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Abstract. Statistical analyses of wildfire growth are rarely undertaken, particularly in South America. In this study, we describe
a simple and intuitive difference equation model of wildfire growth that uses a spread parameter to control the radial speed
of the modeled fire and an extinguish parameter to control the rate at which the burning perimeter becomes inactive. Using
data from the GlobFire project, we estimate these two parameters for 1003 large, multi-day fires in Peru between 2001 and
2020. For four fire-prone ecoregions within Peru, a set of 18 generalized linear models are fit for each parameter that use
fire danger indexes and land cover covariates. Akaike weights are used to identify the best-approximating model and quantify
model uncertainty. We find that, in most cases, increased spread rates and extinguish rates are positively associated with fire
danger indexes. When fire danger indexes are included in the models, the spread component is usually the best choice. We also
find that forest cover is negatively associated with spread rates and extinguish rates in tropical forests, and that anthropogenic
cover is negatively associated with spread rates in xeric ecoregions. We explore potential applications of this model to wildfire

risk assessment and burned area forecasting.

1 Introduction

Although researchers frequently characterize fire in terms of size (Doerr and Santin, 2016), there are a number of other param-
eters that describe unique dimensions of fire behavior. For instance, spread rates are an important parameter for understanding
fire entrapment and burnover risks. When spread rates are low, nearby individuals have more time to detect and escape an
advancing fire front than when spread rates are high (Page et al., 2019). Indeed, unexpected and explosive fire growth has been
implicated in a large number of fatal wildfires (Viegas and Simeoni, 2011) and rarely prescribed fire (Twidwell et al., 2015)
accidents. For this reason, numerous models (Sullivan, 2009b, a), policies (Butler, 2014), technologies (De Vivo et al., 2021),
and tools (Jolly et al., 2019) have been developed to mitigate the risk of high-spread events to firefighters and the general pub-
lic. Fire spread rates are also an informative parameter for understanding firefighting effectiveness (Rapp et al., 2021; Finney
et al., 2009). In addition to fire spread, descriptions of how and when the length of the burning perimeters reduce over time can
be valuable to decision makers. Much of the research deals with this topic indirectly by focusing on extinguishment in terms of

fireline production rates (Fried and Fried, 1996). However, the length of burning perimeter may be reduced for reasons unre-
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lated to fire suppression, and less often are these other factors explored. The burning perimeter may be reduced when a portion
of the fire front spreads into a preexisting fuel break such as previously burned areas, waterbodies, roads, and inflammable
vegetation (Reed and McKelvey, 2002). Moreover, local weather may differentially control fire spread and extinguishment,
leading to scenarios where one portion of a fire may be spreading at the same time another portion is dying out (Price et al.,
2014; Reed and McKelvey, 2002). A better understanding of the dynamics and relevant factors mediating fire extinguishment is
important because it can improve fire-related decisions by reducing redundancies in fireline construction strategies (Wei et al.,
2021), and improve the cost-effectiveness of firefighting (Houtman et al., 2013).

At least part of the reason that fire parameters such as spread and extinguish rates are overlooked by researchers is that
the relevant data are uncommon. Daily fire growth data are rare, usually coming from case studies and administrative records
(Taylor et al., 2013), and although fire perimeter data are occasionally available (Zhong et al., 2016), identifying which portions
of the perimeter are active and inactive can be a difficult task (Anderson et al., 2009). Where these data are available, they are
subject to fairly high levels of uncertainty and often contain gaps and errors (Podschwit et al., 2018; Kolden and Weisberg,
2007). These problems are particularly noticeable in locations that lack the historical records and technological resources
that are more commonly found in the United States, Canada, and Australia. In South America, data regarding fire spread
rates are available from a few experimental studies (Ray et al., 2005; Bufacchi et al., 2017), but these estimates may not be
representative of the real-world conditions (Melcher et al., 2016) and cannot be reliably extrapolated to other locations. In most
cases, information about real-world fire spread and extinguishment must be derived from satellite data (Andela et al., 2019).

