wildfire behavior is complicated due to the variety of
measurements that potentially represent wildfire behavior. Fire size, duration and rate-of-spread
measurements all communicate information concerning the severity of a fire, but also describe
unique characteristics of its growth. Further, independent processes may control each
measurement of wildfire activity and it cannot be assumed that any hypothetical change to the
environment or landscape would alter each measurement in the same way (Fischer et al. 2015).

Hence, fully understanding future wildfire patterns will require using multiple measurements of



wildfire behavior, and quantifying how environmental changes can alter each of the
measurements.

In this introduction, I will present commonly used wildfire behavior measurements and
discuss their importance to scientific research, fire fighting operations, and land management. A
brief review of the wildfire modeling will be presented to describe the tools that currently exist to
quantify the relationship between the environment and wildfire behaviors, and motivate the use
of statistical models. The discussion of statistical modeling will transition into a presentation of
the potential sources of cumulative burn area time series for wildfires in the United States, as
well as their benefits and limitations. I will close the introductory chapter with a summary of
mathematics that will be required to understand the tools and results developed in this

manuscript.

1.1 MEASURING WILDFIRE BEHAVIOR

Wildfires are a complex process that can be measured using a variety of measurements,
each capturing a unique dimension its overall behavior. Fire occurrence, is perhaps the simplest
example, describing incidents as a binary presence/absence variable. That is, when and where is
there burning on the landscape. Wildfire presence can broadly describe the location, time and
place of an incident (Taylor et al. 2013) or provide detailed descriptions of actively burning
locations across the landscape (Csiszar et al. 2006). Presence-absence measures are commonly
used to count the frequency of wildfires if they are recorded consistently over time and space.
Although the simplicity of presence-absence measurement is appealing and useful for measuring
wildfire frequency, it can mask important information about how wildfire behavior. Presence-
absence descriptions do not describe the final burn area or duration of an individual wildfire

event, both of which can be potentially important information to scientists (Van der Werf et al.



2006), fire managers (Thompson 2013), and health professionals (Moeltner et al. 2013). Given
these limitations and that nearly all fire metrics will be conditional on fire occurrence, more
detailed measurements of wildfire behavior are commonly used.

The next level of detail concerns the final burn area, which describes incidents by the
size it grew to when it was extinguished. This measurement can be described on a continuous
scale (Turetsky et al. 2004) or categorically, large or very-large burn area groups for example
(Barbero et al. 2014). Final burn area is perhaps the most commonly used measurement of
wildfire activity by researchers and requires relatively little data. Measurements can come from a
variety of different sources from crude field-estimates (Kasischke et al. 2002) to estimates based
on satellite imagery (Eidenshink et al. 2007). Unlike other measurements, only one post-fire
estimate of burn area is needed to calculate final burn area. The definition of final burn area is
seemingly straightforward, but there is inherent subjectivity in the classification of burned
regions and disagreement between data sources is common. For example, a burn area
observation may reflect the true physical area burned by the fire and exclude unburned interior
patches. This quantity is sometimes referred to as the blackened area of a fire. On the other hand,
burn area observations may be of the affected area of the fire and map the perimeter of the fire
only, ignoring unburned interior regions. These distinctions are important because the affected
area could be more than 1.5 times larger than the blackened area. Estimates of burn area are
further clouded by observation errors, which are common in burn area data. Observation errors
arise for a variety of reasons including poor fire detection, human error, topography, and safety
issues (Kolden et al. 2012). Burn area measurements are used for a variety of purposes including
estimating wildfire emissions (Van der Werf et al. 2006), quantifying smoke related health

impacts (Moeltner et al. 2013), and predicting firefighting costs (Gebert et al. 2007).



Another commonly used measurement is wildfire duration, which can have multiple
definitions. Duration can be the time from the fire’s ignition until further spread is unlikely
(Dowdy and Mills 2012), the number of consecutive days of hotspot detection (Hernandez et al.
2015,), days between start and end dates of fire reports (Keeley et al. 2009) or based on percent
of final size (Larkin et al. 2015). Given that the final burn area is often repeated multiple times
near the end of the fire’s lifetime, estimates of wildfire duration will change depending on the
how it is measured (Filippi et al. 2014). Given the multiple methods of measuring duration and
the additional information requirements, it is less commonly used than final burn area, although a
number of analyses have included duration (Thompson 2013, McKenzie et al. 2006, Khabarov et
al. 2008, Fried et al. 2006, Scott and Thompson 2014, Keeley et al. 2009, Braun et al. 2010, Van
Wagtendonk and Lutz 2007, Dowdy and Mills 2012, Hernandez et al. 2015,). Measurements of
duration are important to calculating suppression costs of individual wildfires (Thompson 2013)
and quantifying the health effects of smoke (Mirabelli et al. 2009).

Measurements of spread are an important quantity that can be calculated in multiple
ways. Rate of spread (ROS) measures the rate at which heat transfers from burned to unburned
material (Taylor et al. 2013) and is often included in fire reports and case studies (Taylor and
Williams 1968, Anderson 1968, Cheney et al. 2012). ROS is sensitive to weather and landscape
conditions, and can be highly variable in space and time. Hence, field estimates of ROS may not
be representative of the ROS over the entire burning perimeter of the fire (Taylor et al. 2013).
Daily area burned time series are an alternative measure of spread (Billmire et al. 2014, Birch et
al. 2014) and maximum daily area burned measurements are particularly important in both
chapters of this manuscript. Qualitative measures of growth, like high- and low-spread days,

have also been used (Finney et al. 2009). Rate of spread measurements are often used throughout



wildfire suppression operations and are important to predict to firefighter safety (Alexander and
Thomas 2003). Moreover, daily area burned measures can be helpful in understanding the post-
fire effects on vegetation (Birch et al. 2014), and measuring smoke related health effects
(Moeltner et al. 2013).

In addition to these quantitative growth measures, qualitative measurements are broadly
applicable and have been used to describe various behaviors, e.g. crowning (Cruz et al. 2004),
ignition method (Van Wagtendonk and Lutz 2007), and predominant atmospheric conditions
(Brotak and Reifsnyder 1977). These measures of wildfire behavior capture important aspects of
a fire’s growth and can be used to approximate the complex, multi-dimensional of wildfire

activity.

1.2  MODELING WILDFIRE BEHAVIOR

Wildfire growth models are another important way of summarizing wildfire behavior and
relating it to the environment. Growth models can be constructed using a variety of techniques
that can be broadly divided into physical and statistical methods. The earliest physical models of
wildfire activity go back to (Fons 1946) and at least 40 physical/semi-physical models of fire
spread, and as many as 30 statistical models of spread have been published since. ROS models
input environmental and landscape data to estimate the one-dimensional linear progression of the
flaming edge of a fire. The estimates of ROS can be fed into fire growth models to estimate burn
area in two dimensions (Taylor et al. 2013), which can be as simple as elliptical models of fire
growth (Van Wagner 1969) to complex simulations like FARSITE, that require spatially explicit
maps of fuel and topography, as well as detailed information about the weather (Finney 2004). In
addition to FARSITE, there are more than 40 different wildfire growth models that have been

developed since 1969. Unfortunately, the data inputs required for simulations may be onerous,



and the models can be sensitive to changes in inputs, and may not be thoroughly validated
(Taylor et al. 2013). Moreover, spatially explicit progression maps are not always necessary and
it is often sufficient to model the measurements of wildfire behavior.

A number of the wildfire behaviors measurements described in the previous section have
been modeled quite well using statistical models. Burn area distributions are commonly assumed
to follow power law-like behaviors, suggesting the use of Pareto type distributions (Schoenberg
et al. 2003); however, other distributions like the Gamma (Hernandez et al. 2015y) have also
been used. Wildfire duration has been modeled using Markov Chains (Thompson 2013), linear
(McKenzie et al. 2006) and quadratic (Khabarov et al. 2008) models, and simulations (Fried et
al. 2006, Scott and Thompson 2014), and empirical distributions (Keeley et al. 2009, Braun et al.
2010, Van Wagtendonk and Lutz 2007, Dowdy and Mills 2012). Containment probabilities have
been related to various fuel types, suppression and other covariates using mixed modeling
(Finney et al. 2009). Hence, there is a great variety of modeling techniques that have been used
to describe wildfire behavior, ranging from theoretical physics based models of fire growth to
statistical models of aggregate measurements of wildfire behavior. However, one of the
challenges to adopting these statistical techniques is related to issues with quality and quantity of

cumulative burn area data (Taylor et al. 2013, Kolden et al. 2012)

1.3 CUMULATIVE BURN AREA DATA

Statistical wildfire growth modeling often requires measurements of cumulative burn area
taken over a fire’s lifetime. The data can be extracted from a variety of sources that include non-
spatial reports and spatially explicit burn perimeters. In the United States, a popular source of
non-spatial burn area measurements is incident command system 209 (ICS-209) forms. These

reports are distributed almost daily for large wildfires burning on federally owned lands in the



United States. They provide agency managers with a daily snapshot of wildfire activity, and are
used for decision making and planning at broader geographic scales. Each individual report
contains 47 blocks of information including date, time, coordinates, management strategy, fuels,
values-at-risk, ignition dates, expected containment dates, and fire size (Thompson 2013). The
quality of the fire size estimates can vary, even throughout the lifetime of an individual incident.
Burn area estimates can be based approximate ground-based best guesses, ground and aerial GPS
information, and imagery from fixed-wing and satellite platforms. The data quality of these
reports can change over a fires lifetime, and reductions in burn area may be reported when better
mapping technology becomes available. Written wildfire reports can also be found through some
state and local agencies (Short 2014). Whatever the case, these non-spatial reports can be used to
generate, at least partial, time series of cumulative burn area observations throughout the fire’s
lifetime.

Spatially explicit fire perimeter maps can also be a rich source of burn area data. The
Geospatial Multi-Agency Coordination (GeoMAC) produces wildfire perimeter data throughout
some large fire’s lifetime. These maps are produced for fire and land managers, the public, and
researchers to provide the latest information of wildfire progression. Fire perimeter maps are
constructed from a variety of data sources. Perimeters may be mapped using field-based methods
that use GPS to traverse the boundaries via foot, land-vehicle or aircraft. Maps can also be
constructed using infrared imagery collected from satellite or aircraft (Walters 2008). These
maps can also be produced using other information including field-based intelligence,
interpretation of aerial photography (Parks 2014, Kasischke et al. 2002), and by estimating burn
area from satellite hotspot detects (Veraverbeke et al. 2014, Parks 2014). Burn area estimates

derived from satellite hotspot data can have problems with accuracy, but are recorded



consistently and globally, and are useful when burn scar data is unavailable (Zhang et al. 2011).
Hence, spatially explicit burn area maps and written reports are produced from a variety of
sources, and can be used to generate cumulative burn area time series, which can be used to
calculate important measurements of wildfire activity, validate models of wildfire behavior and
other important tasks to scientists and fire managers. As will be presented in this manuscript,
detailed fire information can be described and related to the environment by using simple
mathematical models of growth, and decomposing the burn area time series into meaningful
wildfire behavior measurements. In the next section, I will present the mathematics that will be

required to sufficiently describe the modeling approaches used in this manuscript.

1.4 BACKGROUND MATHEMATICS

1.4.1 Mathematical models of growth

The best mathematical model of fire growth will capture important aspects of a fire’s
behavior and size. Before ignition, a fire has a size of zero fire. After ignition, the fire will
continue to grow as long as the flame front produces sufficient heat to ignite the adjacent
biomass, living or dead. This process continues until the fire eventually reaches its final size
(Taylor et al. 2013). One simple representing the process in continuous time is to assume a

logistic differential equation.

ax

==rx(1-%/p).

This model is controlled by two parameters referred to as the inherent growth parameter,
r, and the final burn area, K. In addition, initial conditions must be imposed and setting
X(0) = X, is popular choice, leading to the analytic solution of

X() = KXo/ (Xo + (K — Xo)e™™).



However, since most burn area data is typically recorded at a daily time-scale, a discrete
time alternative to this model may be more appropriate. However, two difference equation
models can be interpreted as being the discrete-time interpretation of the logistic differential
equation: the logistic map and the Beverton-Holt difference equation.

The logistic map is written as,

Xt+1)=rXt)Q-X()).

For intermediate values of r, between 1 and 3, the solutions approach (r — 1) /r and will
have a S-shaped curve. If 7 becomes too large, pathologies that are inconsistent with wildfire
growth, decreasing burn area and chaos, begin to arise. The logistic map’s model structure is
direct analog to the nondimensionalized logistic differential equation (Murray 2002). However,
given the models instability, it will not be considered further.

The other discrete time logistic model is the Beverton-Holt difference equation.

