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Abstract Increasing impacts of wildfires on Western US air quality highlights the need for forecasts of
smoke emissions based on dynamic modeled wildfires. This work utilizes knowledge of weather, fuels,
topography, and firefighting, combined with machine learning and other statistical methods, to generate 1‐ and
2‐day forecasts of fire radiative energy (FRE). The models are trained on data covering 2019 and 2021 and
evaluated on data for 2020. For the 1‐day (2‐day) forecasts, the random forest model shows the most skill,
explaining 48% (25%) of the variance in observed daily FRE when trained on all available predictors compared
to the 2% (<0%) of variance explained by persistence for the extreme fire year of 2020. The random forest model
also shows improved skill in forecasting day‐to‐day increases and decreases in FRE, with 28% (39%) of
observed increase (decrease) days predicted, and increase (decrease) days are identified with 62% (60%)
accuracy. Error in the random forest increases with FRE, and the random forest tends toward persistence under
severe fire weather. Sensitivity analysis shows that near‐surface weather and the latest observed FRE contribute
the most to the skill of the model. When the random forest model was trained on subsets of the training data
produced by agencies (e.g., the Canadian or US Forest Services), comparable if not better performance was
achieved (1‐day R2 = 0.39–0.48, 2‐day R2 = 0.13–0.34). FRE is used to compute emissions, so these results
demonstrate potential for improved fire emissions forecasts for air quality models.

Plain Language Summary Increasing wildfire smoke is undoing decades of air quality progress, yet
air quality forecasts often miss the most intense smoke events. This is because forecasted smoke is released at
constant rates whereas the rate of smoke release from real wildfires varies in time. In this work we teach a
machine learning algorithm to predict the daily change in fire heat output, a quantity that is used to calculate
wildfire emissions. The machine learning algorithm uses information regarding weather, fuel moisture and
amount, and firefighting efforts to make its predictions. We also tried to predict the daily change in fire heat
output using only weather information but found the machine learning method to be more successful. Many
federal agencies have their own ways of tracking fire weather and fuel moisture, and in this paper, we show that
we can apply machine learning to the data from any of several agencies and get the same level of forecasting
skill.

1. Introduction
Theworsening state of wildfires in theWestern United States and Canada is causing increased exposure to harmful
particulate matter and degrading air quality (Burke et al., 2021; Munoz‐Alpizar et al., 2017), and our warming
climate is known to exacerbate these effects (Westerling et al., 2006; Zhuang et al., 2021). Chemical transport
models are vital for warning the public about episodes of poor air quality and for quantifying the climate impacts of
wildfire smoke, but uncertainty in smoke emissions can propagate through these predictions and cause large errors
(Carter et al., 2020; Ye et al., 2021). In chemical transport models, fire emissions are an essential model input and
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are commonly estimated using the burned area‐based conventional approach (Seiler & Crutzen, 1980) or the Fire
Radiative Power (FRP)‐based method (Ichoku et al., 2008; Wooster et al., 2005). In forecasting mode, many air
qualitymodels copy themost recent daily satellite‐derived emissions throughout the forecast period, an assumption
referred to as persistence. Sub daily emissions are forecasted using a prescribed climatological diurnal cycle, which
assumes a peak in fire intensity in the local afternoon (e.g., Ahmadov et al., 2017). A recent study (Ye et al., 2021)
has shown that persistence can result in over‐ or underpredicted emissions in wildfires when daily changes in fire
activity are large using 12 forecast systems deployed in the Fire Influence on Regional to Global Environments and
Air Quality (FIREX‐AQ) field campaign. Persistence may delay the onset or extend the lifetime of fires within the
forecast window (Di Giuseppe et al., 2018; Thapa et al., 2022). In spite of advances such as inverse modeling of
emissions (e.g., Saide et al., 2015) and statistical methods to forecast fire evolution (Di Giuseppe et al., 2018; Graff
et al., 2020; Huot et al., 2022; D. Peterson et al., 2013; Preisler &Westerling, 2007;Wang et al., 2022) operational
smoke forecasts rely primarily on persistence to forecast daily emissions totals. Precipitation is simplistically
included in some of the models (Ahmadov et al., 2017).

Wildfire spread and intensity are governed by the interactions between three sides of “the fire behavior triangle”:
weather, topography, and fuel (Countryman, 1972). First, the atmosphere can drive fire via low humidity, high
temperature and wind speed, and vertical instability (Rothermel, 1991; Srock et al., 2018). Second, fires spread
more easily in an uphill direction (Rothermel, 1972), as a steep slope allows for preheating of fuels, but complex
flows in mountainous regions may confound this relationship (Viegas, 2004). Finally, fuel type, moisture, and
loading are key components of determining the intensity of a fire (Rothermel, 1972). The moisture of dead fuels
and organic soils respond over the course of a day to changing weather conditions (Wagner, 1987), while the
moisture content of living fuels and organic soils can hold a 1–2 month memory of previous moisture conditions
(Krueger et al., 2022). The latter has been shown to be a good indicator of fire intensity (Sazib et al., 2022).

Currently, wildfire indices are used to inform wildfire behavior predictions, plan firefighting strategies, and
forecast fire intensity. These indices may represent one aspect of the fire behavior triangle, such as the hot‐dry‐
windy index (HDW) or the continuous Haines index (CHI) which represent the effect of meteorology on wildfire
(Pinto et al., 2020; Srock et al., 2018). These indices may represent multiple aspects, such as the Canadian Forest
Fire Danger Rating System (CFFDRS), the National Fire Danger Rating System (NFDRS), or the National
Oceanic and Atmospheric Administration (NOAA) hourly wildfire potential (HWP) which represents fuel and
weather effects on wildfire (Bradshaw et al., 1984; Wagner, 1987; Text S1 in Supporting Information S1). To the
best of our knowledge, wildfire indices which include all aspects of the fire triangle are rare. However, wildfire
indices such as the CFFDRS fire weather index (FWI) (Di Giuseppe et al., 2017, 2018) and vapor pressure deficit
(VPD), and/or wind speed have been used to successfully modulate persistence‐based forecasts (Graff
et al., 2020) forecasts or to derive conditional probability estimates of FRP exceedances (Hernandez et al., 2015).
Additionally, components of the NFDRS, notably the energy release component (ERC), have served as inputs to
machine learning frameworks which have predicted monthly PM2.5 and daily fire perimeters (Huot et al., 2022;
Wang et al., 2022). Other fire weather indices not covered in this paper, such as the Grassland Fire Danger Index,
have shown promise for modulating climatological predictions of fire occurrence in regions such as sub‐Saharan
Africa which have a regular burning season (Partanen & Sofiev, 2022).

