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ABSTRACT: Wildfire guidance two weeks ahead is needed for strategic planning of fire mitigation and suppression.

However, fire forecasts driven by meteorological forecasts from numerical weather prediction models inherently suffer

from systematic biases. This study uses several statistical-postprocessing methods to correct these biases and increase the

skill of ensemble fire forecasts over the contiguous United States 8–14 days ahead.We train and validate the postprocessing

models on 20 years of EuropeanCentre forMedium-RangeWeather Forecasts (ECMWF) reforecasts andERA5 reanalysis

data for 11 meteorological variables related to fire, such as surface temperature, wind speed, relative humidity, cloud cover,

and precipitation. The calibrated variables are then input to the Global ECMWF Fire Forecast (GEFF) system to produce

probabilistic forecasts of daily fire indicators, which characterize the relationships between fuels, weather, and topography.

Skill scores show that the postprocessed forecasts overall have greater positive skill at days 8–14 relative to raw and cli-

matological forecasts. It is shown that the postprocessed forecasts are more reliable at predicting above- and below-normal

probabilities of various fire indicators than the raw forecasts and that the greatest skill for days 8–14 is achieved by

aggregating forecast days together.

KEYWORDS: Forest fires; Wildfires; Bias; Statistical techniques; Uncertainty; Ensembles; Forecast verification/skill;

Hindcasts; Numerical weather prediction/forecasting; Probability forecasts/models/distribution; Reanalysis data

1. Introduction

Global wildfires continue to break records year after year

in scale, duration, and impact on human life, ecosystems, and

property (Jolly et al. 2015; Wang et al. 2021). In 2020 alone,

wildfires in the western United States burned 75% more area

than expected in an average year and are expected to total

hundreds of billions of dollars in direct and indirect costs (Fu

et al. 2021). Enhanced wildfire size, duration, and impact are in

part due to human behavior: 1) increased residential develop-

ments in the wildland–urban interface (Radeloff et al. 2018) lead

to more possibilities of human-caused wildfires and more loss of

life and property and 2) past logging and legacy forest-fire

management practices have led to a buildup of fuels (Parks et al.

2015). However, enhancement also comes from changes in the

atmosphere and responding vegetation as a result of anthropo-

genic climate change. Changes in regional climate such as de-

layed onset of wet seasons, earlier snowmelt, increased size of

high pressure blocking patterns, increased aridity, and hotter

temperatures (Flannigan et al. 2013, 2000; Westerling et al.

2006; Jolly et al. 2015; Xu et al. 2020; Schoennagel et al. 2017;

Williams et al. 2019; Nabizadeh et al. 2019 and references

therein) all contribute to prime fire conditions. Additionally,

wildfire risk is exacerbated by ‘‘hot droughts’’ or the concur-

rence of droughts and heat waves, which are predicted to

worsen across water-limited regions in the United States as a

result of the warming climate (Cheng et al. 2019).

While wildfires can be incredibly destructive, they play an

integral role in the Earth system’s patterns and processes

(Bowman et al. 2009) and their impacts to societies are ul-

timately inevitable. One of many ways to create community

resilience to wildfires is with skillful forecasts of fire indi-

cators at various forecast horizons. The U.S. National

Weather Service Storm Prediction Center provides fire-

weather outlooks for day 1, day 2, and combined days 3–8

in the form of written synoptic discussions and mapped re-

gions of categorical fire risk given weather and antecedent

fuel conditions (SPC 2021). The forecasters use determin-

istic fire indicators such as those within the National Fire

Danger Rating System (NFDRS; described in section 2) as

one of their tools to assess current fire conditions and make

predictions.

Unfortunately, most fire indicators used in the United States

are calculated from observations and guidance havemostly been

produced either for real-time or one-day ahead. Fortunately,

several studies (Mölders 2010; Di Giuseppe et al. 2016, 2020;

Worsnop et al. 2020) have shown that weather forecasts output

from numerical weather prediction (NWP) models can fill in

the spatial gaps where observations do not exist and can extend

fire-indicator guidance to longer lead times.Using this approach,
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useful forecasts can be extended up to two weeks ahead, and, in

some cases, out to seasonal time scales (Bedia et al. 2018). Even

further, ensemble prediction systems (EPSs) in which a finite

number of varying forecast scenarios are generated for a

given forecast period can be used to quantify the uncertainty

associated with a forecast. Different ensemble members are

commonly generated by making small perturbations to the

initial conditions or physics schemes used in the NWP model.

