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Abstract

Use of fire behavior models has assumed an inerglgsimportant role for managers of

wildfire incidents to make strategic decisions.r fie risk assessments and danger rating
at very large spatial scales, these models deperfdteoweather variables or fire danger

indices. Here, we describe a method to simulate ieather at a national scale that
captures the same patterns of seasonality, sgatiedlation and temporal correlation as
the observed inputs. This method incorporates dailface weather observations, which
are incorporated into large scale models that gigeid of modeled weather values across
a landscape. We use those observations to obttima¢ss of the seasonal trend, the
pixel-by-pixel temporal autocorrelation, and theatigd autocorrelation of the remaining

residuals. We then use these three sub-modelsmolage artificial seasons of weather

data. Finally, we verify the results to ensure thhe simulated seasons are
indistinguishable from the input observations, frarstatistical standpoint.
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1. Introduction

Weather observations used for fire behavior calimna and fire danger rating often come
from a single weather station that is located ne#éoban active fire or an area of concern.
As long as the land area is small or mostly homegeas, neglect of spatial variation of fuel
moisture or winds may be acceptable. At very lasgales used in fire risk simulation
assessments, say 100’'s or 1000's of km across (Agel. 2010, Calkin et al. 2010,
Parisien et al. 2005, Parisien and Moritz 2009% fveather and climate is determined by
synoptic weather trends and major geographic featymountain ranges and coastal
proximity). Khalili (2009) presented a method fsimulating fire weather at multiple
specific sites. However, for our purposes it isagsary to have simulated values covering
the entirety of the landscape. Fire risk assessifensuch large domains would be greatly
improved if the spatial influence of weather pattecould be incorporated. To better
represent variation at these large scales, we tige¢sd a method which would statistically
analyze historical gridded weather observationstierpurupose of generating spatial and
temporal weather sequences.

2. Data



The source of gridded weather data was produc8dkat resolution following the methods
used for the North American Regional Reanalysis R\ which has a resolution of 32
km (http://www.emc.ncep.noaa.gov/immb/rrepr{llesinger et al. 2006). This data set
provided daily temperature and humidity extremed precipitation duration every three
hours at an 8 km resolution. Next, daily grids evderived for the period of 1980 — 2008
for the purpose of calculating the Energy Releasm@dnent (ERC). ERC is an index of
the U.S. National Fire Danger Rating System (Degnehal. 1977) which reflects the
energy available per unit area of the flaming froh& spreading fire. ERC for a given fuel
type is only sensitive to the moisture content fid dead and live fuels. It is highly
predictive of fire occurrence and fire behaviorguital (Andrewset al. 2003) and depicts
well seasonal and regional variations in moistwetentment and fire danger. ERC was
calculated using fuel model G for all cells faeité inter-comparison between geographic
locations.

Our general methods for using the gridded historiesther dataset were to:

i. Systematically obtain the seasonal trend and theaeal autocorrelation function at
each pixel

ii. Estimate the spatial autocorrelation of the deoratifrom the seasonal trend over
the domain in question, for each day of the year.

iii. Then reverse the process, simulating grids of alhatiutocorrelated errors, filtering
those errors through the temporal autocorrelationction, and adding in the
seasonal trend, to obtain independent sets of atetdiseasons.

3. Statistical M ethods

In accounting for the correlation structure of e, we assume that fire weather can be
approximated using the following model:

1 ERC{x.y.t,yr) = afx,y,t) + ez, y. 1) (1) <- -~ 7| Formatada: Centrado, Espagamento
' entre linhas: simples, Sem marcas
nem numeragao

Where a is the the seasonal trend (a simple average ofd#ly ERC values at each
location over the 10 years), arclis a matrix of the residuals. We account for the
correlation structure i€ using the following model:

elr,y,t) = deye(z, y. t — k) + v(z, y, 1) (2)

Where Pz.v is a vector of autocorrelation coefficients at kedocation, (*: %), and
1#:¥:1) is a temporrally independent grid of spatially retated residuals. For the

purposes of modelling, we assume t 7' ¥:*) can be modelled using an exponential
variogram, with a different sill for each day oétiear.

We estimate these models using the statistical ggeclR. Once the estimates for the
seasonal average, the autocorrelation coefficieatd, the range for the spatial residual
grids are obtained, we used the method for spsitialilation described in (1) to produce



the necessary grids of the residuals, pass thads trough the filte®z.v, and add that
result to the estimated trend function, resultingsimulated seasons &RC streams, as
desired.