X(t+1)=e"KX(t)/(K+ (e" — 1)X(1)).
This Beverton-Holt model can be solved analytically by applying Y (t + 1) = 1/X(t + 1) and
reverse transforming. The model is identified as the logistic model because the solution is
interpolated by the continuous-time logistic differential equation. For r < 0, the model decays to
zero. For r > 0, it approaches the final burn area K (Kot 2001). It should be noted that other
logistic like growth models, such as the Gompertz model (Winsor 1932), could also have been

considered.

1.4.2 Generalized linear models

One flexible method of relating wildfire behavior measurements to environmental
covariates is through the use of generalized linear models (GLMs). GLMs are statistical models

requiring two components: a response and link function. The response is a probability



distribution function from the exponential family that describes the conditional distribution of
models response. The link function relates the linear combination of covariates to the model
mean.
gu) = Bo + Prx; + -+ BpXp.
The gamma with log link, beta with logit link and negative binomial with log link will be the
three model configurations used in this manuscript.
The gamma distribution is a flexible distribution for continuous skewed responses that

are strictly greater than zero. The gamma distribution has the probability density function.
—__ 1 av.ov-1,-2y
FO) = s Ry,

2
The model mean is u = v/A, with model variance ”7 = v/2?, the former being controlled

by the linear combination of covariates and latter controlled by v. The log link implies that the
effect of the predictors is multiplicative on the mean. Skewed continuous data can also be
modeled using an inverse Gaussian response (Faraway 2006).

The beta distribution is a flexible distribution that supports random variables on the unit

interval, such as percentages, and has the probability density function.

1
B(a,B)

fy) = x4 —x)F L

. _ . af _ _
Here the model mean is 4 = a/(a + [) and model variance GiPR @B u(l

w)/(1 + ¢). Again the response is controlled by the linear combination of covariates through
u = a/(a + B) and variance through the scale parameter ¢. The logit link suggests that the
effects of the predictors are multiplicative on the ratio of response and its complement (Ferrari

and Cribari-Neto 2004).



Lastly, the negative binomial response with a log link will be used for count data in this

manuscript and has probability mass function.

y+r—1

for =" a-prp

Here E[Y] = u = pr/(1 — p) and Var[Y] = (1:)2 = i + u?/¢. Strictly speaking, the

negative binomial is not in the exponential family but is close enough in form to use GLM.
Maximum likelihood estimates must be calculated by iteratively estimating model coefficients
and ¢. The Poisson distribution could also have been used, but the negative binomial is

particularly appropriate when the variance that is larger than the mean (Hilbe 2011).

1.4.3 Model selection and validation

There is often a need to select a best model from a suite of competing models and for this
a variety of selection methods have been developed. In some cases, the best model is the one
with the highest probability of being the true model and the goal is model identification.
Alternatively, the best model may be defined as the one that optimizes a loss function, and the
goal is model estimation. Since it is oftentimes assumed that no true model exists, estimation is a
more generally applicable criterion. When estimation is the goal, an easily interpretable method
of model selection is to choose the model with the minimum prediction error. Prediction error
can be estimated by calculating the loss based on the same data that trained the models, however,
this will lead to overly optimistic error estimates and risks overfitting. It is therefore prudent to
estimate prediction error using data that was not used to fit the models. This is commonly done
using the simple holdout method, which divides the data into two mutually exclusive groups.
One group is used to fit the models, and the other group contains the remaining data, and is used

to estimate the prediction error. This model selection algorithm can seemingly be applied to



nearly any model due to the universality of data splitting procedures (Arlot and Celisse 2010).
The single split holdout uses one partition for both selection and assessing prediction error.
Hence, prediction error estimates may also be overly optimistic in the simple holdout since the
prediction error was optimized. When both quantities are of interest, then it is appropriate to use
a three-way holdout. Here the data is split into three mutually independent sets. The first group is
used for fitting the models, the second for model selection and the last for quantifying the error
of the final model using independent data. The independent blocks of data prevent overly
optimistic estimates of the prediction error that result from two-way holdouts and resubstitution

(Dua and Chowriappa 2012).

1.4.4 Bayesian Statistics

Incorporate background information and evidence into the model building and fitting can
be desirable when data is sparse. A natural way of doing this is through the use of Bayesian
statistics. Bayesian statistics interpret probabilities to represent the strength in model parameters.
The alternative is to the Bayesian paradigm is frequentist statistics, which interpret probabilities
to represent the frequency in which certain events should be expected to occur. Bayesian

statistics define the probabilities of model parameters using Bayes theorem,

__py19)p(6)
p(8ly) = P2 20O,

The probability of the vector of model parameters, 8, given the vector of observations, y,
is called the posterior, p(8|y). The probability of the observations given the model parameters is
called the likelihood, p(y|@). The background information is incorporated through the prior,

p(0), which is a probability distribution that represents the a priori belief in the model



parameters. The probability of the vector of observations, p(y), is often omitted so the posterior
is just written as,
p(6ly) a p(y|6)p(6).

Oftentimes, the statistical model of interest is multivariate and complicated, making
direct calculation of the posterior difficult or impossible. Hence, simulation methods have been
developed to generate samples from the posterior distribution, from which statistics concerning
the certainty in the model parameter can be calculated. In particular, Markov Chain Monte Carlo
(MCMC) methods, which rely on Markov chains that explore and sample the posterior
distribution, are applicable to a broad variety of problems and have become increasingly a
popular in recent years.

Developments in statistical software have increased the accessibility of MCMC
techniques to researchers outside of the statistical community. For instance, Just Another Gibbs
Sampler (JAGS) and Bayesian Inference Using Gibbs Sampling (BUGS), input data and text
files describing the model structure, and output samples from the posterior. Internally JAGS
software converts the model formulation into a graphical representation. Variables are converted
into nodes, which represent stochastic or deterministic relationships. The graphical
representation of the model is sample by iterating through the stochastic nodes via Gibbs
sampling (Plummer 2003). A single Gibbs sampling step will iterate through each of the
stochastic nodes in the graph, and sequentially update the Markov chain. The Gibbs step ends
after each parameter has been sampled. Each iteration occurring within a single Gibbs step
samples a single parameter updated via a random draw from the conditional posterior. The
updated vector of model parameters is returned at the end of each iteration and the next iteration

will repeat the same process for the next model parameter in the sequence (Yildirim 2012).



MCMC sampling can be used to fit state-space models, which in general, cannot be done
analytically. State-space models assume that the observations were generated from two model
components, a process state and observation state. The process state components models the true
process that is not directly measureable and imposes structure onto the data generating process.
The observation state components models the data generating processes, which is based on the
process state. The state space framework can be defined mathematically as,

X = f(X¢-1,7¢, 6).
Ve = h(xe, €4, 7).

The first equation is the process equation, f, and x, is the unobservable state. The process
equation controls how the process state transitions through time. The second is the observation
equation, h, and y, are the data. The observation equation controls how X, is related to the
observations. The errors terms for the unobservable and observable states are respectively
denoted, 1, and €,. The nuisance parameters are denoted, § and y, for the unobservable and
observable states respectively. Although broadly applicable and easily interpretable, state-space
models can be very difficult to fit. If the process is linear and the errors Gaussian, the Kalman
filter can be used, however other techniques must be applied if the observations are non-
Gaussian or the process is non-linear (Petris and Petrone 2011). State-space models can be fit
using the MCMC techniques described earlier, which have the additional advantage of
quantifying the uncertainty probabilistically and being applicable to variety of models. The
posterior can be sampled by Gibbs sampling the conditional distributions
p(X|Y,y,8),p(y| X,Y,8) and p(6| X, Y, y), where the vector of observations is
Y = {yo,y1, ", ¥»} and the vector process-states is X = {xy, x4, -, x,} (Geweke and Tanizaki

2001).



1.4.5 Concluding remarks

I will use the data and mathematical techniques introduced in this section to describe
wildfire behaviors and their relationship to the environment. In Chapter 2, I will present a novel
method of decomposing cumulative burn area time series into measurements of wildfire
behaviors. I will apply this decomposition method to a large database of burn area time series
and use these measurements to explore trends and patterns of wildfire behaviors across the
Continental United States. Regionally specific models of wildfire behavior will be constructed
based on weather and landscape data inputs. The best predictors of wildfire behaviors in each
region will be identified by the coefficients of the best models, and seasonal trends inferred from
historical model predictions. This general method may serve as a starting point for those
interested in relating wildfire growth to other environmental variables, and the models
themselves show potential to predict wildfire behaviors from climatological data.

In Chapter 3, I improve the way researchers deal with pathologies of missing and
erroneous measurements that are typical in cumulative burn area datasets. To do this, I will use a
state-space model to represent cumulative burn area time series. The unobservable process will
describe the true cumulative burn area time series and will conform to prior knowledge of how
wildfires grow over time, part of which is will be based on the results from Chapter 2. Satellite
and ground based measurements of burn area will be modeled conditional on the unobservable
process, allowing missing and erroneous data to be dealt with in a natural way. The state-space
model is intended as a general tool for combining multiple burn area time series that may
disagree about burn area measurements or occur on different scales, into a single realistic

reconstruction. The reconstructed time series could be used to validate currently existing models,



as well as be used to calculate wildfire behavior measures that may otherwise be difficult to

calculate from corrupted and incomplete burn area time series.
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Chapter 2. ENVIRONMENTAL AND LANDSCAPE PREDICTORS
OF WILDFIRE GROWTH AND FINAL SIZE
ACROSS ECOREGIONS OF THE
CONTERMINOUS USA

2.1 INTRODUCTION

Predictive models of wildfire activity are profoundly valuable to fire managers in the
planning of effective suppression operations and assisting with decision-making at broad
geographic scales. Predictive models of wildfire activity are also useful to researchers, who
oftentimes want to predict wildfire behavior under hypothetical environmental conditions such as
past and future climates. Wildfire prediction systems can range in complexity from spatially
explicit physically based simulations (Williams et al. 2014) to regression models (Cortex and
Morais 2007). The end goal is usually the same regardless, input environmental data and output
predictions of wildfire activity.

There are a number of challenges to constructing predictive wildfire activity systems,
one of which is the ambiguity in defining wildfire activity. Wildfire behavior is complex and can
be quantified using multiple measurements including final size (Slocum 2010, Cardil et al. 2014,
Turetsky et al. 2004, Butry et al. 2008, Martell and Sun 2008), duration (Westerling 2006), rate-
of-spread (Werth and Ocha 1993, Cheney et al. 2012, Cruz et al. 2013) and daily area burned
(Price et al. 2014, Billmire et al. 2014, Sedano and Randerson 2013). The growth measurements
are used as proxies of overall fire severity and are frequently correlated, e.g. larger fires should
be longer in duration. On the other hand, the measurements also describe unique characteristics
of the wildfire’s behavior and may be of particular importance to a specific application. Burn

area measures are can be used by public health officials to quantify smoke exposure (Moeltner et



al. 2013) and carbon emissions (Van der Werf et al. 2006), duration measurements could be used
to estimate suppression costs (Gebert et al. 2007), and growth rate measurements inform
strategies and policies of firefighting professionals (Alexander and Thomas 2003).

Multiple measures of wildfire activity should be used whenever possible since univariate
descriptions can lead to misleading assessments of fire severity. For example, ranking Florida
fires by three different wildfire activity definitions corresponds to three unique conclusions about
which fire was the most severe. If wildfire activity of fires is evaluated using final burn area,
then the Bugaboo fire designated the most severe (MTBS 2017). If by rate-of-spread or duration,
then the Big Scrub and Honey prairie would be respectively classified as the most severe
(Cooper 1970, Inciweb 2017). Hence, to better describe the complexity of wildfire activity and
its relationship to the environment, it is prudent to look at a variety of characteristics.

In addition to the ambiguity of defining wildfire activity, constructing predictive models
can be challenging since the process is controlled by spatially varying environmental
relationships and the same suite of environmental changes could have the opposite effect on fire
behavior depending on where the fire is burning. For example, in fuel-limited ecosystems like
deserts and grasslands, fire activity should be elevated when dry years follow extended periods
of above-average precipitation. In these ecosystems, flammable biomass is often dry due to the
long-term climate, but without adequate precipitation, insufficient in quantity to carry large fires.
In contrast, climate-limited ecosystems like temperate forests have abundant biomass but require
a sufficiently dry environment to cure the fuels (Meyn et al. 2007, Krawchuck et al. 2011,
Barbero et al. 2014). Spatial variability in relationships between wildfire activity and the
environment has been observed in multiple regions and growth measurements. Climate has been

observed to disproportionately influence the probability of wildfire occurrence across ecosystems



within the continental United States (Hawbaker et al. 2013), and the correlation of Palmer
Drought Severity Index and fire season severity dramatically changes across the Western United
States (Westerling et al. 2003). High spatial variability in the best predictors of fire activity has
also been observed in the Austrian Alps (Arpaci et al. 2013). Hence, to identify which
environmental variables are important to wildfire behaviors; predictive models of wildfire
activity should be regionally specific.