In addition to the natural fire behavior triangle, firefighting may also shape the evolution of a wildfire. Naturally
occurring wildfires may be managed or suppressed to thin fuels or protect life and property (Young et al., 2019),
and this may affect the final burned area (Hu & Ntaimo, 2009). Since burned area is correlated with both FRP and
emissions (e.g., Thapa et al., 2022; Wiedinmyer et al., 2011), we would expect containment to impact these
quantities as well. However, much of the study of firefighting as it pertains to intensity and burned area has
focused on including containment in fire spread modeling (Hu & Ntaimo, 2009), planning the most effective
containment strategies (Rodrigues et al., 2020), and understanding containment successes and failures (Arienti
et al., 2006). Only recent studies have connected containment efforts, fire spread, and FRP (Jolly et al., 2019;
Turney et al., 2023). While these studies underscore the importance of including containment in fire spread
forecasts, they also highlight that containment efforts can be hindered by severe fire weather and the inacces-
sibility of some fires (Arienti et al., 2006; Rodrigues et al., 2020).

Machine learning techniques are a subset of statistical models which can learn underlying relationships in systems
with many predictive variables. The random forest machine algorithm has been applied successfully to multiple
areas within the wildfire problem including understanding drivers of fire severity in mediterranean pine forests
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(García‐Llamas et al., 2019), modeling containment probability using land surface variables (Rodrigues
et al., 2020), and detecting fires from geostationary satellites over South Korea (Jang et al., 2019). More broadly,
statistical models have been applied to predict fire evolution using meteorological quantities, fire weather and
moisture indices, and land cover data sets. In Graff et al. (2020), the authors train a poisson regression on
reanalysis data from the European Center for Medium‐range Weather Forecasts (ERA‐Interim) and MODIS land
cover and are able to predict fire counts with more skill than persistence out to 5 days. D. Peterson et al. (2013)
used a maximum likelihood classification method to predict the daily change in fire counts based on CFFDRS fire
indices, convective available potential energy, moisture, and synoptic weather, and achieved better results than
persistence. Finally, Pinto et al. (2020) compare the utility of the CFFDRS FWI alone and the CFFDRS FWI and
the CHI, and they find that using both surface and stability information allows for a more skillful forecast of FRP
exceedance probabilities. Generally statistical forecasts which have beaten persistence have tended to focus on
two of the three legs of the fire behavior triangle. However, Huot et al. (2022) andWang et al. (2022) successfully
trained various machine learning algorithms on weather, topography, and fuel to generate maps of burned area
and monthly PM2.5. In these studies, some human influence variables were included (population density, GDP),
but predictors relating to firefighting were not included.

In this work, we use weather indices and random forest machine learning as tools to forecast daily changes in fire
radiative energy (FRE, the time‐integrated form of FRP) in the Western US with the goal of improving upon the
persistence assumption and maintaining computational efficiency. Unlike previous work (e.g., Huot et al., 2022;
Wang et al., 2022) this work is directly applicable for emissions inventories which use FRP to compute emissions.
Although we evaluate FRE only in this work, we can assume since emissions are proportional to FRE, any
changes in FRE dictated by our models would translate to the same change in emissions. For the machine learning
approaches, the training data set consists of variables describing near‐surface weather, atmospheric stability, fuel
density and water stress, fuel moisture, and firefighting efforts, and our target variable is based on a blended
geostationary/polar orbiting emissions product (Li et al., 2022). All algorithms were trained on data from the 2019
and 2021 fire seasons and tested on comparable data from the 2020 fire season. In this work we look at July–
December, as these were the months which contained significant fire activity from both summertime and
wind‐driven fire events. The methods tested represent varying levels of computational complexity, from daily
changes in weather being assumed to be proportional to daily changes in fire intensity, to random forest machine
learning.

2. Data
This study focuses on wildfires which occurred between July and December in 2019–2021 in the Western
Continental US (Lat: 31–49°N, Lon: 125–101°W). Features were extracted (Section 3.2) for each day of each fire,
totaling 1,238 training samples (2019 and 2021) and 1,293 1‐day (1,160 2‐day) testing samples (2020). Table 1
lists the availability, resolution, aggregation method, and primary reference for each data set used in this study.
GFWED, NCAR Fuel Moisture, and final Monitoring Trends in Burn Severity (MTBS) fire perimeters, are only
available for portions of the 1 January 2019–31 December. 2021 period. RAVE data are not available before 1
January. 2019. At the time of analysis, MTBS perimeters for the 2021 fires were considered provisional. For
further description of the data sets used, see Text S1 in Supporting Information S1.

3. Methods
3.1. Building Polygons

Previous work has tracked sub‐daily to daily wildfire movement by aggregating VIIRS 375 m fire detections into
polygons (Berman et al., 2023; McClure et al., 2023). In this work, a similar approach is taken:

1. For each overpass and each active fire, all VIIRS detections potentially corresponding to each fire are selected.
Corresponding points are identified as points within a 0.25‐degree radius of the previous day's polygon (gray
shaded region in Figure 1a, Step 2). If it's the first day of the fire, the “previous day's polygon” is the ignition
location from the SIT‐209. The radius is increased by 0.25° incrementally and the search repeats recursively
until no new points are added, with the 0.25‐degree buffer chosen to reduce computing time. This process is
shown graphically in Figure 1a for the first 2 days of the August 2020 Complex fire.
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Figure 1. Workflow example for the August 2020 Complex Fire. (a) the process used to build 2 days of fire polygons for August Complex and (b) the final August
Complex polygon at daily resolution (light orange for mid‐August 2020 through dark red for mid‐October 2020). Time series of (c) fire radiative energy (FRE) (black)
and near surface fire weather indices (HWP—blue, HDW—orange, HRRR VPD—green) extracted using the daily polygons, and (d) observed (black) and forecasted
FRE using persistence (red) scaled weather (HWP—blue, HDW—orange, HRRR VPD—green) and random forest model trained on all predictors (magenta dashed).
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2. The per‐overpass polygon is built by aggregating all fire detections, each of which have been buffered to a
circle with a diameter matching the area of VIIRS pixels at nadir (375 m × 375 m), using the Python Shapely
module's multipolygon datatype (Gillies et al., 2007).

3. Sub‐daily polygons are aggregated to daily resolution and clipped using the final burn perimeters fromMTBS.
Clipping with final MTBS perimeters confirms that the sub‐daily polygons generated in Step 2 are associated
with the correct fire event. Figure 1b shows the final polygon for August Complex.