4. Results

To evaluate the validity of this method, we usedyé@rs of the NARR data taken from the
the Pacific Northwest region of the United Stat& then examine the autocorrelation
functions for the simulated seasons, as well asplatial variability of the residuals, and
verify that they approximate the same patternshasoriginal input data. For this initial

study, we used a maximum lag time of 6 days forahtregressive component of the
model.

A graphical visualization of several days from miated season is shown in Figure 1a for
the northwest U.S. The maps of ERC show cleadysitatial patterns and variability that
is important to large-scale fire danger dynamiEggure 1b shows that for individual cells,

there is a time-series of ERC with its own distiseasonal pattern.

A reasonable degree of agreement was found inuteea@rrelation functions from both the
simulated and observed seasons, as well as thevetsend simulated variograms of the
deviations from the seasonal trend (Figure 2). ngsa spherical variogram model, we
obtain an estimated range of 15.27715 pixels (appl@2 km), a nugget effect of
12.893062, and a sill of 4.368459. This comparesh& values for the simulated grid,
yielding a range of 4.476583 pixels (approx. 36 kehugget of 6.603975, and a sill of
3.948523. The difference in the estimates of tmgeamay be due to the sensitivity of the
fitting algorithm in R, as visual inspection of theo variograms lends itself to an
interpretation that the two are satisfactory irirtkamilarity.

As an example of the scalability of the processCEmulations were performed for the
entire Continental U.S. (Figure 3). Similar to tlesults for the northwest region (Figure 2)
we found that the autocorrelations were very coiperbetween the simulated and input
data. The variograms showed little of the expedtedease in variance with distance
however, as expected from the regional examplegarg 1.

5. Discussion

We have developed a method for simulating fire tvelathat incorporates the spatial and
temporal characteristics explicitly, and thus pnésean improvement over currently used
methods. By virtue of allowing for simulation acsosntire landscapes, this method allows
for the potential to simulate many fire incidenim@taneously, while using a cohesive set
of simulated weather scenarios. This method wowdd | itself naturally to further
development in climatological wind simulation, asllas improvements in fuel models
that more realistically incorporated live fuel nioi®.
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Figure 1. Visualization of a smulated season across the Northwestern portion of the
United States. The spatial grids are shown for 3 days of the simulated season (June 20,
August 20, and October 20). Below, we show 3 time series plots for the selected locations
for the entirety of the season, with the locations of these selected observations indicated.
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Figure 2. Above left, we have the autocorrelation function of the deviations from the
seasonal trend of the observed ERC values for the rightmost site of the Pacific Northwest
data from figure 1. Above right, the same function for the simulated values. Below left,
the estimated variogram for a specific day (June 20) of the grid of deviations from the
seasonal trend, and below right, the variogram for the simulated values. In the
autocorrelation plots, we note that both simulated and input varialbes appear to have a
dmilar correlation structure, remaining autocorrelated out to a time interval of
approximately 7 days. For the variograms, we note that both grids appear to be spatially
correlated out to a distance of approximately 100 km.
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Figure 3. A demonstration of 3 simulated days of ERC with the seasonal traces at each
location, asindicated on the grids.Above, we have the grids for June 20, August 20, and
October 20 of the smulated season.



Input ACF Simulated ACF

|
ACF

ACF
02 04 06 08 1.0
|
02 04 06 08 1.0

0.2
|
-0.2
1

Lag

16 18
14 18

gamma
14
|
gamma

12
12

10
10

T T T
0 50 100 150 200

I I I I I
0 50 100 150 200

Dist (km) Dist (km)

Figure 4. Above l€eft, the autocorrelation function of the deviations from the seasonal
trend of the observed ERC values for the rightmost site of the continental U.S. data
shown in Figure 3). Above right, the same function for the simulated values. Below left,
the estimated variogram for a specific day (June 20) of the grid of deviations from the
seasonal trend, and below right, the variogram for the simulated values. In the
autocorrelation plots, we note that the simulated data appear to be autocorrelated out to
about 5 days, while the input data are correlated out to about 4 days. For the
variograms, both variograms appear similar, but yield ambiguous results, suggesting a
correlation structure that is not as well defined as on the smaller regional domain shown
in Figure 1.
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