While the ensemble enables valuable probabilistic predic-

tion, EPSs often suffer from systematic biases and dispersion

errors (Stauffer et al. 2017).

To generate the most skillful probabilistic fire forecasts at

the extended range (i.e., days 8–14), statistical postprocessing

is necessary (Worsnop et al. 2020). The goals of statistically

postprocessing ensemble forecasts are threefold: 1) remove

systematic biases inherent in NWP forecasts, 2) provide

probabilistic forecasts with reliable ensemble spread, and

3) maximize sharpness so that forecast prediction intervals

are shorter than that of climatology (i.e., on average, the

forecast should be at least as skillful as this benchmark). This

concept is referred to in the literature as maximizing the

sharpness of the predictive distributions subject to calibration

(Gneiting and Raftery 2007).

The statistical postprocessing methods presented herein

adjust the raw ensemble forecast, in an effort to improve skill

and quantify uncertainty, to account for discrepancies between

past forecast–observation pairs. All of the univariate post-

processing methods used in this study are parametric and

therefore relate characteristics of the raw ensemble to pa-

rameters of the resulting calibrated predictive distribution

over a training period (i.e., distributional regression models).

Once the meteorological forecasts are postprocessed (i.e.,

calibrated), they can be used to generate postprocessed fire

indicators. Calibrated meteorological variables have previ-

ously improved extended-range forecasts of the hot–dry–

windy index (HDWI; Srock et al. 2018; Worsnop et al. 2020),

an index based solely on meteorological conditions. While it is

valuable for a forecaster to assess weather-driven fire, a fire

will not burn or spread unless the vegetation is receptive to fire.

For this reason and because the fire community has requested

operational forecasts (at the Climate Prediction Center) that

incorporate fuels information, we input the calibrated en-

semble weather forecasts to the Global ECMWFFire Forecast

(GEFF) System (Di Giuseppe et al. 2016). The outputs from

the GEFF provide an assessment of broad-scale fire danger

based on interactions among atmospheric conditions, topog-

raphy, and the state of vegetation/fuels.

The remainder of the paper provides an overview of the

GEFF system in section 2 with a focus on fire indicators

commonly used in the contiguous U.S. (CONUS) domain.

The NWP reforecasts and reanalysis data used for training

and verification are discussed in section 3 followed by the

data preprocessing steps in section 4. The postprocessing

steps are detailed in section 5. Verification of the skill of the

postprocessed fire-indicator forecasts compared to standard

benchmarks is presented in section 6. Conclusions and a

discussion of how this framework will be used in operations

are covered in section 7.

2. The Global ECMWF Fire Forecast (GEFF) system

Figure 1 shows a conceptual diagram of the steps we take to

calculate the components of fire danger rating systems given

meteorological inputs of reanalysis or reforecast data (dis-

cussed in section 3). One tool we use is the GEFF. The open-

source GEFF system (https://github.com/ecmwf-projects/geff)

was developed by ECMWF and the European Joint Research

Centre (JRC) to provide daily operational forecasts of three

fire danger rating systems for the European Forest Fire

Information System (Camia et al. 2006). ECMWF generates

forecasts up to 10 days ahead by providing the GEFF with

atmospheric forcings at 9 (19)-km grid spacing from the HRES

(ensemble) run of the ECMWF Integrated Forecast System

(IFS). While these forecasts are created to monitor forest fire

danger in European Union countries, GEFF forecasts can be

produced for anywhere in the world. Additionally, the GEFF

can use meteorological inputs from any NWPmodel, reanalysis,

or observations datasets.

The flexibility of the GEFF enables us to investigate how

our postprocessing techniques impact the skill of fire-indicator

forecasts over the CONUS domain by comparing the outputs

from the GEFF system generated with raw and postprocessed

forcings from a NWPmodel to those generated with reanalysis

data. Data used for this study are discussed in section 3.

The GEFF framework is described in detail in (Di Giuseppe

et al. 2016) and works similarly here. In general, for a given

location, the GEFF system uses three tiers of data representing

different temporal scales (see Fig. 1). Tier 1 uses climatological

inputs that remain constant throughout the forecast cycle.