In this chapter, the relationship between wildfire activity and the environment will be
quantified using a regionally specific multi-dimensional predictive model of wildfire activity in
the Continental United States. This will be accomplished by decomposing cumulative burn area
time series into six measurements of wildfire activity. The measurements will be calculated from
written fire reports, and related to environmental variables using generalized linear models. The
best model is selected using validation techniques, which identify the set of covariates with the
lowest expected prediction error for a given location and behavior. The seasonality of wildfire
activity is described by applying the models to historical climate data. In section 2.1 and 2.2, |
describe how to decompose daily burn area time series into meaningful measurements and
calculate them from burn area reports. Subsection 2.3 describes the environmental covariates that
will be used in the predictive models. Subsection 2.4 describes the generalized linear model
formulation for each growth measurement, as well as a method of describing dependence
between growth measurements. The model selection and validation methods are described in
subsection 2.5 and the application to historical weather data in subsection 2.6. In section 3, I
discuss the results and summarize the effect of each covariate on wildfire behaviors in subsection
3.1, and analyze predicted intra-annual trends in wildfire behavior in subsection 3.2. I will close

this paper in Section 4 with a discussion of the results, their implications and context within



current research.

2.2  METHODS

2.2.1 Describing fire progression using growth measurements

The sizes of individual wildfires are typically reported at a daily time step and can be
approximated using an S-shaped curve (Figure 2.1a). From these curves, a set of four growth
characteristics can be calculated that describe important aspects of a fire’s growth. These four
growth characteristics will be referred to as the final burn area (k), peak growth (m), lag period
(1) and containment period (c¢). The final burn area represents the total amount of burn area once
the fire has stopped all growth. The peak growth represents the percentage of the final area that
burned during the day with the largest change in size. The lag period is the number of days from
ignition until peak growth and the containment period is how long it takes after peak growth for
the fire to be put out (Figure 2.1b). Lag period zero corresponds to the largest change in size
occurring immediately upon ignition, that is on day zero. Containment period zero corresponds
to immediate containment following the largest daily increment. Each of these growth
characteristics measures a unique aspect of the wildfire growth curve. Final burn area is a
measure of the incident size, while the other three variables being related to duration. The

duration of the time seriesis D =l +c+ 1and D = [1/m].
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Figure 2.1 Observed growth characteristics for six wildfires (a). Example growth curve
illustrating each of the growth characteristics (b). In (b), k represents the final area burned
by the fire, m is the percentage of the final burn area that was consumed during the largest
daily area burned, [ is the number of days between the ignition and the largest daily run and

c is the number of days between the largest daily area burned and the last day of the fire.



222 Incident report processing

I compiled a dataset of the four growth characteristics for 2,013 large fire incidents from
the National Fire and Aviation Management Website (FAMWEB; https://fam.nwcg.gov/fam-
web/hist 209/report list 209, accessed August 2015). The website archives Incident Status
Summary (ICS-209) reports for significant natural disasters throughout the United States.
Reports were used to get estimates of the cumulative burn area time series and other information
such as the incident name, coordinates and month of ignition. The final dataset of 2,013 events
was a subset of the entire set of reports contained within the website. The final dataset included
all events that labeled as “Wildland fire” or “Fire”, within the Continental United States, and
larger than 404 hectares. Some events were removed because missing data made it impossible to
calculate peak growth and lag period, or to prevent inclusion of incidents that may not have been
extinguished during the reporting period. Specifically, fires whose maximum “% Contained”
attribute never exceeded 90 percent were removed from the dataset. A total of 291 events were
removed to reduce the inclusion of still burning fires, representing about 11 percent of the total
large wildfire incidents.

Each size time series was cleaned to correct any recorded decreases in fire size, which
often occurred when better mapping technology became available during an incident. Cleaning
was performed by iteratively comparing the future burn area measurement with the previous. If
the previous day’s measurement was larger than the future measurement, it was replaced with the
future one. When multiple values existed on the same day only the largest record was retained.

The four growth characteristics; the final burn area (k), peak growth (m), lag period (1)

and containment period (c), were calculated from the cleaned time series. The final burn area



was set equal to the “Size/Area involved” attribute from the final incident report; presumably the
most reliable estimate of final burn area from the entire collection of records. Days until
containment defined by subtracting the lag period from fire duration minus one; duration is the
number of days from the reported ignition date until final report date. Peak growth may

correspond to multiple days of the fire, so lag period was defined as the first daily change in burn
area that is equal to peak growth. The final burn area data was transformed via Z = ln(ﬁ).

Logging reduced the influence of very-large fires and thresholding the data moved the empirical
distribution so Z > 0. Attempts to model the untransformed data failed to yield regional models
that included any covariates. Increases in wildfire activity were expected to correspond to an

increase in final burn area, lag periods and containment periods, as well as decrease peak growth

(Figure 2.2).
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Figure 2.2 Scatterplot matrix of each of the 2,013 growth characteristics as calculated

from the ICS-209 reports.



223 Ecosystem assignment and covariates

Using the incident coordinates from the final ICS-209 report, each event was assigned to
one of eight ecosystems (Figure 2.3). The ecosystem definitions were built from the “Major
Habitat Type” attribute in a spatial dataset developed by the Nature Conservancy and the World
Wildlife Fund (Olson, D. M. and E. Dinerstein, 2002) and are broadly similar physiographic
regions in terms of climate and vegetation structure. “Temperate Conifer Forests” were further
split between Eastern (East of 101°) and Western United States. Because ICS-209 data is not
spatially explicit, it cannot be know for certain whether any of the incidents crossed an
ecosystem boundary during the fires lifetime. The majority of incidents in each group burned
well within the interior of the ecosystem boundaries and will tend to be separated by topographic

features.



A Large wildfire
Ecosystems
[ Xeric and Desert Shrublands (XDS, n=755)
I Western Conifer Forests (WCF, n=519)
[ Temperate Grasslands (TG, n=357)
[] Mediterranean California (MC, n=182)
Il Eastern Conifer Forests (ECF, n=76)
[l Broadleaf and Mixed Forests (BMF, n=68)
[_] Tropical and Subtropical Grasslands, Shrublands and Savannas (TSGSS, n=32)
[l Flooded Grasslands and Savannas (FGS, n=24)

Figure 2.3 Map of incident locations and ecosystem boundaries for 2,013 incidents in final

dataset. The number of wildfires in each ecoregion in parenthesis.



Table 2.1 Meteorological, anthropogenic and topographic variables.

Variable Source Units

Wind speed at 10m Abatzoglou 2012 Meters/second
Specific humidity Abatzoglou 2012 Percent
Precipitation total Abatzoglou 2012 Millimeters
Temperature anomaly Abatzoglou 2012 Score

Human land use NLCD 2015 Percent
Elevation Abatzoglou 2012 Meters
Latitude Abatzoglou 2012 Degrees North




Time and location of each incident were combined with spatially explicit data describing
potential predictors of wildfire growth (Table 2.1). Meteorological variables were based on
monthly averages of daily gridded metrological data on a 1/24™ degree spatial grid (Abatzoglou
2012). Meteorological variables included wind speed, specific humidity, precipitation totals over
the last 3, 6, 12 and 24 months, and three Min/Max mean temperature (Weiss et al. 2005)
anomalies. Seasonality is a temperature anomaly referenced by all monthly temperatures at a
given location. The 1-month temperature anomaly is an anomaly referenced by temperatures
specific to each month. The 12-month temperature anomaly is an anomaly referenced by rolling
12-month averages of temperature values specific to each month. All reference periods were
computed with data from 1979-2001. In addition to meteorological variables, three landscape
variables, the latitude, elevation and percent human land use, were also included. To calculate
percent human land use, land cover data from the 2011 National Land Cover Database was
reclassified into “human influence” and “non-human influence” categories, where the former
included developed and planted/cultivated land classes and the latter included barren, forest,

shrubland and wetlands classes. The open water class was ignored (Homer 2015).

224 Generalized linear models

A series of generalized linear models (Faraway 2006) were built to describe regional
influences of the predictor variables on each of the six growth characteristics. Visual inspection
of marginal QQ-plots suggested that the chosen probability distribution of each response

adequately described the four growth characteristics (Appendix A). Final burn area (transformed
viaz =In (4%)) was fit using a gamma response with log link. The gamma response of final

burn area was appropriate given the likely appearance of power-law behavior (Alvarado et al.

1998, Slocum 2010), which would be gamma distributed after the logging and thresholding



(Dallas 1976). The log-link guarantees that the expected response is greater than zero, which is
consistent with the quantities the four growth characteristics are measuring, and assumes that the
effects of the predictors are multiplicative on the mean. Peak growth was fit using a beta
response with logit link. Count data used a negative binomial response with log link.

To account for potential dependence between the growth characteristics, I also

constructed two separate models that predicted two wildfire activity indexes. The indexes were
calculated as the first principle component of three values: In (D), —In (in) and In (ﬁ), using

either the total and regional subsets of the dataset. The regional wildfire activity index (RWAI)
was calculated using the data specific to the target region and the global wildfire activity index
(GWAI) was calculated using all 2,013 fires. Wildfire activity index models had an identify link
and Gaussian response. In total, there were six growth characteristic models for each region; four
were directly calculated from the burn area time series and two aggregate wildfire activity

indexes.

2.2.5 Model selection and validation

The three-split holdout method was used for model selection and test error estimation
(Dua and Chowriappa 2012). Events were assigned into one of three mutually independent
groups that are classified as the training, selection and validation datasets. The training dataset
contained fires from years 2002, 2003, 2005, 2006, 2009 and 2012 and was used to create the
initial set of models for each growth characteristic and each region. The large initial set of
models contained all linear combinations of the covariates constrained such that at most one
precipitation total variable (either 3,6,12 and 24-month) was included. The selection dataset
contained fires from the years 2008 and 2011. From the large initial set of models, the model that

minimized the mean squared prediction error on the selection dataset was chosen. The validation



dataset contained fires from the years 2004, 2007 and 2013, and was used to test the predictive
ability of the models on independent data. Validation was assessed in two ways. First, a simple
least squares model was fit to the observed error vs. predictions using observations from the
validation dataset. Perfect prediction of the observations would imply that the errors and
predictions fell on the horizontal line, y = 0. If an alternative linear model better described the
scatter, then the model was classified as miscalibrated, otherwise it was classified as well
calibrated. A likelihood ratio test with 10 percent rejection rate assessed the joint significance.
The validation dataset was also used to calculate the predicted residual error sum of squares

(PRESS) statistic for each model.

2.2.6 Application to historical data

The set of 48 (6 growth characteristics x 8 regions) best models were applied to daily
gridded historical climate data from 1979-2015 (Abatzoglou 2012) to create monthly maps of
predicted growth characteristics values from 1981-2015. For each of the eight regions, monthly
time series of each of the growth characteristics was taken from 100 random pixels. Seasonal
changes in the growth characteristics at the sampled locations were assessed graphically with

boxplots.

2.3  RESULTS

2.3.1 Model summary

The relationship between the environment and wildfire activity could drastically change
depending on the region and growth characteristic. Regional differences were very common and
the same growth characteristic may either have a negative, positive or no relationship with a

given predictor depending on the location. Differences could also be seen across growth



characteristics within the same region, often with peak growth and lag period disagreeing with
the remaining growth characteristics. All ecosystems but the Eastern Conifer Forests (ECF) had
at least one covariate that had both negative and positive associations with wildfire activity as
measured by the six growth characteristics. Covariates where disagreements across growth
characteristics were commonly observed include specific humidity, 1-month temperature
anomalies, 12-month temperature anomalies and wind speed covariates.

For western regions, the Western Conifer Forests (WCF), Xeric and Desert Shrublands
(XDS), Temperate Grasslands (TG) and Mediterranean California (MC), increasing wind speed
were usually predicted to increase wildfire activity. The reverse relationship was predicted in the
Eastern regions such as the Broadleaf and Mixed Forests (BMF), ECF, Tropical and Subtropical
Grasslands, Shrublands and Savannas (TSGSS) and Flooded Grasslands and Shrublands (FGS),
where increasing wind speeds often decreased wildfire activity. However, exceptions to this exist
in both the Eastern and Western regional blocks.

Increases in specific humidity tended to decrease wildfire activity, with half of the
regions predicting only negative relationships. Two western regions, WCF and MC, reported a
positive association between specific humidity and lag period. In contrast, increases in specific
humidity tended to increase wildfire activity in ECF and BMF. Increasing specific humidity
nearly always reduced final burn area and to a lesser extent, the wildfire activity indexes.