In spite of these problems with data quantity and quality, we can use available research to develop some intuition regarding
which environmental factors are likely to be relevant to Peruvian fire spread and extinguishment. The risk of firefighter entrap-
ments in the United States are typically associated with rapid fire spread (Page et al., 2019), and this fire parameter is both
directly (Rapp et al., 2021) and indirectly (Jolly et al., 2019) associated with low fuel moisture and anomalously high wind
speed. Existing conceptual climate-fire models can also inform us how fuel availability and flammability are likely to mediate
fire spread in different Peruvian environments. Ecosystems that have abundant fuel available (e.g. forests) are often climate-
limited and require exceptionally dry periods to permit large fire growth. On the other hand, ecosystems that are frequently
dry typically have low levels of fuel (e.g. grasslands), and unlike climate-limited ecosystems require above-average antecedent
precipitation to produce fuel loads of sufficient quantity and continuity to permit large fire growth (Meyn et al., 2007). Indeed,
naturally occurring large fires in the Amazon - an unambiguously climate-limited ecosystem - are very rare (Lima et al., 2012)
and are largely thought to be mediated by ambient humidity levels (Cochrane, 2003). When fire does occur in the Amazon,
they are usually intentionally set to clear forest for agriculture (Cochrane, 2003) and are characterized by low spread rates (< 1
m/min) and low flame height (< 0.5 m) (Cochrane, 2003; Ray et al., 2005; Bufacchi et al., 2017). In the Peruvian Andes - an
ecoregion that is largely unforested - precipitation patterns follow a sawtooth pattern during peak fire years, where precipita-
tion is anomalously high in the year previous, followed by dry weather during the peak fire year (All et al., 2017). Similarly,
ENSO-related increases in precipitation in the Sechura desert of northern Peru are associated with increased fuel loads and
subsequent increases in fire activity (Block et al., 2000). Satellite-derived estimates of fire spread can also provide intuition

regarding the scale and variability of fire spread in Peru. The typical areal changes in fire is estimated to be less than 2 km?



60

65

70

75

80

https://doi.org/10.5194/egusphere-2022-742
Preprint. Discussion started: 9 September 2022 EG U
sphere

(© Author(s) 2022. CC BY 4.0 License.

per day in South America. These growth estimates do not strongly vary within South America, but large differences are found
between xeric regions versus humid tropical regions globally (Andela et al., 2019).

Given that meteorology and land cover are known to be important influences on fire spread in other locations, we would
like to explore the relevance of these factors to fire spread in Peru, where these relationships have not been well quantified.
To do this, we will develop a simple difference equation model to summarize satellite-derived fire growth data. We will then
build regression models to predict the difference equation parameters and determine if a suite of meteorological and land cover
covariates are statistically significant predictors. The intended outcome of this analysis is to present a relatively simple method

of predicting fire growth based on environmental conditions that can be applied nearly anywhere globally.
2 Model

The difference equation model begins with two simplifying assumptions regarding fire growth:

1. Fire spreads at a constant rate, 7, from all angles from an ignition point.

2. After the first time step, a constant length, [, of the fire’s perimeter is extinguished.

A graphical description of these dynamics for various values of r and [ is shown below (Figure 1). Note that in this study the

word "growth" is reserved to describe areal changes in fire and "spread" is reserved to describe radial changes in fire.
2.1 Sector length and arc

We hereafter assume that r and [ are measured in kilometers per day. It follows from these assumptions that on the first day, the
fire is a circle with a radius of  km and 277 km of initial burning perimeter. There is no extinguishment of burning perimeter
on the first day. On the second day the amount of burning perimeter is reduced by ! km and the fire continues to spread radially
at rate  km/day. For any [ > 277, there is no fire growth on the second day since all of the burning perimeter is extinguished.

The sector arc of burning perimeter at the start of the second day is calculated via (Equation 1).

max (271 —1,0)

bp=——"—"—+. ey
r
The second day’s final burning perimeter length is calculated from (Equation 2)
Sg =0 x (2r); 2
and in general, we can calculate the current burning perimeter length using (Equation 3).
St = 915 X (t’l") (3)
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Figure 1. Graphical depiction of modeled fire growth for four pairs of spread rate and extinguish rate parameters. The X and Y dimension

represent the distance from the ignition point at an arbitrary scale.