Slope and fire-fuels information such as fuel model, vegetation

cover and stage are in this tier as well as mean annual precipita-

tion. We used the same tier 1 data discussed in detail in the ap-

pendix of (Di Giuseppe et al. 2016). Data in tier 2 and tier 3 must

be calculated with our meteorological forcings at daily (i.e., min-

imum, maximum, or 24-h accumulations) and local-noon time

scales, respectively. Table 1 lists the inputs used in tiers 2 and 3.

These climate, daily, and local-noon forcings are then

passed to the GEFF system, which performs various empir-

ical and physics-based equations that relate climate and

meteorological conditions to fuel response and subsequently

forest-fire behaviors. Conveniently, the GEFF system can

use these inputs to calculate components of three, well-

established fire-rating systems: the Australian McArthur’s

Forest Fire Danger Meter (MARK 5; McArthur 1966), the

Canadian Fire Weather Index (FWI; Van Wagner 1987,

1974), and the U.S. Forest Service National Fire Danger

Rating System (NFDRS; Cohen and Deeming 1985; Bradshaw

et al. 1983; Schlobohm et al. 2002).

All three of these rating systems use a combination of factors

relating to weather, fuels, and topography, which affect fire

ignition, spread, and consequently the difficulty to control a

wildfire if one started. Daily calculations to estimate today and

tomorrow’s fire danger are typically made with in situ meteo-

rological and fuels data from discrete observation stations. The

estimates are then interpolated to areas between observation

sites using techniques such as inverse distance weighting. Because

of the availability of local measurements of the fuel and
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meteorological conditions, estimates of today or tomorrow’s fire

danger at station locations or at locations between a close network

of observation stations are likely more precise than estimates

using NWP forecasts as inputs. However, the gridded forecasts

used herein provide gridpoint-by-gridpoint estimates across

CONUS and enable fire forecasting up to two weeks ahead.

National fire danger rating system

The focus domain of this study is the CONUS, so we will

concentrate on the NFDRS, which is most commonly used to

assess fire danger across the CONUS. The NFDRS is used by

federal and state agencies to make strategic decisions regard-

ing forest fires. Visitors of U.S. Forest Service lands may rec-

ognize the NFDRS qualitative class ratings from low to very

extreme displayed on ‘‘Smokey Bear’’ signs. These ratings

describe the relative severity of the fire danger situation and

are derived from the quantitative components and indicators

of the NFDRS. The key components and indicators of the

NFDRS used to derive these ratings are:

1) Spread component (SC): an open-ended dimensionless

quantity of the forward spread of the head of the fire that is

dependent on factors such as wind speed, slope, and mois-

ture of fine fuels and live woody fuels.

2) Energy release component (ERC): an open-ended quantity

reflecting the available energy (i.e., potential heat release)

per unit area (BTU ft22) within the flaming zone of the

head of the fire through the burning of live and dead fuels.

3) Burning index (BI): an open-ended indicator of the potential

effort required for fire suppression based on how much heat

would be released from the fire and how fast it would spread

FIG. 1. Conceptual diagram of the steps we take to generate ‘‘observed’’ (using ERA5 data)

and forecasted components of the fire-rating systems output from the GEFF system. The

darker teal boxes indicate the steps needed to generate calibrated ensemble forecasts. The

orange box describes the three different tiers of data input to the GEFF system. The results in

this paper focus on the components of the National Fire Danger Rating System (NFDRS).

TABLE 1. Preprocessed meteorological variables input to the

GEFF system.

Tier Variables Abbreviation Units

2 Min 24-h temperature t{24h,min} K

Max 24-h temperature t{24h,max} K

Min 24-h relative humidity RH{24h,min} %

Max 24-h relative humidity RH{24h,max} %

24-h precipitation

accumulation

tp24h mm

24-h precipitation duration dp24h h

3 Local-noon total cloud cover tccnoon Area fraction

Local-noon relative humidity RHnoon %

Local-noon temperature tnoon K

Local-noon wind speed unoon m s21

Local-noon snow cover mask sc{m,noon} Binary
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in a worst-case scenario. It is expressed in feet multiplied by

10 and is a combination of the SC and the ERC.

4) Ignition component (IC): the probability from 0 to 100

that a firebrand in the presence of receptive fuels will

ignite a fire that would require suppression activities.