This method evaluates well against the method developed by McClure et al. (2023) for the August Complex Fire
(not shown).

3.2. Extracting Data Using Polygons

Due to the variable resolutions of training variable data sets, the polygons discussed above are used to extract only
the portions of the training data which directly impact each fire on each day (Figure 1c, Figure S1 in Supporting
Information S1). This method has several advantages. First, it allows us to track the movement of the fire as a
whole and the factors affecting the fire (including firefighting, which is reported per‐fire) on a daily basis. Second,
it is flexible for fires of different sizes. Finally, this method is capable of preserving high resolution information in
cases where the feature grid may be finer resolution than the polygon size (Figure S2 in Supporting Informa-
tion S1). A polygon representing a fire on a single day (e.g., Figure 1a) may be used to extract data as follows:

1. Grid cells falling in a bounding box defined by the polygon are determined, and each grid cell is transformed
into a polygon using the shapely python library (Gillies et al., 2007).

2. The intersection area of each grid cell with the polygon is calculated (Gillies et al., 2007), and the fraction of
the fire polygon which intersects each grid cell is saved.

3. Most variables are extracted as a weighted average over all the grid cells which intersect the polygon, with the
weights being the results of step 2. FRE is an exception as it is extracted as the unweighted sum of all grid cells
which intersect the polygon.

4. Values of the variables are aggregated (averaged or summed, Table 1) to daily resolution, with the day
beginning at 12Z. 12Z was chosen to preserve the midafternoon peak in fire intensity, which occurs around 0Z.

3.3. Predicting FRE

Daily FRE values span around six orders of magnitude (Figures S3a and S3b in Supporting Information S1),
owing to the extreme nature of the chosen wildfire seasons. Therefore, we introduce the scaling operator δ
(Equation 1) which represents the daily change in a variable X over a fire polygon from 1 day to the next
(Figure 1d).

δX =
Xt

Xt− 1
, (1)

where t is the valid time of the forecast, and t‐1 is the previous day.

Applying the scaling operator to FRE (δ FRE) gives the right‐skewed distribution in Figure S3c of Supporting
Information S1. To deal with skew, the machine learning models are trained to predict the log of δ FRE (Figure
S3d in Supporting Information S1) so as to give equal weight to large increases (δ FRE >> 1) and large decreases
(δ FRE << 1). Applying the scaling operator as well as the log transformation of FRE helps the model to deal with
how different aspects of the fire behavior triangle affect the evolution of wildfires at any size. Working with a
scaling factor allows us to further simplify the persistence model, as persistence would predict a scaling factor of 1
for all cases. We removed scaling factors which lie more than 1.5 interquartile ranges from the median, since our
goal is to predict the evolution of existing wildfires, rather than how fires start or end. To minimize the impact of
temporal covariance, 2019 and 2021 were chosen as the training periods and 2020 was chosen as the testing
period. Scaled methods are evaluated for 2020 only so that the comparison is consistent.

In a strategy similar to that presented in Graff et al. (2020), Equation 1 can be applied to FRE and rearranged to
obtain an FRE prediction (Equation 2, Figure 1d). The latest FRE observation is derived from RAVE as a daily
(12Z–12Z) sum of hourly FRE (Section 3.2). Equation 2 can also be used to perform multiple steps of integration
in time (Equation 3). The following sections (Sections 3.3.1 and 3.3.2) discuss in detail how δpred is derived.
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FREpred,t = δpred,t ∗FREobs,t− 1 (2)

FREpred,t+1 = δpred,t+1 ∗FREpred,t (3)

3.3.1. Scaled Method

The scaled fire index (SFI) method applies the scaling operator (Equation 1) to daily and polygon‐averaged values
of fire indices to generate a value with which to modulate persistence. To do this, HRRR wind speed and VPD,
GridMET wind speed and VPD, HDW, HWP, FWI, and BI (Text S1 in Supporting Information S1) are plugged
into Equation 1. The lagged version of the HDW (HDmW0, Text S1 in Supporting Information S1) was also
tested as a scaled variable. In subsequent discussion and figures, SFIs are denoted as δ Index, for instance δ HWP
for the scaling operator applied to the HWP. SFIs are included to be a simpler alternative to the random forest that
does not require training a machine learning algorithm.

We exclude cases where a SFI gives outliers that are further than 1.5 times the interquartile range away from the
median. In total 9 (51) 1‐day (2‐day) forecast fire days contained a scaled index which was considered an outlier.
38 of the 2‐day SFIs were zero values, primarily from zeros in the NFDRS BI and CFFDRS FWI. The remaining
outliers were from δ HWP and δ BI, which contained unphysically large or small values (Tables S1–S4 in
Supporting Information S1). This filtering was done in addition to filtering outliers from the observed δ FRE
(Section 3.3, Figure 2d). This filtering was applied before the random forest was trained, resulting in 1,296
training fire‐days for 2019 and 2021 (382 decreases, 435 slight changes, and 479 increases) and 1,293 (1,160) 1‐
day (2‐day) fire‐days to evaluate for 2020.

3.3.2. Random Forests

Random forests (RF) are a machine learning technique that use ensembles of decision trees which split the
training data set into homogeneous subgroups and average predictions across trees in the forest (Breiman, 2001).
During exploratory research, we tested the RF, support vector machine, multilayer perceptron neural network, and
XGBoost, and the RF model performed the best and had a relatively shorter computing time. In this work, the
scikit‐learn implementation is used, with the default values used for all but two hyperparameters. We found that
min_samples_leaf = 20, the parameter controlling the number of sample points needed for a leaf node to be
created, and max_depth = 15, the parameter for controlling the depth of the trees in the forest, were best for
minimizing overfitting. The random_state variable, which controls the bootstrapped subsampling of the feature
sets used to train the trees in the forest, was set to 42 to ensure that models were trained on the same data points
across feature configurations.

Our RF is trained on the full set of training variables (Table 1), including SFIs (Section 3.3.1) as well as subsets
(Section 4.2–4.3). The RF was trained to predict the log of δ FRE to allow the model to learn both the large
increases and the large decreases (Figure S3d in Supporting Information S1). The RF was trained on data
extracted over observed polygons, assuming that, since these fires were past, conditions on the day of the pre-
diction could be known. On the other hand, the random forest was tested using data extracted over the latest
observed polygons to model real case scenarios where the location of the fire into the forecast window is un-
known. Forecasted weather variables were used to make the 1‐ and 2‐day predictions of fire growth and decay,
and for other variables (fuel, topography, firefighting, moisture, FRE) the day 0 values over the latest observed
polygon were persisted.