Moreover, since the sector arc is calculated by taking the sector length and dividing by the radius, we can see that the sector

arc follows (Equation 4).

~ max(S;_1 —1,0)

0 = 4
k r(t—1) @
We can now use (Equation 3) to greatly simplify (Equation 4). Namely, if £ > 1, then
Oi—1(t—1)r—1,0
et:max( i1 ( yr—1, ) 5)

r(t—1)
If we assume that the fire is not going to be extinguished at time ¢, then S;_; > [ and (Equation 5) may be further simplified

into the following difference equation (Equation 6).

l

)

(6)
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An exact solution to the difference equation is produced by noting,

A = — _ = — .
=000 =~y @)
And that for¢t > 1,
¢ I~ 1 l
0, =0 AbO, =0, — - —— =0, — —-H;_, 8
t 1+n§ 1 rn;(n—l) 1= e (®)

where H;_1 is a harmonic series.
2.2 Area and duration

The equation representing the burning perimeter can be manipulated to represent more commonly used wildfire parameters such
as area and duration. Cumulative burn area over time can be calculated by noting that each day’s growth can be represented as

a partial annulus (Figure 1, Equation 9) and taking the sum of these daily growth predictions (Equation 10).

et—l

Ady= Ay = Ay = =2 x[(txr)? = ((E= 1) x )7, )
(oo} 2 oo 2 oo

A= AA = % Y i x (0= (n—-1)?) = %Zen_l x (2n - 1). (10)
n=1 n=1 n=1

In practice, only a partial series is required because the fire will cease to grow at some point in time. The number of days
from ignition until wildfire growth ceases can be derived from (Equation 8) and we can see that the modeled fire will grow for

all ¢ such that 0}—“” > H; 1.
2.3 Estimation of model parameters from area and duration

Note in (Equation 8) that if the day 1 burning arc, 61, is known, then the dynamics of the burning arc are entirely determined

by the ratio of the spread and extinguish rates, ¥ = L, a quantity we hereafter refer to as the relative decay rate. Hence, if a

r 9
burned area time series with area (A) and duration (") was desired, then estimates of the spread rate 7 and extinguish rate [

could be obtained by choosing a % such that,

01 01
— <A< ) (11)
Hr 7 Hr_,
Next, a normalizing factor, c, is estimated (Equation 12), which assumes # and an initial spread rate of » = 1.
1 Z
c= 5;971_1‘7:& x (2n—1). (12)
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An estimate of 7 is then obtained via,

13)

’f:

A
o
The difference equation produced from 7 and [= 74 will have duration 7" and final area A.

3 Application
3.1 Data and preprocessing

GlobFire data (Artés et al., 2019) were clipped to boundaries of Peru, and disaggregated into four ecoregions as defined from
the Nature Conservancy'. Each ecoregion is approximately similar in terms of climate and vegetation. Regional variability in
fire detection probabilities were lessened by limiting our study to large and long duration events, which are likely to be detected
regardless of forest cover and atmospheric conditions. Hence, incidents that were smaller than 405 hectares or incidents that
reportedly burned for one day were removed from the analysis. The spatially explicit growth maps produced from GlobFire
were converted into spatially-inexplicit burned area time series and the centroid of the final perimeter recorded. Summary
statistics of the incidents disaggregated by ecoregion are reported in (Table 1) and a map of the incident locations is shown in

(Figure 2).

Table 1. Regional sample size plus quartiles for both fire size (km?) and duration (days)

Ecoregion Sample size Size Duration
Min Q1 Q2 Qs Max Min Q1 Q2 Qs Max
Xeric 38 413 481 596 951 65.70 2 5 8 10 21
Andean 252 411 4.83 649 10.76 69.33 2 5 6 9 24
Dry forest 50 425 501 7.09 1450 289.44 3 5 7 10.75 18
Amazon 663 414 488 634 9.05 91.52 2 7 9 13 40

Five fire danger indexes (FDIs) are calculated using ERAS reanalysis for 2001-20207: the burning index (BI), energy release
component (ERC), spread component (SC) (Bradshaw et al., 1984), fire weather index (FWI), and the Keetch-Byram Drought
Index (KBDI) (Littell et al., 2016). The raw values were converted into a score by subtracting the mean and dividing by the
standard deviation calculated from 2001-2020 data. Additionally, land cover data came from the GlobCover dataset?.