Operational national maps of the adjective class ratings are

predominantly derived from the BI followed by the ERC.

The classes are defined by percentiles of the BI and ERC

climatologies where the breakpoints are determined from

historical relationships between the BI or ERC and observed

fires within a given area. These breakpoints vary (e.g., 80th

versus 97th percentile as the starting breakpoint) depending

on agencies and the types of decisions that need to be made

for a given area and situation. Due to the variable nature of

these breakpoints, we will focus our analysis on the quanti-

tative components and indices of the NFDRS. However, in

operations, agencies and forecasters could convert these

outputs to classes for decision making. The FWI andMARK5

are similar to the NFDRS andmostly differ in their use of fuel

models and types. Di Giuseppe et al. (2016) provides an

overview of their differences.

3. Reforecasts and reanalysis data

The meteorological forecasts input to the GEFF system,

either raw or postprocessed, are based on 11-member ensem-

ble reforecasts (i.e., decades of past forecasts reran with the

same model version) from the Cycle45r1 version (ECMWF

2018) of the ECMWF Integrated Forecast System (IFS). A

total of 20 years of reforecasts were produced from the

0000 UTC initialization run for every Monday and Thursday

between 7 June 2018 and 6 June 2019. Therefore, our reforecast

dataset comprises 104 initialization forecasts and 2080 (203 104)

total reforecasts at each lead time. We downloaded 6-hourly

reforecasts with lead times out to 15 days over CONUS with a

regular latitude–longitude grid with 0.258 grid spacing from the

ECMWF MARS archive system. The domain covers 238–538N
latitude and 1268–658W longitude. We retrieved reforecasts for

the meteorological variables shown in Table 2.

We use reanalysis data to calibrate and verify the post-

processed forecasts of meteorological variables and the sub-

sequent fire indicators output from theGEFF system. From the

Copernicus Climate Change Service Climate Data Store (C3S

2018), we retrieved hourly, ERA-5 reanalysis data (Hersbach

2000; Hersbach et al.2018) for the variables in Table 2 with

0.258 grid spacing on the same domain as the reforecasts for all

dates between 6 June 1998 and 6 June 2018 (i.e., the first and last

date in the reforecast dataset) plus 15 extra days to match the

forecast horizon out to 15 days. We also retrieved data for the

date before the first reforecast date (5 June 1998), which was

needed to perform the preprocessing steps discussed in section 4.

4. Preprocessing steps

The tier 2 inputs to the GEFF system are based on daily

minimum, maximum, and accumulated quantities over the

preceding 24-h period since the previous day’s local noon.

The tier 3 data are based on instantaneous quantities at local

noon today. This local noon adjustment is part of the require-

ments to calculate the components of the NFDRS and is con-

sidered the time with the most favorable wildfire conditions.

We determine the UTC corresponding to local noon at each

grid point using the TimeZoneFinder Python package (https://

pypi.org/project/timezonefinder/). Over the CONUS domain,

local noon ranges from 1600 to 1900 UTC (1700–2000 UTC)

within four possible daylight (standard) time zones. Since the

ERA5 reanalysis and ECMWF reforecasts start at 0000 UTC

and local noon ranges anywhere from 1600 to 2000 UTC, 24-h

accumulations and minimum and maximum quantities must

use some of the previous day’s reanalysis or forecast data along

with today’s data to form a 24-h period. Because the ERA5

reanalysis is hourly, the tier 2 data are simply the minimum,

maximum, and accumulated quantities over this 24-h period

preceding local noon and the tier 3 data are the instantaneous

values at local noon. Since the reforecasts are output every 6 h,

local noon does not always align with the 6-hourly forecast

output (i.e., 0000, 0600, 1200, 1800 UTC). For these situations,

we use weighted linear interpolation to estimate the meteoro-

logical variables at the local noon time to generate the values at

the start and end of the 24-h period. The resulting (preprocessed)

tier 2 and tier 3 variables input to theGEFF are shown in Table 1.