Increased human land use was usually predicted to reduce wildfire activity. In most of the
Western block, human land use was predicted to have a negative effect on wildfire activity, as
was seen in WCF, XDS and TG. MC growth characteristic models were an exception and
predicted that increased human land use tended to increase wildfire activity. Human land use was

less often included in growth characteristic models in the Eastern block, and was never used in



the ECF.

Elevation was used most often used with the lag period growth characteristic. Increased
elevation was nearly always associated with a predicted increase in the lag period, although the
reverse was observed in FGS. With the exception of lag period, elevation was included as a
covariate relatively infrequently, and had a mixed effect of wildfire activity. Increased elevation
was predicted to decrease peak growth in MC and BMF, but increased it in XDS, ECF and FGS.

Latitude had a variable of effect on wildfire activity depending on the region and growth
characteristic, and was seldom used in most of the regions. TSGSS and FGS were notable
exceptions, in both regions nearly all growth characteristic model included latitude, with a
positive effect on wildfire activity in TSGSS and negative effect in FGS. Both regions were
relatively small compared to the other six regions.

When included, seasonality tended to have an overall positive influence on wildfire
activity. Seven of the eight regions predicted only positive relationships between seasonality and
wildfire activity, and only in FGS was the reverse observed. While the WCF models included
seasonality in all six growth characteristic models, most regions included it for less than half.

I-month temperature anomalies were often used to predict peak growth, although their
effect was regionally variable. In WCF, TG and FGS, above-average monthly temperatures were
associated with increases in peak growth, and the reverse was observed in XDS, MC and
TSGSS. In BMF, 1-month temperature anomalies were included in all growth characteristic
models except for peak growth and always increased wildfire activity. Otherwise, the
relationship between this covariate and wildfire activity was highly variable across regions and
growth characteristics.

Like 1-month temperature anomalies, the effect of 12-month temperature anomalies on



wildfire activity was highly variable across regions and growth characteristics. 12-month
temperature anomalies were mostly used in WCF, and to a lesser extent in XDS and FGS. For
most other regions, 12-month temperature anomalies were seldom included and were never used
in any BMF models.

The effect of precipitation totals on the growth attributes was variable, both in terms of
the number of months used to calculate the total, as well as the sign of the effect. 12-month and
24-month precipitation totals seemed to be favored in MC and TSGSS. Sub-annual precipitation
total were favored in WCF, TG and BMF. In eastern regions, increased precipitation was
generally predicted to decrease wildfire activity, while the reverse was more common in western
regions.

The models for RWAI and GWAI were usually near identical. Only in BMF, was there a
difference between the suite of variables included in the RWAI and GWAI models; the GWAI
model omitted specific humidity. The best set of predictors in the wildfire activity models often
reflected the consensus among other four models in that region (Figure 2.4).

The PRESS statistic varied greatly between region and growth characteristic (Table 2.2).
Peak growth was best predicted in TSGSS and was worst in FGS. Final burn area was best
predicted in BMF and worst in ECF. Lag period was best predicted in MC and was worst
predicted in ECF. Containment period was best predicted in TSGSS and was least predictable in
ECF. Lag period models tended to have a lower prediction error than containment period models.
ECF models tended to do have very high PRESS values to other regions.

There was no evidence of miscalibration for any models in XDS or WCF. In FGS, there
was no detectable miscalibration in any models, with the exception of the burn area models.

Only the peak growth model and global wildfire activity index was well calibrated in TG. Peak



growth, final burn area and lag period models were miscalibrated in MC. The wildfire activity
indexes showed detectable miscalibration in ECF, as did lag period and containment period in
BMF. In total, 12 of the 48 growth characteristic models had detectable miscalibration when

assessed using the validation data.
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Figure 2.4 The region specific relationships between each growth characteristic and
covariate. Each character corresponds to a growth characteristic and the color the effect.
Red denotes an increase and blue, a decrease in wildfire activity as measured by
corresponding growth characteristic. Note that a decrease in peak growth (m) is associated
with increased wildfire activity, while the reverse is true for the global wildfire activity
index (g), regional wildfire activity index (), final burn area (k), lag period (I) and

containment period (c).



Table 2.2 Square root PRESS statistic and rank for each ecoregion and growth measure.

ECF  WCF BMF  TSGSS TG FGS  MC XDS

m 0482 0463 0415 0368 0.4l 0.573 0439  0.431
(7) (6) G) (1) 2) (8) ) (4)

k 1257 1135 0911 0925 0958 1034 1173  1.106
(8) (6) (1) 2) G) (4) (7) ©)

1 2095 1956  1.163 1361 1.4 1.799  0.84 1.687
(8) (7) 2) (4) G) (6) (1) ©)

c 8.063 5962 2872 2213 2474 3274 5559  3.767
(8) (7) G) (1) 2) (4) (6) )

RWAI | 1.335 1204 0967 1.046 0914  1.173 1026  1.049
(8) (7) 2) (4) (1) (6) G) ©)

GWALI | 1.36 1.166  1.065  1.187 1073 1256  1.052  1.135
(8) ©) 2) (6) G) (7) (1) (4)




232 Application to historical data

Seasonal trends in wildfire activity varied between regions and by growth characteristic.
In the WCF, wildfire activity indexes, burn area, lag period and containment period were
maximized, and peak growth minimized, during the summer months. In XDS, burn area and lag
period was predicted to be fairly constant throughout the year and both indexes were minimized
in the summer months. TG summers tended to have smaller burn area and peak growth, as well
as larger lag period and containment period growth characteristics. Both wildfire activity indexes
were predicted to be fairly constant throughout the year. In MC, burn area, containment periods
and peak growth were minimized, and the wildfire activity indexes were maximized in the
summer months. The MC model of lag period showed no clear seasonal trend. BMF showed
little seasonal trend in terms of burn area, lag period, containment and GWALI, although peak-
growth was minimized and RWAI was maximized in the summer months. ECF burn area,
containment period and wildfire activity indexes were maximized in the summer, while lag
period was maximized in the late-spring/early-summer months. ECF peak growth models
showed no clear seasonal trend. There was no clear trend in the TSGSS, other than a slight
preference for long containment periods in the winter months. In FGS, burn area, containment
periods and wildfire activity indexes were maximized and peak growth minimized in the winter
months, while lag period showed no trend. A large proportion of the models had predicted trends
in wildfire activity from 1981-2015 that approximately matched the observations from 2002-

2013.
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Figure 2.5 Boxplots of each of the predicted growth attributes from 100 random locations within
each region from 1981-2015 by month; outliers have been removed. Observed growth parameter
values from 2002-2013 are shown in blue and predictions are red. Outliers were not plotted to

improve the visibility of seasonal trends.



2.4  DISCUSSION

Wildfire activity is complex process that can be described using multiple growth
measurements and has many spatially varying influences including weather, fuel availability and
topography. Constructing predictive models of wildfire activity will require approximating the
complexity of the process and its relationship to the environment, which was done using a
variety of strategies. Multi-dimensional aspects of wildfire activity were captured using multiple
measurements. The effects of the environment on wildfire activity were accounted for by
including important covariates and spatially variable trends were acknowledged by stratifying
the data into biogeographically similar groups prior to fitting the generalized linear models. The
strategies outlined in this chapter resulted in models that adequately predicted wildfire activity

for the majority of ecosystems and growth characteristics.

24.1 Complexity of wildfire activity

The best predictors of wildfire activity often changed dramatically across regions or
growth characteristics. Changes could be in the form of removal or addition of particular
covariates, alterations of covariate effects, and changes in predictive ability. Even in nearby
regions, spatial variability in the model complexity may be high. For instance, in FGS, lag period
was best predicted using only landscape predictors, resulting in time-invariant predictions. In
contrast, the geographically adjacent ECF model of lag period only included environmental
variables and predicted changes over the year. Regionally specific relationships were common,
as illustrated by the relationship between specific humidity and burn area in ECF and FGS. In
ECF, increased specific humidity tended to increase final burn area, but the effect on final burn
area was opposite in nearby FGS. Drastic regional variability in the predictability of certain

growth characteristics was also observed. Final burn area was most predictable in the BMF



model, but the nearby ECF model was the least predictive final burn area model.

Model changes across growth characteristics within the same region were common. In
the WCEF, the effect of specific humidity and 12-month temperature anomalies on lag period was
predicted to be opposite of the other growth characteristics in the region. It was nearly always lag
period and peak growth that disagreed with the remainder of growth characteristics in a given
region, which may suggest that the drivers of both growth characteristics are not closely related
with the others (i.e. final burn area, containment period and the wildfire activity indexes).
Meaningful comparisons between growth characteristics in the same region can only be done for
lag period and containment period, since they are both measuring durations of certain wildfire
events, and in every region, lag period had a lower prediction error than the containment period.

The complexity of wildfire activity and its relationship to the environment suggest that
modeling multiple-dimensions of wildfire activity has a variety of benefits. Firstly, it better
describes the details of wildfire activity that can otherwise be masked, as was seen in the Florida
wildfires example. Secondly, it allows a method of measuring the strength of particular covariate
on wildfire activity broadly. If only one of the growth characteristic models in the suite include a
specific covariate, then it suggests that it might not be a broadly important driver of wildfire
activity. In contrast, if all the models in the suite were in consensus about the effect of a
particular covariate that might suggest that it was very important in that region. Third, by using
multiple measures of wildfire activity it allows the models to be used in a broad variety of

applications that sometimes require specific growth measurements.

242 Regional-level models of growth characteristics

Xeric and Desert Shrublands are an unambiguously fuel-limited ecosystems and as such,

increases in wildfire activity would be predicted when drought activity follows above-average



precipitation levels. Lag period, containment period and the wildfire activity indexes were both
positively associated with 12- and 24-month precipitation totals, which conforms to theoretical
expectations. On the other hand, sub annual precipitation totals were negatively associated with
final burn area and peak growth. The sub annual precipitation total variables are likely capturing
seasonal trends in the growth characteristics and are likely be minimized in late summer.
Specific humidity seemed to be a particularly important covariate in Xeric and Desert
Shrublands, being included in all but the lag period model. Predictions of wildfire activity appear
to be maximized during the summer and spring months, which is consistent with reports of peak
fire season (Littell et al. 2009, Pyne 1982, Barbero et al. 2014). The models matched the
seasonality of the observations reasonably well and generalized well to independent
observations.

Western Conifer Forests would likely be categorized as a climate-limited ecosystem, as
flammable biomass is abundant, but is dry less frequently than in Xeric and Desert and
Shrublands. Wildfire activity should then be increased during periods of extended drought
(Kulakowski 2011, Barbero et al. 2014). The consensus among the models was that 6-month
precipitation totals were positively associated with wildfire activity, which did not conform to
prior expectations. The seasonal fluctuations of the 6-month precipitation totals suggest that
wildfire activity will tend to be minimized just before the onset winter precipitation and
maximized in the beginning of the fire season. The consensus of models also predicted a positive
effect of seasonality. The net effect is that wildfire activity is increased during the hottest months
of the year, and fires that occur early in the wildfire season will be worse. Other important
covariates included in most of the growth characteristic models were wind speed, human land

use, and 12-month temperature anomalies. Predictions of wildfire activity seem to largely match



other research (Westerling et al. 2006, Barbero et al. 2014, Littell et al. 2009) and generalized
well to independent observations.

Temperate grasslands are dominated by mostly herbaceous cover, which suggests that
fuel availability may largely limit wildfire activity. Only peak growth was predicted to worsen
(increase duration) wildfire activity when 24-month precipitation totals are increased. Final burn
area and the wildfire activity indexes were negatively associated with 6-month precipitation
totals, and lag period positively associated with 3-month precipitation totals. Other important
variables were specific humidity and 1-month temperature anomalies. The reported effects of
weather on wildfire activity is variable. Fire size has been negatively associated with humidity
(Barbero et al. 2014, Reid et al. 2010), and precipitation, and positively associated with wind
speed (Reid et al. 2010). The relative influence of weather covariates, like humidity, temperature
and wind speed, can fluctuate over the year depending on soil moisture levels (Krueger et al.
2015). Peak fire season is challenging to define in the Temperate Grasslands since they occur
nearly all year in across the region. In the Northern Great Plains, the summer-autumn months
(Jun.-Sep.) are considered peak wildfire season (Littell et al. 2009), while fire occurrence and
area burned in Oklahoma are highest during the non-summer months (Reid et al. 2010). Only the
global wildfire activity index and peak growth were well calibrated, the fewest of any region.