The 1‐day RF prediction was made following Equation 2, where δpred,t was derived from the RF which was given
day 1 and day 0 weather inputs and day 0 fuel, topography, firefighting, moisture, and FRE inputs. The 2‐day RF
prediction was derived following Equation 3 where δpred,t+1 was derived from the RF which was given day 2 and
day 1 weather inputs and day 0 fuel, topography, firefighting, moisture inputs, and predicted day 1 FRE values.

3.4. Evaluation Metrics

The SFIs and the RF model were evaluated on their ability to represent the daily change in fire behavior (increase,
decrease, slight change) and FRE magnitude. Predicted scaling factors and FRE values (δpred and FREpred) were
compared with observed scaling factors and FRE values (δobs and FREobs) for the testing period.
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3.4.1. Evaluating Performance to Predict Categories

Whether FRE for a given fire increased, decreased, or remained constant on a day‐to‐day basis is based on
thresholds of the δ FRE, where δ FRE = 0.67–1.5 (33% decrease‐50% increase) represents slight change and
anything above (below) that range is an increase (decrease). The ability of the model to forecast the daily change
category is assessed using 3‐by‐3 tables and the associated F1 statistic (Figure 2). The F1 statistic (Equation 6) is
derived from the harmonic mean of the precision (Equation 4) and recall (Equation 5), and higher values of F1
indicate both a higher proportion of true category instances modeled (recall) and a higher proportion of correct
predictions of a given category (precision, Powers, 2008).

Pk =
True predictions of category k
All predictions of category k

(4)

where k = increase, decrease, and slight change

Figure 2. Comparison of persistence, scaled, and random forest methods. Performance of the (a and f) persistence (b and g) δVPD (HRRR), (c and h) δHD0W0, (d and i)
δ HWP, (e and j) random forest method on their ability to forecast fire growth category, F = 0.67–1.5 is slight change and greater (less) than that value is an increase
(decrease). R2 and SSRMSE and SSMAD are shown for fire radiative energy for all 1‐day (k) and 2‐day (m) predictions in blue, yellow, and green dots respectively. F1 for all
1‐day (l) and 2‐day (n) predictions with increases in red, decreases in blue and slight changes in tan. Rows are labeled according to the forecasting method, with scaled
methods labeled with a “δ” preceding the name of the scaled variable. Vertical dashed lines denote performance of persistence.
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Rk =
True predictions of category k

All observed occurrences of category k
(5)

where k = increase, decrease, and slight change

F1k = 2
Pk ∗ Rk

Pk + Rk
(6)

where k = increase, decrease, and slight change.

3.4.2. Evaluating Scaling Factor and FRE Performance

Predicted scaling factor and FRE magnitude are assessed using R2, mean absolute deviation (MAD), and root‐
mean‐squared error (RMSE). RMSE and MAD are defined as in Willmott and Matsuura (2005), and R2 is the
coefficient of determination. The adjusted R2 (Equation 7) is also computed and can be interpreted as the percent
of the variance explained by the model, adjusted for the number of predictors used to train the model. Adjusted
R2 and R2 yield very similar results, indicating that more than additional model features are responsible for
improved model performance (Table S5 in Supporting Information S1).

Adjusted R2 = 1 −
(1 − R2) ∗ (n − 1)
(n − k − 1)

(7)

where R is the coefficient of determination, n is the number of observations, and k is the number of predictors.

We report the unitless skill score (SS), the relative change in performance metric for a model with respect to a
reference model. Skill scores are calculated for RMSE and MAD (SSRMSE and SSMAD) using persistence as the
reference model (Graff et al., 2020; D. Peterson et al., 2013). R2 and SSRMSE are sensitive to large values, so these
statistics will see larger improvements when large increases are correctly forecasted.

4. Results
4.1. Comparison of Two Modeling Approaches With Persistence

Figure 3 compares the performance of the persistence model, the SFI method (δ Index, Section 3.3.1), and the RF
trained on the entire set of training variables (Table 1) over 2 days for the 2020 fire season. Figures 3a–3e and 3f–
3j show modeled and observed growth categories (Section 3.4.1) for selected forecasts of δ FRE. Figures 3k–3m
summarize error metrics for all methods, with Figures 3k and 3m showing performance of the FRE forecasts (R2,
SSRMSE, SSMAD) and Figures 3l and 3n showing performance of the forecasted categories (F1decrease and
F1increase).

Overall, Figure 2 shows that the random forest is the top method tested and also that there is utility in using SFIs to
predict FRE. In both the 1‐ and 2‐day forecasts, the RF is the most skillful method (Figures 2e, 2j and 2k–2n)
except for in R2 in the 2‐day forecast (Figure 2m), where it is beat only by scaled HWP. In the 1‐day forecast, skill
at predicting FRE or growth category increases as the SFIs get more complex or the RF is used (Figure 2k). For
the 2‐day forecasts (Figures 2m and 2n) the SFIs using simpler fire weather indices or raw meteorological
variables (HDW, HWP, VPD) can show comparable FRE prediction skill to the RF. All methods tend to do better
than persistence at forecasting FRE, and they all forecast increases and decreases at roughly the same rate.

Certain models (persistence, δ VPD (HRRR), δ HD0W0, δ HWP, and random forest) are highlighted to illustrate
common error types (Figures 2a–2f, Figures S4a–S4j and S5a–S5j in Supporting Information S1). Figures 2a and
2f show, as expected, that the persistence model is only capable of forecasting slight changes in FRE. The
“persistence” rows of Figures 2l and 2n show the F1 score of the increases and decreases is zero, indicating an
inability for persistence to capture increases (decreases) of >50% (<33%) over the latest FRE measurement. In
spite of this limitation, persistence gives a slightly capable 1‐day FRE forecast (Figure 2k, R2 = 0.02) and a
severely limited 2‐day FRE forecast (Figure 2m, R2 = − 0.62) for 2020 fires.
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Figure 3. Random forest evaluation metrics by state (a–f) and by fire severity (g–j) for the 1‐day RF and persistence predictions. (a) SSMAD and SSRMSE for the RF
model; (b) R2 for the persistence and RF models; (c) mean absolute deviation (MAD) for the persistence and RF models; (d) F1slight_change for the persistence and RF
models; (e) RMSE for the persistence and RF models; (f) F1increase and F1decrease for the RF model; (g) RMSE (yellow) and MAD (teal) for the persistence (dotted) and
RF (solid) models split by 20th‐percentiles of FWI; (h) as in f but split by 20th‐percentiles of fire radiative energy (FRE). (i) SSMAD (teal), SSRMSE (yellow), F1increase
(red), F1decrease (blue), and F1slight_change (tan) for the RF models with F1slight_change (tan dotted) for the persistence model split by 20th percentiles of fire weather index.
(j) as in i but split by 20th percentiles of FRE.
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Figures 2b‐2c and 2g–2h show that assuming that daily changes in FRE are driven by daily changes in VPD (δ
VPD (HRRR)), HD0W0 (δ HD0W0), and HWP (δ HWP) adds skill when compared with the persistence forecast.
These forecasts are relatively low risk in that they boost performance on FRE (R2= 0.345,0.437, and 0.418 for the
three methods respectively vs. 0.02 for persistence, Figures 2k and 2l), while not straying too far from the cat-
egories persistence would predict (Figures 2l and 2n). Across both the 1‐day and 2‐day forecasts, derived indices δ
HD0W0 and δ HWP are more skilled than raw variables δ VPD and δ WS (Figures 2k–2n). However, some of the
more complex SFIs (δ BI and δ FWI) struggle to reliably capture fire growth or decay (Figures 2l and 2n) so
perhaps index complexity is not always an indicator of ability to capture fire growth.