The FDI values for each incident were extracted on the reported ignition date of the fire and at the incident centroid. The
number of pixels within the final burn perimeter from each land cover type was recorded, reclassified using (Table 2), and

converted into percentages.

Thttps://geospatial.tnc.org/datasets/b1636d640ede4d6cadf5e369f2dc368b/about
Zhttps://www.wfas.net/data/SAR/
3http://due.esrin.esa.int/page_globcover.php
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Figure 2. Map of the Peruvian ecoregions considered in this study with 2001-2020 GlobFire centroids of large, multi-day fires overlaid.

Table 2. Reclassification of GlobCover data

GlobCover value New value
Post-flooding or irrigated croplands (or aquatic) Anthropogenic
Mosaic cropland (50-70%) vegetation (grassland/shrubland/forest) (20-50%)
Mosaic vegetation (grassland/shrubland/forest) (50-70%) / cropland (20-50%)
Artificial surfaces and associated areas (Urban areas >50%)
Closed to open (>15%) broadleaved evergreen or semi-deciduous forest (>5m) Forest
Closed (>40%) broadleaved deciduous forest (>5m)
Open (15-40%) broadleaved deciduous forest/woodland (>5m)
Closed (>40%) needleleaved evergreen forest (>5m)
Closed to open (>15%) broadleaved forest regularly flooded - Fresh or brackish water

Closed (>40%) broadleaved forest or shrubland permanently flooded - Saline or brackish water
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3.2 Estimation of model parameters

For each incident, the spread rate () and the extinguish rate (I) are estimated using the burned area time series derived from
GlobFire. Specifically, for each burned area time series, the values of r and [ that minimized the root mean square error (RMSE)
were identified using the Nelder-Mead optimization algorithm (Nelder and Mead, 1965). To increase the likelihood that the
global optimum was identified, 1000 initial best guesses of the model parameters were obtained by using a normal distribution
with standard deviation one to jitter the estimates produced with the methods described in section 2.3. The optimization routine
was run for each of the 1000 best guesses and the run producing the lowest root mean square error was assumed to be the global
optimum. The correlation of these two parameters was explored using two methods. Firstly, the spearman correlations of the
spread rate and extinguish rates estimates were calculated for each ecoregion. Secondly, a quadratic model that predicted the

extinguish rate from the spread rate was fit using least-squares regression.
3.3 Statistical modeling

An initial set of 18 generalized linear models were considered for each ecoregion and model parameter. The 18 candidates
were produced by considering all linear combinations of FDIs and land cover covariates such that at most one variable from
each variable category was used. The generalized linear model assumed a inverse-link and Gamma density function. The
validity of the Gamma density function was verified via visual inspection of Q-Q plots with a 95% simultaneous confidence
band as calculated from the distrMod package (Computing et al., 2013). The best models were selected using Akaike weights
(Wagenmakers and Farrell, 2004), which represent the probability that a model candidate was the true best-approximating
model from the original set of 18 models. Akaike weights are calculated from a commonly used model selection criterion,
Akaike information criterion (AIC), but has the added benefit of gauging the level of model uncertainty with probabilities,
which are easier to interpret than the raw AIC values. All calculations of this analysis were performed in the R programming

environment (Computing et al., 2013).
3.4 Results
3.5 Difference equation parameters and performance

The rate at which fires spread and are extinguished varied by ecoregion . The mean spread rates were highest in the Andean
and dry forest ecoregions, and was lowest in the Amazon ecoregion. The mean extinguish rate was highest in the dry for-
est ecoregion and lowest in the Amazon ecoregion (Figure 3). The gamma distribution provided a high-quality parametric
approximation of the distribution of observed spread rates (Appendix Al) and a slightly lower quality approximation of the
distribution of extinguish rates (Appendix B1).