Mediterranean California vegetation is a mix of woody and herbaceous cover, making
prior predictions concerning the effect of precipitation somewhat difficult. The positive
relationship with nearly all the growth characteristics and precipitation totals over long time
scales suggest that the region is largely fuel-limited. One exception was observed in peak
growth, which was negatively associated with 3-month precipitation totals. Specific humidity

was another important covariate in Mediterranean California. Specific humidity was negatively



associated with wildfire activity indexes, final burn area and containment period, and positively
associated with lag period. Humidity and temperature have been identified as important
predictors of burn area in Southwestern and Central California (Yue et al. 2014). The peak fire
season is variable within California, occurring anywhere early as April central California to
winter (Nov.-Dec.) in Southern California (Westerling et al. 2004, Littell et al. 2009, Billmire et
al. 2014). In Southern California, a significant contributor to wildfire activity are Santa Ana
winds, which are seasonal wind patterns that typically occurring from September through April
in Southern California. Final burn area and containment period seem to be elevated during winter
months, perhaps corresponding to increases in in Santa Ana winds. In contrast, peak growth and
wildfire activity indexes seemed to be worst during the summer months. Lag period did not show
any strong seasonal trend. Given the importance of Santa Ana winds, it was surprising that wind
speed was rarely included in the models.

Broadleaf and Mixed Forests have abundant fuel that is rarely dry, which suggests
wildfire activity will be elevated during extended periods of drought (Barbero et al. 2014). While
theoretically similar to Western Conifer Forests, the Broadleaf and Mixed Forests contains more
hardwood species, which are less flammable (Harper et al. 2016). Unlike most of the regions,
precipitation total variables were included relatively infrequently. When included, wildfire
activity was best predicted by sub annual precipitation totals. Increases in 3-month precipitation
were associated with increases in burn area and increases of 6-month precipitation reduced lag
period and the wildfire activity indexes. In addition to sub seasonal precipitation totals, 1-month
temperature anomalies are important to a number of growth characteristics. Peak wildfire activity
occurs during the dormant season (Sept.-Apr.), when the canopy opened and leaf litter was dried

from the increased sunlight exposure (Knapp et al. 2009). On the other hand, wildfire activity



seems to be at its highest in the summer-autumn months in the Great Lakes region (Barbero et al.
2014, Clark 1989). Most of the growth characteristics showed little seasonality with the
exception of peak growth and RWALI, which predicted the worst activity during the summer
months.

Eastern Conifer Forests vegetation structure is somewhat similar to that of Western
Conifer Forests, but is a geographically distinct region. Like the Western Conifer Forests,
wildfire activity was negatively associated with increased precipitation, however unlike Western
Conifer Forests, the temporal scale of the precipitation total can drastically change between
growth characteristics. Lag period and wildfire activity indexes are associated with sub seasonal
precipitation totals. Burn area, peak growth and containment periods appear to be associated with
12- and 24-month precipitation totals, which is supported by research demonstrating
precipitation increases lessens the likelihood of very-large fires (Barbero et al. 2014, Slocum et
al. 2010). While the models tended to predict that the summer months were the worst time of
year for wildfires, the reported fire season covers the first half of the year (Jan.-May) and is
minimized during the warm/humid summer months (Slocum et al. 2010, Lafon 2010, Goodrick
et al. 2009). The predictions reasonably matched the seasonal patterns of the observations.

Tropical and Subtropical Grasslands, Shrublands and Savannas are predominately
herbaceous, like Temperate Grasslands, suggesting wildfire activity will be positively associated
with increases in 12- and 24-month precipitation totals. Surprisingly, the reverse relationship
was observed for all growth characteristics, with increased long-term precipitation levels
predicted to reduce wildfire activity. Tropical and Subtropical Grasslands, Shrublands and
Savannas have a long history of anthropogenic fire use, which may influence the observed trends

in fire seasonality (Grace 2005), and like Temperate Grasslands, can burn during both the



growing and dormant season (Grace 1998). Prescribed burning is commonly performed during
the winter (Hansmire et al. 1988). Latitude was a commonly used predictor in Tropical and
Subtropical Grasslands, Shrublands and Savannas and most of the models predicted only minor
seasonal changes. Tropical and Subtropical Grasslands, Shrublands and Savannas had only 32
wildfires in the growth characteristics dataset.

In Flooded Grasslands and Savannas, biomass is abundant and infrequently dry,
suggesting that drought conditions should increase wildfire activity. Precipitation totals were
used infrequently relative to other regions. When included, the wildfire activity indexes and final
burn area were negatively associated with 3-month totals, and the peak growth worsened with
increased annual precipitation levels. Wildfires in the Flooded Grasslands and Savannas have
usually been predicted to be more severe in drought conditions (Slocum et al. 2010, Barbero et
al. 2014). Like Tropical and Subtropical Grasslands, Shrublands and Savannas, latitude was a
relatively important variable, with wildfire activity decreasing poleward in all growth
characteristic models. With the exception of lag period, most definitions of wildfire activity are
predicted to be at there most severe during the winter months. In South Florida fires, lightning
ignitions typically occur during the summer-autumn (Jun.-Sep.) and human caused ignitions run
in the winter-spring (Nov.-May), the latter season being typically associated with larger and
longer fires (Slocum et al. 2010). Typically fires in the winter were human caused while those in
the summer were lightning caused (Taylor 1981). Despite the small sample size, only the peak
growth model had detectable miscalibration and with the exception of lag period, which used
only landscape predictors, most of the models seem to conform to reports of wildfire activity
seasonality. With only 24 wildfires, Flooded Grasslands and Savannas had the fewest

observations to construct and validate the wildfire activity models.



243 Limitations

The predictive ability of the models differed by region, and errors could have been biased
downward if there were few observations and a particularly predictable validation dataset. While
the expected prediction error was minimized, caution should still be taken in interpreting the
results from regions with limited data (i.e. FGS and TSGSS). Other combinations of predictors
could have possibly achieved similar predictive performance and there were slight levels of
model instability. Changes to the model selection algorithm, changes to the regional grouping of
fires, and measurement errors, could change the best combination of predictors. This is important
to note because multiple changes could be made in this analysis. Important predictors not
measured in this analysis could be included such as topographic complexity (Holsinger et al.
2016), vegetation (Birch et al. 2015), wildfire suppression (Finney et al. 2009) and atmospheric
stability (Werth et al. 2011). Moreover, model selection methods could be modified to allow
multi-scalar influences of precipitation on predictive wildfire activity (Barbero et al. 2015).
Either of those changes may alter the best combination of predictors and improve predictive
performance. Application of this model to independent data will implicitly assume that
environmental conditions will not be drastically different from those in the training data. For
example, applying the models to future climate scenarios will assume that vegetation structure,
fire suppression policies and human land use does not change. Covariate effects should always
be interpreted within the context of the entire suite of variables in the model.

Limitations may also come from the limited quantity and quality of wildfire growth data.
Daily reports of wildfire burn area are not compiled in all regions and consistent monitoring
from satellite data has only available for a short time frame relative to climatological time scales

(Taylor et al. 2013), and written reports are not always compiled for all incidents (Finney 2009).



Additional limitations come from trying to classify individual wildfire incidents, which can be
somewhat ambiguous as multiple fires may be managed under a single name. Data quality of
burn area time series can often be poor, which can make calculating the growth characteristics
challenging. Burn area measurements often repeat the same burn area estimate many times
during the last days of the CBA record, even after 100 percent containment, which can inflate
containment period estimates. Given the limited resolution these measurements that burn area
measurements are reported at, problems can arise from the burn area time series decomposition
methods. For instance, the maximum percent daily burn and lag period sometimes occur on
multiple days, which would not be well described by univariate measures. The temporal scale
between the growth characteristics and the covariates could make interpretation of the
environmental effects challenging. For instance, rapid growth of fire may be driven by sudden
gusts of wind at short time scales, which would not necessarily be captured by monthly values.

Given the model uncertainty and data limitations, a comprehensive model sensitivity
analysis should be performed to see how slight changes in the inputs and training data influence
the model structure and output. Slight perturbations to the data could cause other models to be
selected, dropping covariates from models can alter the estimates of the remaining ones and
different GLM configurations could alter the selection of best predictors. This model instability
may motivate the future use of multi-model predictions of wildfire activity (Arlot and Celisse
2010). Still, for many regions and covariates, the models predicted wildfire activity in a way that
was consistent with independent observations, suggesting its has potential as a tool for

researchers and fire mangers.

2.5 CONCLUSIONS

By looking at multiple growth characteristics, this analysis had provided a more complete



description of the wildfire’s behavior than univariate approaches could and can be used in a
number of applications in research and fire management. One particularly important application
of the models would be in wildfire climatology. Models that well predicted important growth
characteristics could be applied to climate change scenarios to predict future trends in wildfire
activity. Similarly, historical weather data can be used to make predictions concerning wildfire
activity in situations where wildfire growth data is unavailable. Another particularly valuable
application of the models is the simulation wildfire burn area time series based on environmental
data, which can be constructed from the growth characteristics using a variety of methods. One
potential method could use the wildfire activity indexes to predict final burn area, peak growth,
lag period, and containment period characteristics, better modeling the correlation between the
growth characteristics. Another method could predict the final burn area, peak growth, lag
period, and containment period characteristics independently from the appropriate models.
Simulated fire scenarios could potentially be constructed using forecasted weather conditions,
which can be used to assist with firefighting decisions at broader geographic scales. Models like
FARSITE require wildfire duration as an input (Finney 2004), which can be informed from
predictions from the wildfire activity index model, or the lag period and containment period
models.

In addition to providing a collection of potentially useful wildfire activity models to
researchers and fire managers, this analysis has also provided a general strategy for relating
wildfire burn area time series to the environment, which can be used in future research that is
interested in other environmental variables and regions. Fire managers and scientists may also
benefit from the identification of regionally important predictors of wildfire activity and by

describing the consensus of these relationships across growth characteristics, and these results



were particularly important in validating theoretical expectations concerning the effect of
precipitation totals on wildfire activity (Krawchuck et al. 2011, Meyn et al. 2007).

In closing, the presented research has provided multiple tools and results that improve the
understanding of complex relationships between the environment and wildfire activity. It may
also serve to inform future quantitative analyses of wildfire growth and provide guidelines for
relating burn area time series to the environment within a statistical framework that is easily

accessible.
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Chapter 3. ESTIMATING WILDFIRE GROWTH FROM NOISY AND
INCOMPLETE DATA USING A BAYESIAN
STATE-SPACE MODEL

3.1 INTRODUCTION

Understanding and quantifying wildfire behaviors is of interest to the fire management and the
research community for numerous reasons. Fire managers may want to know when wildfires will
blowup to improve firefighter safety, gauge the effectiveness of firefighting strategies, or predict
when and where large campaign wildfires are likely to occur. Researchers want to understand
how wildfire behavior interacts with the environment, identify patterns of growth, or monitor
trends. Quantifying wildfire behaviors will often use mathematical representations of growth,
which can be broadly divided into physical and empirical models (Taylor et al. 2013). In either
case, an obviously valuable piece of information is a complete and accurate record of fire growth
over its lifetime, which can be used for a variety of purposes. For instance, growth data could be
directly compared against predictions from currently existing wildfire theoretical and statistical
models to validate their credibility and identify potential improvements (Andrews et al. 2007,
Alexander and Thomas 2003, Taylor et al. 2013). Growth data from multiple incidents could also
be used to better estimate the space-time distribution of wildfire emissions (Veraverbeke et al.
2015, Turquety et al. 2007, Mangeon et al. 2015) and associated health effects (Moeltner et al.
2013). Moreover, specific quantities that are calculated from burn area time series are often of
interest to researchers and fire managers. Examples of these quantities include final burn area
(Turetsky et al. 2004), area burned per day (Billmire et al. 2014, Birch et al. 2014, Turner et al.
1994), as well as the classification of high and low growth days (Finney et al. 2009).

Growth data may come from multiple sources, including written records of size and



spatially explicit burn area maps. Non-spatial records of burn area over time are typically
obtained from case studies, historical and administrative records (Taylor et al. 2013). A
commonly used non-spatial dataset are Incident Command System 209 (ICS-209) forms, which
are compiled for important natural disasters occurring on federally owned lands in the United
States. ICS-209 reports give near-daily updates of an incident’s progression over time and are
distributed to agency managers to provide the most current information. The information in turn
assists with planning at broader geographic planning scales, like resource allocation and incident
prioritization. An individual record contains 47 blocks of information including incident name,
date and time, coordinates, management strategy, fuel types, values-at-risk, committed resources,
estimated costs, containment dates and the incident size (Thompson 2013). While a complete
daily burn area time series can sometimes be constructed from ICS-209 reports, they are not
compiled for every incident, and frequently contain missing and erroneous entries.