Figures 2e and 2j show that the random forest trained on the entire set of training variables is the top performer of
all methods tested. The 1‐day (2‐day) random forest has R2 = 0.48 (R2 = 0.25) and gives SSRMSE = 0.27 and
SSMAD = 0.28 (SSRMSE = 0.32 and SSMAD = 0.33) with respect to persistence (Figures 2k and 2m). The
random forest also shows the strongest ability to forecast increases and decreases with little bias, with the F1 score
being 0.38 and 0.48 (0.50 and 0.57), respectively (Figures 2l and 2n). The following results sections will focus
exclusively on the random forest model, with Section 4.2 evaluating the random forest over space, time, and fire
severity levels, 4.3 determining which predictors add the most skill to the model, and Section 4.4 and 4.5 dis-
cussing which subsets of the feature space lead to optimal model performance.

4.2. Evaluation of the Random Forest in Space, Across Fire Severity Levels, and in Time

We also evaluate the performance of the random forest by state, by two indicators of fire severity (FRE and FWI),
and by day of the fire season. Across all states, using the RF model results in a more skilled or a very slightly less
skilled FRE forecast than persistence (Figure 3a, Figure S6a in Supporting Information S1), as shown by the
SSRMSE and SSMAD being positive or slightly negative. Generally speaking, the SSRMSE and SSMAD tend to be
higher for the 2‐day forecast than for the 1‐day forecast (Figure 3a, Figure S6a in Supporting Information S1),
except in UT and CO. More specifically, the RF model gives the largest improvements in CO for the 1‐day
forecast and the largest improvements in NV for the 2‐day forecast. In WY, MAD and RMSE remain high on
both days (Figures 3c and 3e, Figures S6c and S6e in Supporting Information S1). Using the RF also improves R2

in most states in the 1‐ and 2‐day forecasts. Except for NM (Figure 3b), all states show R2 either changing sign or
becoming more positive/less negative (Figure 3b, Figure S6b in Supporting Information S1). In the 1‐ and 2‐day
forecasts, the pattern of FRE error (RMSE, MAD) is driven mainly by FRE, with higher FRE states having higher
error (Figures S7–S10 in Supporting Information S1, panels c–d). The remaining FRE error metrics (SSRMSE,
SSMAD, and R2) are driven by weather and moisture variables on day 1, with model skill reducing under more
extreme fire weather conditions and increasing for more moist fuels (Figures S7–S8 panels a, b, e in Supporting
Information S1). On Day 2, the SSRMSE, SSMAD, and R

2 spatial patterns are consistent with patterns in firefighting
resources and moisture, with higher skill being achieved for fires in drier fuels with more resources applied
(Figures S9 and S10 panels a, b, e in Supporting Information S1).

Across states, the RF maintains the ability to predict days with little change (Figure 3d, Figure S6d in Supporting
Information S1) while also forecasting increases and decreases with skill (Figure 3f, Figure S6f in Supporting
Information S1). In the 1‐ and 2‐day forecasts, there is a slight decrease (never more than 0.2) in the F1slight change
score between the persistence and RF forecasts (Figure 3d, Figure S6d in Supporting Information S1). In certain
states (e.g., MT, ID) increases are forecasted more skillfully than decreases and in other states (e.g., NV) de-
creases are forecasted more skillfully than increases. Generally speaking, F1 scores for increases and decreases
are higher on day 2 than day 1 (Figure 3f, Figure S6f in Supporting Information S1). On day 1, the spatial pattern
in the F1 scores is driven by fuel moisture, terrain, and weather variables (Figures S7 and S8 panels f–h in
Supporting Information S1) and on day 2 the spatial pattern in the F1 scores is driven by fuel moisture, fire-
fighting, and weather variables (Figures S9 and S10 panels f–h in Supporting Information S1).

Figures 3g–3j, Figures S6g–S6j in Supporting Information S1 shows error for the 1‐day forecasts grouped into
20th‐percentile bins of FWI (Figures 3g and 3i; Figures S6g and S6i in Supporting Information S1; a RF input)
and FRE (Figures 3h and 3j, Figures S6g and S6i in Supporting Information S1; a RF output). In both the 1‐ and 2‐
day forecasts, the RF predictions tend toward persistence at extreme FWI (Figure 3g, Figure S6g in Supporting
Information S1). Extreme FWI may correspond to a large range of fire behaviors (including cases of no fire, e.g.
Field, 2020a, 2020b). Therefore, it is possible that the RF model cannot make these distinctions (see F1 scores in
the Extreme class, Figure 3i, Figure S6i in Supporting Information S1). We also see error increasing with FRE in
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both the 1‐ and 2‐day forecasts (Figure 3h, Figure S6h in Supporting Information S1). However, for the 1‐day
forecast (Figure 3j) the SSMAD and SSRMSE tend to increase then plateau after the moderate FRE category,
and for the 2‐day forecast (Figure S6j in Supporting Information S1), the SSMAD and SSRMSE tend to increase as
the FRE categories intensify. This implies that we are helping more with the upper end of FRE in the 2‐day
forecast and making improvements across most categories in the 1‐day forecast. This is consistent with the
spatial analysis, which showed that the model tends to under‐perform for more extreme fires and more severe fire
weather (Figures S7–S10 in Supporting Information S1).