The spread rate and extinguish rate were highly correlated with one another. Spearman correlation coefficients ranged from
0.91 in the dry forest ecoregion to 0.96 in the Amazon and Xeric ecoregions. The observed relationship between the two

parameters was well-described using a quadratic model (Figure 4).
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Figure 3. Histograms of the spread rates and extinguish rates (in kilometers per day) disaggregated by ecoregion. Maximum-likelihood
estimates of the gamma distribution are overlaid. The mean, standard deviation, estimated shape, and estimated rate parameters are reported

in the upper right of each panel.

The difference equation model well-approximated the observed daily growth of the burned area time series across all ecore-

gions. The lowest median RMSE (0.54 km?) was seen in xeric ecoregion, whereas the highest median RMSE was seen in dry
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Figure 4. Scatterplots of observed relationship between spread rate and extinguish rate (in kilometers) disaggregated by ecoregion. Least-

squares fit of quadratic model and spearman correlation coefficient are reported in upper left of each panel.

forests (0.76 km?). The difference equation model did particularly well on fires smaller than 10 km? and fires less than three

weeks in duration (Figure 5), which were characteristic of the majority of wildfire observations in this study (Table 1).

10
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3.6 Best-fitting parameter models

In the xeric ecoregion, the best-approximating model of spread rates predicted that fire would grow faster as FWI increased
and as the percent of anthropogenic cover decreased, but the relationships were only weakly statistically significant. A strongly
significant positive relationship between fire spread and the SC was observed in the best-approximating Andean spread model.
The best-approximating spread model in the dry forest ecoregion did not include any FDI or land cover variables. In the
Amazon ecoregion, the best-approximating model of spread assumed a positive relationship with SC and negative relationship

with percent forest land cover, both covariates were very-strongly significant (Table 3).

Table 3. Summary of spread parameter generalized linear models for each ecoregion. Summary including formula, Akaike weight, and
significance level. P-values greater than 0.10 are interpreted as not significant (ns), P-values less than 0.1 are interpreted as weakly significant
(.), P-values less than 0.05 are interpreted as significant (*), P-values less than 0.01 are interpreted as strongly significant (**), and P-values

less than 0.001 are interpreted as very-strongly significant (**%*).

Ecoregion —i Dispersion  AIC weight P-value
FDI Land cover
XERIC —1.87+0.20 x FWI —1.85 X percent.anthro 0.43 0.25
ANDEAN —1.8540.16 x SC 0.33 0.29 wok
DRY FOREST —1.68 0.50 0.16
AMAZON —1.97+0.16 x SC — 0.95 x percent. forest 0.31 0.97 HoAE HAE

In the xeric and dry forest ecoregions, the extinguish rate models did not include any covariates. In the Andean ecoregion,
SC had a strongly significant and positive relationship with the extinguish rate. In the Amazon ecoregion, extinguish rates were
predicted to increase with the increased SC and decreased forest cover; both covariates were very-strongly significant (Table

4).

Table 4. Summary of extinguish rate generalized linear models for each ecoregion. Summary including formula, Akaike weight, and signifi-
cance level. P-values greater than 0.10 are interpreted as not significant (ns), P-values less than 0.1 are interpreted as weakly significant (.),
P-values less than 0.05 are interpreted as significant (*), P-values less than 0.01 are interpreted as strongly significant (**), and P-values less

than 0.001 are interpreted as very-strongly significant (***).

Ecoregion —i Dispersion AIC weight P-value
FDI Land cover
XERIC —0.56 1.79 0.14
ANDEAN —0.62+0.08 x SC 1.16 0.12 ok
DRY FOREST —0.53 1.87 0.18
AMAZON —0.70+0.08 x SC — 0.47 x percent. forest 1.11 0.50 HokE Hokk

12
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For the spread models, the Akaike weights - the probability that the true best-approximating model was selected from the 18
candidates - ranged from 0.16 in the dry forest ecoregion to 0.97 in the Amazon ecoregion (Table 3). For the extinguish rate
models, this probability ranged from 0.12 in the Andean ecoregion to 0.50 in the Amazon ecoregion (Table 4). The probability
that the true best-approximating spread model contained both a land cover and FDI covariate ranged was 0.32 in the dry forest
ecoregion, 0.45 in the Andean ecoregion, 0.65 in the xeric ecoregion, and >0.99 in the Amazon. The probability that the true
best-approximating extinguish model contained both a land cover and FDI covariate was lower, and ranged from 0.29 in the

dry forest ecoregion, 0.36 in the Andean ecoregion, (.38 in the xeric ecoregion, and 0.91 in the Amazon ecoregion (Figure 6).