Burn area time series can also be based on spatially explicit fire data sources, which are
produced by a variety of state and national agencies (Short 2014). For instance, the Geospatial
Multi-Agency Coordination (GeoMAC) produces near daily burn area perimeter maps for
wildfires in the United States for fire managers, land managers and the public. GeoMAC burn
area perimeter maps are constructed using a variety of information sources including geographic
information systems specialists, GPS data, and IR imagery from fixed-wing and satellite
instrumentation (Walters 2008). Other information sources used to produce burn perimeter maps
include field-based intelligence, aerial imagery (Parks 2014, Kasischke et al. 2002) and satellite
data (i.e. Landsat, MODIS, AVHRR) (Veraverbeke et al. 2014, Parks 2014, Li et al. 2004). Like
ICS-209 reports, GeoMAC growth records often have at least one missing daily burn area

measurement during the lifetime of an incident, may contain errors, and are not produced for



every fire. Burn area estimates from burn perimeter maps can be augmented using satellite
hotspot data, which detects locations with anomalously high ground temperature globally, and
consistently over time. The Hazard Mapping System (HMS) is an example of these kind of data.
HMS detects the daily presence/absence of active burning on a 1-km? grid and is quality-
controlled by human analysts who remove false alarms and add missing detects. Burn area
estimates can be estimated from satellite hotspot detects, but they suffer from other data quality
issues and often differ from burn scar estimates (Zhang et al. 2011).

While there are multiple sources of daily progression data, the quality of growth data can
be poor (Taylor et al. 2013). ICS-209 reports are based on self-reporting by the incident team and
may contain typographical errors (Calkin et al. 2014, Raffuse et al. 2009). Moreover, ICS-209
forms reflect the best available information at the time they are issued and mapping technology
can change over a fires lifetime. Initial ICS-209 reports may be based on best guesses and
overestimate the cumulative burn area (CBA). Later reports may have better mapping technology
and decrease the burn area estimates, sometimes leading to a reported decrease in fire size.
Spatially explicit data also have problems with data quality. GPS derived burn area perimeter
maps might not map unburned patches of vegetation in the interior of burn areas for safety or
practical reasons. The delineation of GPS derived burn area perimeters are also inherently
subjective due to so-called fuzzy edges (Kolden and Weisberg 2009). Burn area estimates based
on satellite hotspot detects have a number of sources of uncertainty. For instance, burn area
estimates will be influenced by detection probabilities that are affected by vegetation (Tansey et
al. 2008), clouds and smoke (Parks 2014), fire size (Raffuse et al. 2009) and low fire energy.
Moreover, the burn area estimates from satellite hotspots can be inaccurate and are not always

well validated (Zhang et al. 2011). Still, satellite burn area estimates can be helpful when burn



area measurements missing from written reports and progression maps (Thompson 2013,
Mangeon et al. 2015). Hence, the burn area observations available to a given incident may be
come from multiple sources, each with unique sources of error and data generating processes.
Clearly complete and accurate records of fire growth would be valuable to fire managers
and researchers, however burn area data is likely incomplete and contains errors. There is then a
methodological need to take a collection of burn area measurements taken throughout the fires
lifetime, possibly from multiple sources, and output an estimated growth curve. Growth curve
estimates could come from multiple methods. Missing entries in written records and burn
perimeter maps could be interpolated using piecewise linear functions or using local smoothing
techniques (Friedman et al. 2001), although outlier observations could result in unrealistic
growth curves predictions and mask periods of extreme growth (Nakai and Ke 2011). Missing
entries in burn perimeter maps can be reconstructed using machine learning techniques (Parks
2014), but does not explicitly deal with measurement error. Satellite hotspot data will not contain
missing entries, but burn area estimates may be questionable and ignores information from other
data sources. It is desirable of having a method of consolidating all available information about
wildfire burn area time series into a single, realistic growth curve. Moreover, the method ideally
should acknowledge that the accuracy of burn area measurements can change by data type and
over the lifetime of the fire. In this chapter I propose a method of reconstructing wildfire growth
curves using a Bayesian State-Space approach, which will generate samples of growth curves
that were likely to have generated burn area observations over the fires lifetime. The
reconstructed curves will assume a certain level of measurement error and will be constrained to
prevent shrinking fires using a parametric model of growth. The reconstructions can incorporate

multiple sources of wildfire growth data and borrow information from past fires. Hence, the



framework is able to incorporate a great variety of information about an individual wildfire’s
growth, while resolving a number of the issues that were raised earlier.

I will begin to explore the problem of reconstructing wildfire growth curves from
incomplete and corrupted data in section 2.1, where I will describe how wildfire growth
reconstruction can be accomplished in a Bayesian State-Space framework. In subsection 2.2 and
2.3, I will introduce two reconstruction models that I will use in this chapter and explain
important constraints on the parametric models of growth. Subsection 2.4 discusses how the
models assume burn area observations are related to the growth curve predictions. Subsection 2.5
describes how the growth model and observations interact in the final Bayesian State-Space
framework. I will close this section with an explanation of ways that important prior information
can be incorporated in this framework. In section 3, I will apply the reconstruction models to
growth data from 13 wildfire incidents in the United States. Subsection 3.1 will introduce the
two types of burn area data that will be used in an application of the framework and subsection
3.2 will be devoted to describing how the remainder of priors was constructed. Subsection 3.3
will explain the computational details related to the application of the proposed reconstruction
models. Section 4 will summarize the mathematical and computational results of the application
of the reconstruction model to real-world data. Section 5 will report the results of an informal
prior sensitivity analysis that compares the effects of substituting priors on a typical growth
curve. I close the paper in section 6 by discussing the utility the modeling framework as a tool
for data reconciliation, generating realistic fire growth trajectories and evaluating key facets of

fire behavior.



3.2 MODEL DEVELOPMENT

3.2.1 Conceptual model

The Bayesian state space approach requires identifying a suitable process model that represents
the true CBA. CBA measurements are typically reported at a daily step, suggesting that a
discrete-time growth model would be appropriate. Given known aspects of fire behavior, it will
be assumed that the CBA for any fire may not be negative or infinite, and that CBA can never
shrink. It also natural to assume that CBA is an additive function of the cumulative changes in
burned area during each day in which a wildfire is active. The total area burned is, therefore, the
sum of the difference in area burned from each day of the incident to the next. Using this
conceptual model, the Beverton-Holt difference equation was identified as a good parametric
model of an individual wildfire’s CBA that avoided pathologies that occur in related models
(May 1976). If X, defines an incident’s CBA on day t, then the growth model would be of the

form,

— _ Te—1KXiq
K+(reoq—DXe—q

X
Here r; is the inherent growth parameter on day t, K is the eventual burn area and X, is
the initial condition (Beverton and Holt 1957, De la Sen 2008). The assumptions of the
conceptual model are satisfied by choosing K > X, > 0 and 1 = 1. The growth curve will begin
at the initial value, X, and asymptotically approach the final burn size, K, as t — oo. Larger
values of 7, will correspond to faster growth than smaller values of ;. To simplify the

framework, I define K = 1, so the process state corresponds to the true cumulative percentage

burned.



322 Stationary and non-stationary process

Two versions of the framework will be explored in this chapter. The stationary version will set
the inherent growth parameter to a constant, which will produce an idealized wildfire growth
curve that can be interpolated by a logistic curve (Beverton and Holt 1957). Since only one
parameter describes the distribution of growth over the wildfire’s lifetime, it is a useful summary
growth statistic. On the other hand, it may be desirable to have a realistic reconstruction of the
day-to-day growth of a wildfire. For realistic growth reconstructions, I propose a non-stationary
version of the framework and let,

r—1=0—-1Duw,.
where w, is lognormal white noise with geometric mean one and geometric standard deviation t.
Hence, the variance forced into the inherent growth parameter is controlled with the T parameter
and its average is controlled with r. Using a multiplicative random walk on the shifted inherent
growth parameter forces 7 > 1, prohibiting decreasing growth curves. Note that for a process
time series of length T, the last value of the inherent growth parameter, r_;, is arbitrary and I

set Xy = 1.

3.2.3 Initial conditions

In addition to the inherent growth parameter, the process model must be initialized at a non-zero
wildfire size at day zero. It is convenient to instead think of the initial conditions in terms of time

until the maximum daily growth. For the stationary model, the day of the largest blow-up, i.e.
argmax{X; — X;_1}, is forced to an integer t,,,, = 1, by initializing at X, = (1 + rtmax_l/Z)_l.

Assuming that the largest blow-up occurs within the observation window implies that 1 <

tmax <T — 1 or— < X, <

7 . Extending t,,,,, to non-integer values is equivalent to
147 /2

1
3
147T=/2



shifting the location of the logistic curve that interpolates the process state time series. Note that
for the non-stationary model, in spite of the above initialization procedure, the largest daily
change in size may not occur on day t,,,, due to daily variability in the inherent growth

parameter.

324 Observation equations

It is assumed that burn area observations are noisy but unbiased realizations of the parametric
growth model. Since the burn area of a fire is a statistic that must be greater than zero, it makes
sense to assume multiplicative rather than additive errors. It is natural to assume that the errors
will be larger when the fire is rapidly growing than when it not growing. The model captures the

assumed heteroscedasticity by probabilistically linking the observations and true burn area via,
Y;;~Lognormal(ln (K;X;),o Xi).
t-1

Here K; represents the asymptotic final burn area for data type i and o is the geometric
standard deviation of the observation errors when the fire is not growing. Y;; and X, are the

observed and true CBA for data type i at time ¢t.

3.25 Bayesian State-Space framework

The parametric growth model is related to burn area observations through a slight variation of
the Markovian state-space framework.
Xe = f(0,X:-1);
Yie=9:(v, Xeo Xeod).
X, 1s the process state that represents the true CBA of the incident at the discrete time point ¢t.
The process state is defined with growth model, f, which accepts a vector of parameters 8. The

observation equations, g;, establishes the probabilistic relationship between the process state, X;,



and the corresponding observed CBA from data type i, ¥;;. The observation equations accept the
parameters in vector ¥ (Godsill et al. 2004). For the stationary and non-stationary models

0 = (r,Xy) and 8 = (1.7_2, Xp) respectively. The observation equations are the same for both
frameworks, accepting one parameter that controls the observation error and a final burn area

parameter for each data type.

3.2.6 Process level priors

The prior probability distribution of r was constructed by exploiting the fact that under the
stationary model, r = (m + 1)?/(m — 1)?, where m = maxy {X; — X} /K. In words, m is the
percent of final growth that occurred during the largest daily growth increment and is referred to
as peak growth. Peak growth was calculated for 2,013 wildfires using ICS-209 records from

2002-2013 (unpublished data) and a beta distribution was fit via maximum likelihood. The same

N .- . 1/ -1 T—3/
initial conditions prior, Xo~U( (1 +r 2) , (1 +r 2)), was used for both frameworks,

which constrains the growth curve such that largest daily increment in size occurred within the
fires lifetime. The non-stationary framework requires an additional prior for T, which controls the
geometric standard deviation of the inherent growth parameter. The noise prior was constructed
by considering two extreme process variability scenarios that define the central 90% interval of
the distribution. To set the lower percentile on the T prior, two near identical levels of peak
growth growth, m; and m,, were considered. The values corresponded to specific values of

r; — 1 and r, — 1, which differed by a multiplicative factor. I identified the level of 75 such that
the probability of a multiplicative change this extreme is 0.002. The quantities m; = 1/
1585000 and m, = 1/1585001 represent near identical values of m and were used to calculate

the 7,, which defined the 5" percentile of the T prior. The 95™ percentile was calculated using a



similar process but with two very dissimilar levels of percent growth, m; = 1/1000 and
m, = 1/1585001. The multiplicative difference between r; — 1 and r, — 1 was calculated and I

identified the level of 745 such that the probability of the difference or greater is 0.2.

3.3  APPLICATION

3.3.1 Data sources and pre-processing

To illustrate how both models can be applied, wildfire growth data from 13 incidents from the
2014 wildfire season were collected from two databases: GeoMAC fire perimeters and Hazard
Mapping System hotspot detects (HMS, ftp://satepsanon.nesdis.noaa.gov/volcano/FIRE/Anca/,
Acquired February 2015). The cumulative number of actively burning HMS pixels will be used
as a proxy for CBA over time.

In this application, for an individual incident k, there are two corresponding observation
vectors, which are T}, elements long, where T}, is the number of days between the first and last
GeoMAC perimeter and a six day buffer period. A temporal buffer of three days was appended
before the first and after the last GeoMAC perimeter to record any HMS detects that fall outside
the lifetime of range of GeoMAC measurements. Each vector is populated with CBA estimates
from each of the two data types. The GeoMAC CBA estimates were extracted from the “area”
feature from each of fire perimeter. Where two perimeters existed on the same day, only the
perimeter with largest area was kept. The HMS CBA estimates were set as the percentage of
total HMS hotspot detects occurring within the incident boundary. The incident boundary was
defined to be the largest GeoMAC perimeter including an 8-kilometer buffer. The data are
assumed to be a proxy for the percentage of total biomass burned by incident k at time t. HMS

entries with zero cumulative hotspot detects were labeled missing and GeoMAC observations



were labeled missing if no polygon was recorded for that day.