Throughout the 2020 fire season, there are some dayswhere the RF performsworse than persistence and some days
where it performs better (Figures S11 and S12 in Supporting Information S1). The days when the RF is worse than
persistence tend to be at the beginning and end of the fire season, but on these days the sample size is very low (<5
active fires per day). In spite of this, the RF beats persistence for a majority of the 1‐day (2‐day) forecasted days in
the 2020 fire season, with SSRMSE exceeding zero in 61% (63%) of days andSSMAD exceeding zero in 67% (69%) of
the 114 (113) days containing active fires. If the evaluation is restricted to days where there were at least 10 fires
burning, SSRMSE exceeds zero in 75% (73%) of days and SSMAD exceeds zero in 80% (78%) of the 51 (48) days
containing active fires.

4.3. Sensitivity Results

We performed sensitivity tests to evaluate each training variable's contribution to the overall forecast skill of the
random forest (Figure 4). Many variables represent similar wildfire drivers (e.g., HWP, HD0W0, FWI, and BI all
represent near surface meteorology) and so were grouped together (Figure 4, thick black lines and text). To test
the random forest sensitivity to different feature groups, all variables in a certain feature group were dropped
(Figure 4 black outlined points) as done in previous work (Huot et al., 2022). Additional sensitivities are per-
formed where one variable in the group was used at a time, allowing for testing, re‐training, and re‐testing of the
random forest model at each step (Figure 4, non‐outlined points). This is slightly different from traditional random
forest feature importance (Breiman, 2001), which is known to misrepresent the importance of correlated features
(Nicodemus & Malley, 2009).

Figure 4 shows that groups of features generally fall into two tiers, one that includes feature groups that strongly
influence the random forest, and one that includes the rest of the feature groups with less influence. The amount of
influence a group of features exerts on the random forest is defined by the change in performance of the random
forest when that group of features is excluded from the training data set (Figure 4, black outlined points) with
respect to the performance of the random forest trained on all available features (Figure 4, vertical lines). For
reference, the metrics for the full random forest are R2 = 0.48, SSMAD = 0.28, SSRMSE = 0.27 F1increase = 0.38,
and F1decrease = 0.48. The feature groups fall into the tiers as follows:

• Tier 1: This tier of features contributes a large amount of skill to the random forest across metrics. Two feature
groups fall into this category, last day FRE and near‐surface weather. Without these feature groups we see
large drops in performance across all metrics (R2 = 0.30 without surface weather and R2 = 0.45 without last
day FRE). The model trained including a single one of the simpler fire indices (HDW, HWP) are the top
performers, sometimes outperforming the full RF in terms of F1 score and recovering much lost FRE skill
when removing surface weather. Finally, the model trained using HWP as the only weather variable (Figure 4
features_only_hwp) indices has comparable R2, SSRMSE, and SSMAD to the model trained on all variables
(Figure 4 features_all row).

• Tier 2: This tier of features includes those feature groups that moderately influenced the random forest model
compared to Tier 1. Tier 2's feature groups include stability, living and dead fuel moisture, plant water
sensitivity (PWS), evaporative stress index (ESI), terrain, fuel loading, and human variables. When feature
groups in this tier are left out, performance metrics change less and may be better or worse with respect to the
full random forest's performance metrics (e.g., R2= 0.47–0.48, F1increase= 0.37–0.40, F1decrease= 0.41–0.48).

Often, variables within the feature groups of Figure 4 are highly correlated. These correlations may be strongly
positive, as in the case of different fire weather indices developed by different agencies capturing the same periods
of favorable fire weather (Figure S13 in Supporting Information S1), fuel loading under different fire weather
scenarios which is based on a fraction of the total biomass (Figure S14b in Supporting Information S1) or terrain
variables where steeper slopes tend to occur in more variable elevations (Figure S14c in Supporting Informa-
tion S1). Sometimes strong negative correlations exist between variables in a feature group. One such case is fuel
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moisture, which is defined by some methodologies as codes which increase with increasing dryness (CFFDRS)
and by others as fractional water content which decreases with increasing dryness (Figure S15 in Supporting
Information S1). The high degree of correlations between variables within feature groups motivates training
different versions of the random forest model subsets of the data to derive simpler models that could behave
similarly to the model using all variables.

4.4. Selecting Optimal Subsets of Features

Random forest models were trained on subsets of the data which kept agency data (i.e., near‐surface weather and
dead fuel moisture fromHRRR, GridMET, CFFDRS and NFDRS) separate where applicable, considered features

Figure 4. Performance of the random forest model for different sensitivity tests (row names). (a) shows SSRMSE in yellow SSMAD in green, and R2 in blue, and (b) shows
F1decrease in light blue, F1increase in red, and F1slight_change in tan. Black horizontal lines delineate different groups of features for which sensitivity is tested, and these
categories are also labeled in text to the left. Feature subsets for which no variables of the given category are used have their points outlined in black. The variable
following “only” in the variable name is the sole variable of the given category used in training.
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which can be operationally forecasted, and chose at most one feature or weather index system from each group to
maximize FRE performance and F1 scores (Figure 4, non‐outlined points). Figure 5a summarizes the subset of
features that were tested. The subsets are as follows: “features_nfdrs” is based on NFDRS near‐surface weather
and moisture indices; “features_cffdrs” is based on CFFDRS near‐surface weather and moisture indices; “fea-
tures_gridmet” is based on GridMET VPD and WS and NFDRS moisture indices; “features_hrrrmet” is based on
HRRR VPD,WS, and soil moisture predictions; “features_hwp” is based on HRRR HWP and soil moisture
predictions; and “features_hd0w0” is based on HRRRHD0W0 (Text S1.3 in Supporting Information S1) and soil
moisture predictions. There are two additional subsets “features_hrrrmet_plus_hwp” and “featur-
es_hrrrmet_plus_hd0w0”, which are trained on HRRR VPD, WS, and HWP and HD0W0 respectively. These
subsets were included to exploit potential nonlinear interactions between the raw (VPD, WS) and derived (HWP,
HD0W0) weather variables that are available from HRRR. In this study we used the HRRR model as a reanalysis
product and CFFDRS values from the GFWED version based on MERRA‐2 (Text S1 in Supporting Information
S1), but the HRRR and GEOS‐5 models also produce forecasts of these same variables operationally. On the other

Figure 5. Performance of the random forest trained on subsets of the data. (a) shows subsets of features selected to optimize performance. R2 and SSRMSE and SSMAD are
shown for fire radiative energy for all 1‐day (b) and 2‐day (d) predictions in blue, yellow, and green dots respectively. F1 scores for all for all 1‐day (c) and 2‐day
(e) predictions with increases in red, decreases in blue and slight changes in tan.
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hand, NFDRS indices, VPD, and WS from GridMET (Text S1 in Supporting Information S1) are based on near
real time observations only and do not have a forecasting component in GridMET. Therefore, any configuration
based on GFWED or HRRR may be used on both forecast‐ and reanalysis‐based meteorology to predict FRE.