Spread rate
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Figure 6. Barplots of Akaike weights - the probability that each model candidate is truly the best-approximating model - for each ecoregion
and parameter. Models that contain both a FDI and land cover covariate are colored purple, those that contain only a FDI are colored red,

those that only contain a land cover variable are colored blue, and the Intercept-only model are colored grey.

3.7 Expected growth curves

The effects of fire weather and land cover varied dramatically across ecoregions. In the xeric ecoregion, large FWI values were
characterized with larger, faster growing, and longer duration fires compared to small FWI values. High anthropogenic cover
was associated with much smaller, slower spreading, and shorter duration fires compared to areas with low anthropogenic

cover. Changes in fire weather and land cover were predicted to have no effects on fire growth in the dry forest ecoregions.
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In the Andean ecoregion, increases in the SC tended to result in slightly larger and faster growing fires, but the expected fire
duration was nominally smaller in the highest fire danger scenario considered. In the Amazon ecoregion, high SC values were
characterized by increases in expected fire size and spread rate, and slight decreases in fire duration. Increases in forest cover

were predicted to reduce fire size and spread rates, and increase fire duration (Figure 7).

4 Discussion
4.1 Difference equation validity

All models are approximations of the real world, and the relevant question to ask is whether the models can provide useful
information (Anderson and Burnham, 2004). With this in mind, we argue that the difference equation model presented in this
paper has a number of advantages over other approaches used to model fire growth. Firstly, this model is simple, requiring
estimation of only a few parameters. This model is therefore vastly easier to implement than other commonly used spread
models that require complex data inputs and subjective decisions regarding initialization parameters (Sullivan, 2009b, a). The
model parameters are also easily interpreted and are directly related to the underlying fire processes. Although alternative dif-
ference equation models exist that could adequately represent observed fire growth, (Podschwit et al., 2018), the interpretation
of the model parameters in these alternative models is cuambersome because they were not originally developed to represent
fire growth.

Most importantly, these difference equations well-approximated observed fire growth data (Figure 5). Although perfor-
mance deteriorated in larger, longer-duration fires, this tendency is not unique to this model (Podschwit et al., 2018), and
additional parameters or covariates could be included to improve the goodness-of-fit in these cases. The fact that the spatial
distribution of predicted spread rates conformed to previously known patterns of fire spread adds to the credibility of these
models. Specifically, that the lowest spread parameter rates were observed in the Amazon ecoregion is largely consistent with
existing research (Ray et al., 2005; Cochrane, 2003; Andela et al., 2019), as is the fact that faster spread rates were observed
in ecoregions that are generally non-forested (Massman et al., 2017; Andela et al., 2019). Because area burned estimates were
derived from satellite instrumentation, some unburned islands were inevitably treated as burned (Kolden and Weisberg, 2007),
and as is commonly reported in other data (Short, 2014), GlobFire data were observed to sometimes classify spatially distinct
fire events as a single fire. These biases could result in models that overestimate individual fire spread rates, although the mean
spread estimates from the Amazon ecoregion at least (0.44 km/day) did not dramatically differ from published ground-based
estimates (Ray et al., 2005). It should be noted that the model parameters were estimated solely to minimize the RMSE. Con-
sequently, the modeled growth curve sometimes extended beyond the observed duration of fire, so that although the growth
curve matched the observations well, estimates of eventual burned area and duration from the model were too large. This
phenomenon is important to keep in mind when interpreting the slight decrease in duration associated with high FDI values in
the Amazon and Andean ecoregions (Figure 7). Because of these occasional counterintuitive predictions, we recommend that
these models be primarily used to estimate spread rates, and that predictions of duration and eventual area burned be used with

caution. The estimates of spread rates could be useful proxies for burnover risk and suppression effort for most ecoregions,
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but the Amazon may be somewhat of an exception. In the Amazon, the slow fire spread rates, low flame heights (Cochrane,