332 Observation level priors

Realistic bounds were placed on the geometric standard deviation, g, as to represent the full
range of possible errors. The upper bound describes a scenario where there is a 5% probability of
a multiplicative error of greater than or equal to a factor of 10. The combined frequency and
magnitude of errors in the upper bound scenario is not something that should be expected in most
CBA data and represents an extreme worst-case scenario. An error of that magnitude would most
likely be a transcription error, which are relatively rare, and the 5% probability would imply that
an average 5% of the days would have this level of error or greater. To further illustrate how
extreme the upper bound scenario would be, I surveyed eight ICS-209 reports where the CBA
was overestimated and then corrected on the subsequent report. The largest overestimate was by
a factor of 1.8, but factors less than 1.05 were much more common. The lower bound was set
such that the probability of a multiplicative error greater than or equal to a factor of 1-
1/1,585,000 was 5%. The lower bound scenario represents a case where observations from
Yellowstone fires would be recorded at a spatial resolution that was less than an acre, which is an
unrealistic level of accuracy given the issues outlined in the introduction and the scale that CBA
measurements are reported. The upper and lower bound scenarios correspond to the endpoints of
a uniform distribution.

The model also requires a prior on the final burn area, Kgeomac, for the GeoMAC data.

Final burn area measurements were recorded in hectares using the same 2,013 ICS-209 records
and were transformed using Z = In (:;(i). A generalized gamma distribution was fit to the

transformed measurements using maximum likelihood. Where applicable, QQ-plots were

visually inspected to verify that the distribution adequately described the empirical data



(Appendix A).

333 Estimation

Combining all the process and observation level components completes the Bayesian

hierarchical framework formulation (Table 3.1).



Table 3.1 Formulation of the both state-space models

Growth model f Te—1Xp-1
1+ (remg — DXe

Stationary 0 m ~ Beta(2.37,1.65) ,
priors Xo~U( 1 1

O M e 1 T
Non-stationary 0 t~Lognormal(—6.827,5.214) ,
priors
Observation g X

Y,,~Lognormal(ln (K;X,), 0 |——)

equations Xe1
Observation Y 0~U(3.219X1077,1.175)
priors In (Kgeopmac/404) ~Gen. Gamma(0.396,0.298,2.357)

Kpyus =1

a-r7=(m+1)?/(m-1)?

b-T=SD(n(ro.r-2 — 1)




Both the stationary and non-stationary frameworks were fit using Just Another Gibbs
Sampler (JAGS) software and the runjags package in R (R Development Core Team 2008) on a
MacBook Pro with a 2.7 GHz Intel Core 17 processor. An initial Markov Chain Monte Carlo
(MCMC) was computed using three parallel chains with a nominal sample size of 1000 and
thinning interval of 100. The chains had a burn-in period and adaptive phase of 10000 iterations.
Convergence was monitored visually and by calculating the potential scale reduction factor
(PSRF), of the range of the 5™ and 95" percentile of the marginal posteriors (Brooks and Gelman
1998). The second half of the chain was assumed to have approximately converged if the
maximum PSRF convergence diagnostic fell below 1.01. If the chain had not converged, then it
was extended in batches of 1000 iterations until the maximum PSRF diagnostic was less than

1.01 (Gelman and Shirley 2011).

34 RESULTS

The stationary framework was computationally cheaper than the non-stationary model both in
terms of iterations required until convergence and sampling efficiency (Table 3.2). The slowest
converging application of the stationary framework still completed in substantially less time than
any application of the non-stationary framework. Longer duration wildfires tended to require
more time per Gibbs iteration than shorter duration events. With the exception of the Somers
fire, the increased costs of the non-stationary framework are compensated by a noticeably
improved reconstruction of the observed data (Table 3.3). The improvement in model fit is also
apparent when graphically comparing the stationary and non-stationary reconstructions to the
data (Figures 3.1-3.2). The stationary growth curves assumed a smooth progression from ignition
to containment, while the non-stationary permits variable growth over the fires lifetime, allowing

pauses in wildfire growth and sudden bursts of activity.



Table 3.2 Computational requirements

Firename [terations until Iterations per Total time
convergence (x1000) second

S NS S NS S NS
a.) Beaver 3 9 61 2.0 49 4517
b.) Big Cougar 1 77 111 8.8 9 8715
c.) Buzzard 3 8 129 10.2 23 785
d.) Carlton 3 18 70 2.5 43 7284
e.) Devils Elbow 2 64 107 4.7 19 13561
f.) Eiler 2 46 97 3.9 21 11655
g.) French 3 36 93 3.9 32 9328
h.) Happy Camp 1 6 35 1.1 28 5364
1.) Johnson Bar 2 13 34 0.6 59 22659
j.) King 2 20 57 1.8 35 11186
k.) Snag Canyon 2 84 73 2.6 27 32475
1.) Somers 1 5 82 6.0 12 833
m.) South Fork 3 23 41 0.8 74 27803




Table 3.3 Log Bayes factor, number of observations and final burn area

Firename 2In(BF) NGeosac Nuus Keeomac
a.) Beaver 215.3 25 38 13139
b.) Big Cougar 27.1 12 18 26397
c.) Buzzard 20.5 9 19 159992
d.) Carlton 923 21 33 104731
e.) Devils Elbow 66.8 11 24 9751
f.) Eiler 83.6 15 26 13426
g.) French 64.0 15 26 5611
h.) Happy Camp 201.2 45 53 54782
1.) Johnson Bar 247.8 29 69 5383
j.) King 48.0 30 37 39295
k.) Snag Canyon 149.3 23 31 5169
1.) Somers 0.3, 17 26 14644
m.) South Fork 399 27 58 26780

a Negligible improvement using non-stationary (Kass and Raftery 1995)
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Figure 3.1 The GeoMAC burn area estimates and percent of total HMS burn area
measurements are shown as red and blue points, respectively. The 2.5,25,50,75 and 97.5M
percentile of the stationary model’s marginal posterior distributions for the process state
over time are shown as solid curves, the median is the thick curve. Letters correspond to

the wildfire incidents in Table 3.2.
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Figure 3.2 The GeoMAC burn area estimates and percent of total HMS burn area measurements
are shown as red and blue points, respectively. The 2.5,25,50,75 and 97.5™ percentile of the non-
stationary model’s marginal posterior distributions for the process state over time are shown as
solid curves, the median is the thick curve. Letters correspond to the wildfire incidents in Table

3.2
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Figure 3.3 Boxplots of each process level parameter’s marginal posterior for each
framework and fire. Process level parameters included the inherent growth parameter
(Top); initial conditions (Middle) and the geometric standard deviation of the inherent
growth parameter (Bottom) are shown. Outliers were omitted to improve the visibility.

Letters correspond to the fires in Table 3.2.
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visibility. Letters correspond to the fires in Table 3.2.



The estimates and variability of the inherent growth parameter were altered by the choice
of reconstruction framework. For instance, the median inherent growth parameter for the
Buzzard wildfire was higher in the stationary framework than in the non-stationary, but the
reverse was true for the Eiler wildfire. The median initial conditions tended to be higher in the
stationary framework than the non-stationary framework and the uncertainty in the estimates was
often larger in the stationary reconstructions. For the non-stationary framework, the noise forced
into the inherent growth parameter, 7, also showed noticeable variability between incidents. A
few incidents had extremely low process variability and were nearly stationary, which was seen
in the Somers fire. The Somers fire had a median and interquartile range of 7 of 4.4x10™* and
8.1x107. In contrast, T was occasionally estimated to be relatively large, as was seen in the
Carlton fire. The level of uncertainty in the estimates of T also varied substantially between
incidents (Figure 3.3). The median posterior of T was 1.9, but could be near zero or almost as
high as 20. The estimates and uncertainty of K;.,p4c Were usually similar in both the stationary
and non-stationary frameworks; although the Carlton fire was a notable exception. The mean and
variance of the observation error tended to be higher in the stationary framework (Figure 3.4).

In general, applying the stationary framework will require at most a few minutes to
converge, outputting a sample of daily growth curves that approximate the posterior. The fit of
the stationary model may be adequate for short duration fires, although the non-stationary model
typically improved the fit. The non-stationary framework took longer to complete than the
stationary framework, taking anywhere from 13 minutes to 9 hours to finish. Computer time
seemed to in part be related to the wildfire duration, and the slow convergence of measurements

near the beginning and end of the reconstruction.



3.5 SENSITIVITY ANALYSIS

3.5.1 Overview

While the prior distributions were constructed in an objective and reasoned way, it is likely that
another analyst may propose others given their personal knowledge and experience. It is valuable
then to quantify how the results will change if the prior distributions are changed. One method of
accomplishing this is by reapplying the framework with new priors and monitoring how the
posteriors are changed. New prior distributions will then be proposed for K, m, o and 7 and used
to reanalyze the Johnson Bar fire. The Johnson Bar fire was used as a case study as it represents

a situation where day-to-day growth varied over time, having a two-humped curve.

352 Final burn area

The final burn area model component was reanalyzed using a set of five priors. Two of the priors
were constructed using simple assumptions about the bounds of the data while the remaining
three were calculated from burn area data from the Monitoring Trends in Burn Severity project
(MTBS, http://www.mtbs.gov, data acquired April, 2013). The data covers the conterminous
U.S. and from the years 1984-2013. Fires smaller than 404 ha were removed from the dataset.
The first bounded distribution will be called the lower-truncated inverse-uniform (LTIU) prior,
which is just, 404xK ~1~U(0,1). The LTIU prior sets no upper limit on final burn area but
constrains it to be greater than 404 ha in a very simple way. A second data driven variation will
be called the lower-truncated inverse-beta (LTIB), which is just 404xXK ~1~Beta(0.964,1.152),
where the shape parameters are estimated via maximum-likelihood using the rescaled burn area
data. Given that analysts are working in a finite spatial domain, one may wish to include an

upper-truncation point on the final burn area parameter. Strict upper and lower limits can be



incorporated by using the bounded inverse-uniform (BIU) and bounded inverse-beta distribution
(BIB). The BIU is just K~1~U(1.56x107%,404 1), where the lower-bound represents a final
burn area equivalent to the 1988 Yellowstone fires. Like the LTIB distribution, the shape
parameters (0.958,1.149) for the BIB was fit from shifted and scaled burn area data using

maximum-likelihood. The last final burn area prior was a Pareto(404, 1.13).

3.53 Peak growth

The peak growth component, m, will be reanalyzed using a set of four priors including the
uniform (U), Mode-zero triangle (MZT), Mode-one triangle (MOT) and Arcsine distribution.
Each of the distributions are special cases of the beta distribution with the following shape

parameters, my~Beta(1,1), my,,r~Beta(1,2) , myor~Beta(2,1) and my,csin.~Beta(0.5,0.5).

3.54 Observation error

In section 3.2, the prior was constructed for the observation error by defining what would be
considered an extreme level of error and then finding the value of 7,4, such that the probability
of exceeding that level is 5%. This worst-case scenario is then used to set the upper bound of the
prior on a. The extreme level of error described in section 3.2 should be very rare but it is
admittedly difficult quantify. Hence, it is desirable to gauge how robust the results are to changes
in the value of a,,,,,. Hence, the case study will be reconstructed using various changes to the
upper-truncation points of the observation error. Specifically, the upper-truncation points will be
recalculated under small (1%,) medium (10%) and high (50%) probabilities of exceeding the

extreme scenario.



3.5.5 Process error

The various levels of process error priors were constructed in much the same way as section 5.3.
In section 2.6, two extreme cases of process error, one very-high and one very-low were used to

define the 5™ and 95" percentiles of the lognormal prior. The same process was repeated using

low, medium and high levels of certainty, with the two extreme cases defining the (%' 1- %)

percentiles of the 7 prior for « = 0.01,0.05 and 0.5.

3.5.6 Analysis

In the stationary model, the posterior of the Johnson bar reconstruction did not appear to be
drastically altered in when the prior distribution was replaced (Figure 3.5). The largest change
happened when the final burn area prior was replaced with the LTIU distribution, which reduced

the posterior mean by 4 percent.
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Figure 3.5 Marginal posterior distribution for each of the stationary model parameters.

The x-axis labels describe the changes that are made to the prior distribution.