Figure 5a also shows that the feature categories including population, containment percentage, day of year,
NCAR live fuel moisture, and ESI were excluded from the subsets. These categories contained only one feature,
and when this feature was dropped from the random forest, FRE scores increased slightly. Alternatively,
persistence FRE and PWS are feature categories containing one variable which benefits model performance.
When these variables were dropped, FRE and F1 skill decreased from R2 = 0.48 in the full model to R2 = 0.45–
0.47. Therefore, persistence FRE and PWS are important contributors to good model performance, while pop-
ulation, containment percentage, day of year, NCAR live fuel moisture, and ESI have little impact or slightly
hinder model skill.

The variables listed for the stability (Figure S14a in Supporting Information S1), dead moisture (Figure S15 in
Supporting Information S1), fuel loading (Figure S14b in Supporting Information S1), terrain (Figure S14c in
Supporting Information S1), and human (Figure S16 in Supporting Information S1) categories in Figure 5a may
co‐vary within these categories and were all chosen to maximize FRE performance and minimize the impact of
correlated features.When certain feature groups (i.e., dead fuel moisture, Figure 4, “features_no_dead_moisture”)
are left out, FRE performance metrics do not change. We attribute this behavior to the random forest learning
compensating errors between less correlated features (e.g., Figure S15 in Supporting Information S1, NCAR dead
moisture NFDRS 1,000 hr moisture) within the feature groups or by interaction terms between feature groups.

4.5. Performance of Optimal Subsets of Features

Figures 5b–5d show the performance of random forest models which were trained using the subsets of features in
Figure 5a. This analysis shows that subsets of the full feature set can be used to train random forest models and
obtain performance comparable to or better than the random forest model trained on the full feature set (e.g., for
the 1‐day forecast R2 = 0.39–0.48, SSRMSE = 0.21–0.28, SSMAD = 0.22–0.28, F1increase = 0.39–0.49 and
F1decrease= 0.39–0.49). Both the 1‐ and 2‐day forecasts are similar to the SFI methods, in that RFs trained on more
complex fire weather indices (Figures 5b and 5d “features_cffdrs”) have better skill at forecasting FRE than RFs
trained on raw meteorological inputs (Figures 5b and 5d “features_hrrrmet”). Also like the SFI methods, the RFs
trained on the simpler fire indices (Figures 5b and 5d “features_hwp”) show better performance than the RFs
trained onmore complex fire indices (Figures 5b and 5d “features_cffdrs”). Further, the models trained on derived
indices (HWP, HD0W0) and raw weather variables (VPD, WS) perform better across most metrics than the
models trained on either raw weather variables or derived indices (Figures 5b and 5d “features_hrrrmet”, “fea-
tures_hwp”, “features_hrrrmet_plus_hwp”). An ensemble forecasting method, defined as the average of the
predictions from the 8 RF models in 5a also shows comparable skill. All random forest‐based models shown in
Figure 5 have greater forecast skill than the scaled and persistence methods shown in Figure 3.

Overall, these results illustrate that the fire weather and fuel moisture indices developed by each agency inde-
pendently represent important predictors of wildfire evolution and can be combined using machine learning
methods to create forecasts that outperform persistence. Random forests trained on subsets of the predictors show
similar behavior to both the ensemble method and the random forest trained on the full set of predictors, further
highlighting the redundancy of including all available fire weather and fuel moisture indices in a single random
forest model.

5. Discussion
5.1. Comparison With Previous Studies

The skill gained with respect to persistence is consistent with previous work which has beaten persistence. Graff
et al. (2020) and D. Peterson et al. (2013) (G20 and P13 respectively) paired weather data with maximum
likelihood classification and Poisson regression, respectively, to predict fire counts in Alaska. SSRMSE ranging
from 5% to 25% are reported in both papers, with the best performance occurring for decreases in fire count (P13)
and 1‐ and 2‐day forecasts with Poisson regression (G20). It is notable that, like this work, G20 also scales
weather indices to forecast fire counts. In the 1‐day forecast, the G20 scaled method is a less skillful forecast than
persistence and the Poisson hurdle model, and in the 2‐day forecast the G20 scaled method is more skillful than
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persistence but less skillful than the poison hurdle model. The results of this study are also consistent with work by
García‐Llamas (2019), which explains up to 42% of variance in fire severity using random forest models trained
on vegetation indices, rainfall, and time since last burn for Mediterranean pine forests in Spain. The most
important variables reported in this study (i.e., near‐surface fire weather) are also consistent with those reported in
Gray et al. (2018).

This study can also be compared to Huot et al. (2022, H22) and Wang et al. (2022, W22), two studies which used
machine learning to predict a next‐day fire mask and monthly PM2.5, respectively. H22 uses gridded fuel,
weather, topography, and human data to produce gridded next‐day predictions of fire location. Similar to our
work, H22 finds that the previous day's fire location (persistence information) is key to giving a reliable forecast
of next‐day fire spread. Unlike our work, they have topography‐related variables as another key feature, which
lends credence to the idea that spatially resolved land surface features contain more useful information than area‐
averaged land surface features. InW22, the authors predict monthly PM2.5 fromGFED (Kaiser et al., 2012) using
fuel, weather, topography, and human variables. They achieve higher correlation with observations spatially than
our work, and we attribute that to our daily data being noisier than their monthly data. In their feature importance
ranking, weather is the most important predictor. We may conclude that our work is comparable to the machine
learning models present in H22 andW22, and that most differences are attributable to methodological differences
and different output variables. Between our work and the work of H22 and W22, a consensus seems to be
emerging about the high importance of weather and persistence information for forecasting fire and emissions
progression using machine learning.