2003; Ray et al., 2005; Bufacchi et al., 2017), and sparse settlement suggest that explosive fire growth poses a practically
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non-existent threat to humans. Still, the Amazon should only very rarely have naturally occurring fire at all (Lima et al., 2012),

and the spread model predictions might find use as a tool to identify when and where fire occurrence is possible.
4.2 Effects of meteorology and land cover on fire development

That fire spread was generally predicted to be higher during meteorological conditions considered conducive to fire spread is
expected. And although the identification of the SC - which is interpreted as an estimate of idealized fire spread (Bradshaw
et al., 1984) - as the best FDI in the Andean ecoregion is not surprising given that the ecoregion is generally non-forested, the
fact that this same relationship was observed in the Amazon ecoregion was surprising. One might not expect that a FDI that was
largely related to wind would be a useful proxy for fire spread in heavily forested and tropical ecosystems (Cochrane, 2003).
However, the SC is not only computed from wind but also from the moisture content of the smaller fuel size classes (Bradshaw
et al., 1984). It is therefore plausible that the SC was selected because, unlike the BI or ERC, it was a proxy of fuel moisture
of lighter fuels that are characteristic of the Amazon’s understory litter layer (Cochrane, 2003). These results also suggest that
decision makers should reconsider their preferential use of other FDIs over the SC (Jolly et al., 2019), as the latter was the
apparent best predictor of fire spread in multiple ecoregions (Table 3-4). The lack of a strong relationship between FDIs and
fire spread in the dry forest and the weak relationship in the xeric ecoregion may also seem surprising. One explanation for this
apparent lack of correlation in these two ecoregions is that the elevated human habitation in these locations relative to other
portions of Peru reduces the effects of meteorology on fire spread, which is a phenomenon that has been observed in the United
States (Syphard et al., 2017). Indeed, in the xeric ecoregion, anthropogenic cover had a weakly significant negative effect on
fire spread (Table 3), suggesting that nearby human presence may dampen wildfire activity. Anthropogenic effects were less
plausible explanatory variables in the Andean and Amazon ecoregions, which have relatively sparse human habitation*, and the
covariates used in the best-approximating models of these ecoregions reflect this fact (Table 3-4). Forest cover was a negative
and very-strongly significant predictor of fire spread in the Amazon, which, as mentioned in the previous subsection, conforms
with existing research regarding the global variability in fire spread rates (Andela et al., 2019).

In ecoregions where covariates were relevant, the observed relationships between the extinguish rates and the environment
were sometimes counterintuitive. For instance, in the Andean and Amazon ecoregions, extinguish rates were positively related
to FDIs, suggesting that drier conditions were conducive to fire extinguishment. The relationships between fire danger and
extinguish rates are not easily dismissed as they are strongly significant (Table 4), and in the Amazon at least, we have fairly
high confidence that the model is the best out of the 18 candidates (Figure 6). However, a satisfactory explanation for this
counterintuitive result can be arrived at by revisiting the original mathematical model and observing the correlations between
the two parameters. Consider that, as described at the end of subsection 2.2, the duration of the fire is controlled by the
relative decay rate, which is the ratio of the spread rate and extinguish rate. This implies that the spread rate is proportional
to the extinguish rate, with a harmonic number as the scalar. Here the scalar is a function of the fire’s duration. We can then
envision two ways that high covariance between the spread rates and extinguish rates can arise. First, if the variability in

the duration is not too large, then the harmonic number scalars will not strongly vary. Second, if the average fire duration

“https://sedac.ciesin.columbia.edu/data/set/gramp-v1-population-density/maps?facets=region:south%20america
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is large enough, then the harmonic number scalars will also not strongly vary. In any event, the mean and variance of the
fire duration distributions resulted in spread rates and extinguish rates with high covariance, as is evidenced from the high
spearman correlation coefficients and the strong fit of the quadratic models (Figure 4). It is then not surprising that similar
models would arise for two parameters that are so closely correlated. Indeed, in the Amazon ecoregion, we can see that the

exact same covariates are used in the extinguish rate model and the spread rate model (Table 3-4).
4.3 Future work