In the non-stationary model, the posterior distribution of the Johnson bar reconstruction
was also relatively invariant to changes in the prior (Figure 3.6). The largest change was seen
when the inherent growth parameter prior was replaced with the MOT distribution, reducing the
process error by 2 percent. The median growth curve reconstruction itself was also fairly robust
to changes in the prior distributions. The largest change in the reconstructed curve happened on
the first day when the inherent growth parameter prior was replaced with an arcsine distribution,
increasing the estimated CBA by about 1 percent. The differences in the reconstruction reduced
after this point and seemed to decay to near-zero levels in the last days of the reconstruction

(Figure 3.7).
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Figure 3.6 Marginal posterior distribution for each of the non-stationary model parameters.

The x-axis labels describe the changes that are made to the prior distribution.
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3.6  DISCUSSION

A variety of techniques could be used to generate complete growth curves from incomplete and
corrupted burn area time series, ranging in complexity from simple imputation techniques (Nakai
and Ke 2011), rule-based reconstructions (Zhang et al. 2011, Raffuse et al. 2009, Parks 2014), to
complex physics-based simulations (Williams et al. 2014). However, the Bayesian state space
models presented here is a unique approach to obtaining complete burn area time series and has a
number of desirable features.

One obvious advantage to the state space approach is that the reconstructions are
constrained to generate realistic growth curves, which is accomplished in at least two ways.
Firstly, the choice of growth model generates curves that will conform to the conceptual model
of wildfire growth and prevents fires that decrease in size. Secondly, the model is able to
incorporate prior information about what types of growth curves should be expected based on
measurements that are easily calculated from daily burn area time series. The state space
approach easily incorporates burn area estimates from multiple sources, which will better model
the uncertainty in the growth curve estimates. Measurement errors are explicitly modeled using
equations that represent the unique data generating process of each data source. The output of the
model is statistical, communicating the certainty of the estimates, and interpretable; the posterior
of growth curves are the distribution curves that are likely based on burn area observations and
prior evidence of what curves would be typical.

Given the value of burn area time series to scientists and fire mangers, a potentially
useful application of the reconstruction models would be the construction of a wildfire growth
curve database. The idea would be to aggregate all available data sources concerning an

individual wildfire incident, and then obtain the highest quality reconstruction using the state



space model. Since realism of the growth curve would be desired, the non-stationary model
would likely be used here. The growth curves database could be inputted into smoke forecasting
tools, like BlueSky, to better model the uncertainty in burn area measurements (Raffuse et al.
2009). The reconstructed growth curves could also be used to validate currently existing growth
models (Taylor et al. 2013), or calculate quantities that are important to fire managers and
researchers like final burn area.

The framework is easily modified and alternative formulations could be used for other
applications. Important environmental relationships could be linked to daily fire growth by
letting the inherent growth parameter be a function of environmental variables. Future burn area
time series can be forecasted by inputting incomplete burn area time series and relaxing the
constraints on the initial conditions so that peak growth may occur outside the length of the time
series. The final entries of burn area time series often repeat the same measurement many times
and defining an extinguishment date can be difficult. Including an additional parameter that
extinguishes the process at some time during the time series can be used to predict the
extinguishment date, as well as quantify the uncertainty. Priors and growth models can be
substituted to use the reconstruction model in other applications when observations are generated
from a discrete time, monotonically increasing growth process.

While two frameworks of varying complexity were presented, either framework could be
appropriate depending on the intended application. If only a crude model of wildfire growth is
needed, then the stationary framework could be used to quickly summarize progression data with
a few parameters. On the other hand, if the day-to-day changes in growth are of particular
interest and a realistic growth reconstruction is required, then the non-stationary model would be

the better choice. The drawback of latter is that the increased realism comes at the cost of overall



increased computational requirements. Reductions in computational cost can be dealt with
strategically by noting that marginal convergence of process state tended to be slower at the
beginning and end of the time series where there was little to no information about the fire’s size.
Modifying the model to include including an additional parameter that extinguishes the fire
could reduce the computational burden by reducing the number of parameters describing this
region of the time series. Applying the stationary model for short duration fires may provide an
adequate description of the data at a very-low computational cost. Moreover, reductions in
computational effort can also come from using efficient sampling algorithms, like Hamiltonian
MCMC algorithms (Neal 2011).

While a large suite of variations to the original reconstruction model were examined in
the sensitivity analysis, other aspects of model configuration could also be changed that can alter
the resulting growth curves. Examples of potential changes include incorporating day-to-day
variation in the inherent growth parameter using a multiplicative random walk, introducing
parameters that force the growth curve to be extinguished, using different growth models, or
assuming that the influence of growth is multiplicative on the standard deviation rather than the
variance. Understanding how the reconstruction results are influenced by these changes could
improve the reconstruction realism, goodness-of-fit, and computational burden. In addition to
exploring the effects of changes to the model, further work may explore how changes in the data
alter the reconstructions. For example, the effects of removing observations or adding new data
types on the posterior distributions could be addressed with a simple simulation study. The
sensitivity of the reconstruction algorithm to data availability can be dealt with similarly, or by
using multiple fires as case studies.

In closing, this method of growth curve reconstruction offers a natural way of integrating



prior knowledge and growth data from multiple sources to obtain a best estimate of a wildfire
growth curve. Data quality issues are handled elegantly, modeling missing and erroneous data in
a way that does not discard potentially useful information. The non-stationary growth curves
provided good descriptions of satellite and ground based observations, and was apparently robust
to substitutions in the prior distributions. The framework is flexible and can be modified to
address a variety of research and management needs. Hence, in light of the data quality issues
associated with wildfire growth data, and the benefits of the state space approach, it is
recommend that this framework is used as a data reconciliation tool in the analysis of wildfire

growth curves.
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Chapter 4. CONCLUSIONS

The research presented in this manuscript serves as a framework that others may build on
to further understand how wildfires evolve and grow through time. The results augment a
relatively limited existing body of research describing the complexity of wildfire behaviors and
their interactions with environment. Theoretical physics-based models of wildfire behavior are
popular methods of describing patterns and trends in wildfire activity, as statistical modeling can
be challenging for a variety of reasons. Data availability, poor data quality, and limited guidance
concerning the quantitative analysis of wildfire growth curves are significant obstacles to
modeling wildfire behaviors. However, a number of results and techniques described in this
manuscript address these problems, reveal complex relationships between wildfire behavior and
the environment, and motivate future areas of research. The cumulative burn area decomposition
techniques were particularly important and were used throughout this manuscript to summarize
wildfire growth curves using four important growth measurements. Final burn area, peak growth,
lag period and containment period represented unique aspects of a wildfire growth that were
directly interpretable based on daily burn area time series.

Statistical models of the four growth measurements and two wildfire activity indexes
were constructed based on environmental covariates. The models were used to identify
regionally important relationships and describe intra-annual changes in wildfire behavior. The
models suggested that the drivers of wildfire behaviors were highly complex. Wildfire behavior
in nearby regions may be driven by unique weather and landscape variables, and the
environmental influences could also change across growth measures. For example, the variables
that control wildfire growth were not always the same as those that control final burn area, even

within the same region. This complexity was also reflected in the predictive performance, which



varied across regions and growth measurements. Most of the models of wildfire behavior
generalized well to independent data, and historical predictions often matched reports of peak
wildfire season. Hence, many of the models and results have the potential to be used in a number
of applications. Well-validated models can be cautiously applied to climatological data to predict
past and future trends in wildfire behaviors. The regionally important predictors of wildfire
activity can be used to validate currently existing wildfire risk assessment tools, and provide
guidance in constructing new ones. Expected relationships between wildfire behavior and the
environment, notably precipitation, can also be verified using the results of this research. This
work can be extended to other datasets and the predictive performance potentially improved by
including other environmental covariates such as atmospheric stability, fuels and suppression
activities, or by using predictions from multiple models.

The four growth measures that captured important characteristics were also used to
construct post-hoc reconstructions of the cumulative burn area time series. The presented
methods ranged in complexity from simple methods that directly calculate the growth
measurements from individual CBA time series to Bayesian state space models that reconstruct
realistic growth curves from multiple, corrupted CBA time series. The latter approach was
detailed in this manuscript and provided a general tool for researchers and fire managers working
with cumulative burn area time series. The models were well suited to address the data quality
challenges that are common to growth data and could be modified for a variety of applications
including post-hoc burn area reconstruction, forecasting, correlating with environmental
covariates, and identification of key growth events. Given the challenges of burn area data, as
well as their broad importance to researchers and fire managers, the reconstruction models

presented are a promising and robust method of efficiently using growth data to produce realistic



growth curve predictions. The sensitivity of the reconstruction frameworks should be further
scrutinized, exploring how changes in the various model components and data alters the model
output. Additionally, reducing the sometimes-high computational costs of the reconstruction
algorithm would make the model more broadly accessible.

In closing, the results described in this manuscript are of broad importance to wildfire
research and have provided details about fire growth that have seldom been explored in the past.
The results have described how wildfire behaviors vary over space, and are influenced by unique
environmental covariates. Moreover, the manuscript has provided tools and techniques for
analyzing cumulative burn area time series that can be used for a variety of applications in

research and fire management.
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Figure A.1 QQ-plot of the four growth measurements taken from 2,013 fires compared

to MLE probability distributions. 95% simultaneous confidence band of MLE

distribution is shown with dashed line. Observations that fall outside the confidence band

are colored red. Final burn area is described using a generalized gamma distribution.



APPENDIX B

Table B.1 Stationary model JAGS code.

model {

#1.)Initial inherent growth parameter.
max.size~dbeta(2.37473644,1.64579462);
r<-pow((max.size+1)/(1-max.size),2);
LR<-log(r);

#2.) Initial conditions.
instant.spike<-pow(1+pow(r,0.5),-1);
last.spike<-pow(1+pow(r,N-1.5),-1);
x0~dunif(last.spike,instant.spike);

#3.) Regression error priors
min.pos.sigma<-3.219013*pow(10,-7);
max.pos.sigma<-1.17481;#Pr(X>10*x)==0.975
sigma ~ dunif(min.pos.sigma,max.pos.sigma);
tau <- pow(sigma,-2);

#4.) Final burn area
LK~dgen.gamma(0.3956239,0.2980782,2.356555);
K<-1000*exp(LK);

# Initialize process and observation equations.

X[1] <-x0;

Y[1] ~ dlnorm(log(K*X[1]), tau);

Z[1] ~ dlnorm(log(X[1]),tau);

for(i in 2:N) {
#Advance process state equations.
log(X[i]) <- log(r)+log(X[i-1])-log(X[i-1]1*(r-1)+1);
VIi]<-tau*(X[i-1]/X[i]);#Error on entry i.

#GeoMac observations.
Y[i] ~ dlnorm(log(K*X[i]), V[i]);

#HMS observations.
Z[1] ~ dlnorm(log(X[i]),V[i));



APPENDIX C

Table C.1 Non-stationary model JAGS code.

model {
#1.)Inherent growth parameter.
max.size~dbeta(2.37473644,1.64579462);
r<-pow((max.size+1)/(1-max.size),2);
LR<-log(r);

#2.) Initial conditions.
instant.spike<-pow(1+pow(r,0.5),-1);
last.spike<-pow(1+pow(r,N-1.5),-1);
x0~dunif(last.spike,instant.spike);

#3.) Regression error priors
min.pos.sigma<-3.219013*pow(10,-7);
max.pos.sigma<-1.17481;#Pr(X>10*x)==0.975
sigma ~ dunif(min.pos.sigma,max.pos.sigma);
tau <- pow(sigma,-2);

#4.) Final burn area
LK~dgen.gamma(0.3956239,0.2980782,2.356555);
K<-1000*exp(LK);

#5.) Process error.
tau.pro~dlnorm(-6.827384,pow(5.21431,-2));

#Generate multiplicative white noise
B[1]<-r;
for(j in 1:(N-1)){
P[j] ~ dnorm(0,1);
}

#Force sample variance to tau.pro
for(k in 1:(N-1)){
W[k] <- exp(tau.pro*(P[k]-mean(P))*pow(sd(P),-1));
}
WIN]<-1;

#Initialize process and observation equations.
X[1] <- x0;# Initialize.
Y[1] ~ dlnorm(log(K*X[1]), tau)
Z[1] ~ dlnorm(log(X[1]),tau);
for(i in 2:N) {
B[i] <- (r-1)*W[i]+1;#M.W.N.
log(X[i]) <- log(B[i-1])+log(X[i-1])-log(X[i-1]*(B[i-1]-1)+1);



Vli]<-tau*(X[i-1]/X[1]);

#GeoMac observations.
Y[i] ~ dlnorm(log(K*X[i]), V[i]); # Observation variation

#HMS observations.
Z[1] ~ dlnorm(log(X[i]),V[i));