5.2. Uncertainties and Limitations

Since the random forest method is applied as a post‐processing step, uncertainties in the input data propagate
through to the final model output. These uncertainties can be associated with measurements, such as gap‐filling
(Li et al., 2022) or missing (Schroeder et al., 2014) smoke‐ or cloud‐obscured fire detections or the best estimates
of resources applied to a fire event (Text S1 in Supporting Information S1). Additionally, other models were used
to generate the training data. For instance, the operational HRRR model was used here, which has a longer record
but did not include smoke radiative feedbacks until the end of 2020 (Ahmadov et al., 2017; Dowell et al., 2022a,
2022b). Additionally, model biases such as those for relative humidity in MERRA‐2 which are used to calculate
FWI and components (Field, 2020a, 2020b), and the outsize impact of temperature on some of the fuel moisture
estimates (McCandless et al., 2020) could contribute to uncertainty in these variables and how they behave in the
random forest. Finally, population density, PWS, fuel loading, and terrain slope and elevation were assumed to be
static over the 2019–2021 period, which does not consider how either past burns or fuel treatments have altered
the landscape. Future work to improve this modeling technique could consider adding georeferenced firefighting
information, such as the location of firelines, as such information has proven useful in fire spread modeling
(Turney et al., 2023).

Many variables used in this study are not available outside of the 2019–2021 period (Table 1), so the specific
trained models evaluated may not be directly applicable to beating persistence for other fire seasons. However,
our sensitivity analysis showed that the random forest can utilize wildfire drivers that were identified as far back
as the 1970s (Countryman, 1972). We also show that subsets of the predictors can be used to beat persistence. This
means that the model is likely learning real relationships between fire weather, fuels, topography, and firefighting,
and that this technique is robust to the data sets chosen to represent different sides of the fire behavior triangle.
Training the model on subsets of the data could allow future studies to investigate years beyond 2019–2021,
because such models would not be limited by data sets which only exist for this limited period. Likely this would
lead to improved model performance due to a training data set which samples the input space more fully. Finally,
the configuration here requires a priori knowledge of fire location to extract predictors in the relevant location and
generate future forecasts. This work was also limited by the fact that we had no multi‐day predictions of fire
location over which to extract predictors. This may explain why some features, such as fuel loading, moisture,
population, and terrain did not show predictive power, since they may be spatially heterogeneous, and their
variability is not captured through persisting polygon‐averaged values throughout the forecast window. There-
fore, we recommend for future study coupling the random forest technique with fire spread modeling (Bakhshaii
& Johnson, 2019).
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6. Conclusions
We described the development of data‐driven FRE forecasting products that can be used as inputs for predicting
wildfire emissions. We test the skill of several models at making forecasts of daily wildfire FRE using data
extracted over the area affected by the wildfire. Scaled fire indices (SFI), and random forest (RF)‐based model
predictions were evaluated with respect to the persistence forecast. Overall, the RF showed the largest increase in
skill in the 1‐day (2‐day) forecasts, with an R2 = 0.48 (R2 = 0.25) compared to 0.02 (− 0.62) for persistence,
SSRMSE = 0.27 (SSRMSE = 0.32), and SSMAD = 0.28 (SSMAD = 0.33) when all variables were used to train the
model. The random forest was also the most skilled in forecasting whether day‐to‐day changes in fire behavior
would occur, with F1decrease = 0.26 (F1decrease = 0.44) and F1increase = 0.48 (F1increase = 0.57). We find that the
random forest reduces error compared to persistence across all states, for a majority of the days in Summer 2020,
and for all severity categories. Error in both the random forest model and in the persistence model tends to in-
crease as FRE increases. Additionally, the random forest model tends toward a persistence forecast at extreme
FWI and for low‐FRE fires.

The sensitivity analysis confirmed that most forecast skill came from including reanalysis‐derived surface
weather variables and persistence FRE as features. Other variables such as vertical atmospheric stability, fuel
moisture, human influence, fuel loading, and PWS, seem to be most useful for fine tuning the predictions.
Comparable skill was achieved by training several random forests on subsets of these variables based on data
available to certain agencies. Therefore, there is significant value in using the random forest over a persistence
or scaled fire index approach, and we recommend random forests be applied to scale emissions in future
work.

We showed that machine learning plus knowledge of the human and natural drivers of wildfire can dramatically
improve upon the current persistence assumption, with the biggest gains made via predicting increases or de-
creases in FRE. Our work also shows that the daily change in weather indices (HWP, HDW) can be very useful in
predicting changes in FRE. FRE is proportional to emissions, so this method may be used to predict daily changes
in FRP‐based emissions inventories (Darmenov et al., 2015; Kaiser et al., 2012; Li et al., 2022). Many regional
models (HRRR‐Smoke, Ahmadov et al., 2017) use these FRP‐based inventories, and so are poised to take
advantage of the methodology presented here. While the methodology outlined here is most suitable for fore-
casting FRE and computing emissions offline, coupled chemical transport model‐machine learning frameworks
have been shown to work (e.g., Kelp et al., 2022) and are a promising future application of this work. Thus, data‐
driven derived approaches for scaling wildfire emissions should be considered in the next generation of air quality
and atmospheric composition forecasting.

Data Availability Statement
VIIRS active fire detection data were acquired from NASA FIRMS (https://firms.modaps.eosdis.nasa.gov/
download/). MTBS fire perimeter data were acquired from MTBS using the interactive viewer (Eidenshink
et al., 2007b). RAVE FRE data comes from the Reprocessed RAVE Product acquired from SDSU GSCE
(https://sites.google.com/view/rave‐emission/products?authuser=0). GridMET data were acquired using wget
with a script generated at the Gridmet site (Abatzoglou, 2013b). HRRR pressure level data were acquired
using Amazon Web Services (Dowell et al., 2022b). GFWED calculations of the Canadian Fire Weather
Indices were acquired from NASA NCCS via FTP (Field, 2015). Blended soil moisture observations were
acquired from NOAA CLASS via data order (Liu et al., 2016b; requires login). Machine learning‐derived
living and dead fuel moisture estimates were acquired from NCAR/UCAR GDEX (Kosovic et al., 2019).
Evaporative Stress Index maps were acquired via FTP from NOAA NIDIS (https://gis1.servirglobal.net/data/
esi/4WK/). The PWS map was acquired via Krishna Rao's Github page (https://github.com/kkraoj/wildfire_
from_lfmc). Fuel loading maps available at Thapa (2024). Terrain slope and elevation maps are available
through LANDFIRE (https://www.landfire.gov/version_download.php). SIT‐209 reports are acquired through
the Wildland Fire Application Information Portal (Jamieson, 2005b). Note, Microsoft Access is required to
use these files. Population density maps are acquired from NASA GPW v4 via (CIESIN‐Columbia Univer-
sity, 2018b; requires login). The daily, polygon‐averaged data (FRE, fuel, weather, topography, and fire-
fighting) used to train and validate the random forest models and scaled weather index methods will be made
available by time of publication via Zenodo (Thapa, 2024).
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