The results and methods in this paper provide a template for forecasting fire growth from environmental covariates. When
a fire ignition is reported, estimates of the spread rate and extinguish rate can be calculated from environmental data, which
would permit estimates of fire spread over time and secondarily of final size and duration over time. Future work might
include additional covariates into these models to further improve predictive performance and by extension improve fire-related
decisions. In addition to those explored in this paper, there are numerous other FDIs that could be included that might better
model fire spread (Littell et al., 2016), with low-frequency FDIs potentially being of particular importance when modeling fire
behavior in the more arid ecoregions in Peru (Meyn et al., 2007; Barbero et al., 2015b). Firefighting-related covariates could be
used to forecast the effects various suppression strategies would have on fire behavior, and various ocean temperature indexes
could be included to incorporate ENSO-related effects on fire spread (Chen et al., 2011; Block et al., 2000). Projected climatic
and land use changes could be used to provide longer-term forecasts of fire risk and inform decisions such as firefighting
staffing and training programs, as well as inform land management decisions. Future work should also explore the necessity
of forecasting extinguish rates from environmental data or if these parameters may simply be inferred from predicted spread
rates instead (Figure 4). Because the spatial domain of the GlobFire data covers the entire world, the methods described here
can be readily applied to other ecoregions, which would be particularly useful to locations without access to sophisticated fire
spread modeling capabilities. Future work may also seek to extend the principles governing this spatially-inexplicit difference
equation model to spatially explicit fire spread models. Most fire spread occurs over a few days of a fire (Wang et al., 2017),
and day-to-day variation in fire spread is an important variable for assessing burnover risk and, by extension, firefighting
decision-making. Analysis of this day-to-day variability in fire spread was largely avoided in this analysis for practical reasons.
Specifically, early exploratory analyses led us to expect that this task would present serious computational difficulties that are
avoided with the simpler methods described in this paper. Nevertheless, this idea could be revisited in the future so that our
simple model is extended to use daily forecasts of FDIs along with other covariates to explain day-to-day variation in fire
spread. Although predictions from these models describe a time series of expected fire growth conditional on meteorological
and land cover conditions, it is often the extreme fire events that are the most destructive and dangerous (Stephens et al., 2014;
Viegas and Simeoni, 2011). These extreme events often occur in conditions that are unique to those that are typical of most
other normal fires (Slocum et al., 2010; Barbero et al., 2015a) and are also likely the hardest to predict (Figure 5). For this
reason, future work should validate the predictive performance of these models, with particular scrutiny paid to the times when

extreme fires occur.
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5 Conclusions

In this paper, we developed a simple and intuitive difference equation model of fire growth that can be estimated using globally
available satellite data. The difference equation was based on two parameters: the spread rate and the extinguish rate. We
described the statistical distribution of these two parameters for four ecoregions in Peru using Gamma distributions. We also
built generalized linear models to predict these parameters using FDI and land cover as covariates. We found that FDIs were
statistically significant predictors of spread rates in the xeric, Andean, and Amazon ecoregions. We found that the SC was
a strongly significant predictor of extinguish rates in the Andean ecoregion, and a very-strongly significant predictor in the
Amazon ecoregion. In general, when FDIs were used to predict these two parameters, we found that the SC was usually the
best choice, although model uncertainty was frequently high. On the other hand, model confidence was high in the Amazon
ecoregion. In addition to FDIs, land cover was also a useful predictor in some contexts. Specifically, anthropogenic cover had
a weakly significant and negative effect on spread rates in the xeric ecoregion, and forest cover had a very-strongly significant
and negative effect on spread and extinguish rates in the Amazon ecoregion. Counterintuitive relationships were observed
between extinguish rates and FDIs, where increased fire danger increased extinguish rates. These relationships were explained
by the fairly strong correlation of the two model parameters. We argue that the methods presented here, although simple, are a

promising method of forecasting fire spread risk for locations lacking access to sophisticated fire modeling capabilities.
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