5. Postprocessing methods

This section describes the different univariate and multi-

variate statistical methods used to postprocess the meteoro-

logical variables input to the GEFF system. The GEFF system

does not rely on any particular postprocessing algorithm; it can

accept any meteorological input. Here, we used the censored,

shifted Gamma distribution model (CSGD; Scheuerer and

Hamill 2015) to postprocess accumulated precipitation and an

ensemble model output statistics (EMOS; Gneiting et al. 2005)

approach to postprocess temperature and wind speed vari-

ables. For the remaining variables—total cloud cover, snow

cover mask, precipitation duration, and relative humidity

variables—we use variants of the logistic regression method

(Hemri et al. 2016; Wilks 2011).

a. Training and verification periods

We use cross-validation to estimate and verify the parame-

ters of the various regression equations in the methods below.

TABLE 2. Reforecast and reanalysis variables downloaded and

used to calculate inputs to the GEFF system.

Variables Abbreviation Units

2-m temperature t2m K

2-m dewpoint temperature td2m K

10-m u-wind speed

component

u10m m s21

10-m y-wind speed

component

v10m m s21

Total cloud cover tcc Area fraction

Total precipitation tp m

Snow depth sd m of water equivalent
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The training set consists of all reforecast–observation pairs

from a defined timewindow for a given grid point and lead time

for all reforecast years except for the verification year (i.e., 19

total training years). Verification is performed with reforecast–

observation pairs from the left-out verification year. The

lengths of the windows are described below and vary from 1 to

3 months depending on the variable and method.

b. Univariate postprocessing methods

1) PRECIPITATION ACCUMULATION

Precipitation accumulation is a unique variable to postprocess,

namely, because of the three features outlined in Scheuerer

and Hamill (2015) and reiterated here: 1) the distribution has a

combination of discrete and continuous characteristics with a

point mass for exactly zero precipitation, 2) the forecast un-

certainty typically increases with precipitation amount, and

3) a large and varied training dataset is required for accurate

prediction of rare events such as excessive rainfall amounts.

The CSGD distributional regression model addresses each

of these peculiarities and yields a predictive distribution

(‘‘censored, shifted gamma distribution’’) with three defining

parameters related to the mean, standard deviation, and shift

of the distribution, respectively. We use the same set of en-

semble statistics used in Scheuerer and Hamill (2018): the

ensemble mean, the ensemble probability of precipitation, and

the ensemble mean absolute difference to relate the raw

forecasts to the CSGD parameters. The ensemble statistics are

calculated using all forecasts within a weighted spatial neigh-

borhood following the procedures in Scheuerer and Hamill

(2015) to account for any displacement errors in the raw

forecast. We fit the CSGD parameters using a 91-day window

(see section 5a) centered around the 15th day of each month.

We offer more details about the CSGD-model procedures in

the supplemental material while a thorough description of the

CSGD model, its implementation, and comparisons to alter-

native postprocessing methods are discussed in Scheuerer and

Hamill (2015).

At dry locations, there may not be enough nonzero forecast–

observation pairs in the training dataset to avoid overfitting the

CSGD model. For these locations, we use ad hoc values de-

termined through exploratory analysis for the parameters of

the regression equations in step 3. See supplemental material

for details.

The results of this section’s steps are calibrated predictive

distributions of precipitation accumulations conditional on

statistics of the raw ensemble fitted separately for each month,

lead time, and grid point.

2) TEMPERATURE AND WIND SPEED

We briefly describe the univariate postprocessing method

used to generate calibrated and sharp marginal predictive

distributions of local noon wind speed, and minimum, maxi-

mum, and local noon temperature separately for each month,

lead time, and location. The cross-validation window size is

28–31 days depending on the month (see section 5a). The

ensemble model output statistics (EMOS; Gneiting et al.

2005) method uses raw ensemble statistics and links them

to the parameters of a predictive distribution that is well

suited to represent the forecast uncertainty about the variable

of interest. We use the same variant of the EMOS regression

equations that Worsnop et al. (2020) used to postprocess

surface temperature and wind speed. These linear equations

relate the raw ensemble mean and variance to the mean and

variance parameters of the predictive distribution.

Unlike in Worsnop et al. (2020), we do not apply flexible

power transformations to the data. While their approach is

more flexible and would likely produce the most calibrated

and sharp forecasts, the computation is expensive. Given that

there are eleven different variables to postprocess before run-

ning through the GEFF system, we opt for a more streamlined

approach. During exploratory analysis, we tested several can-

didate distributions (i.e., Gaussian, truncated Gaussian, square

root truncated Gaussian, gamma, and truncated logistic) to

represent temperature and wind speed observations.We found

through continuous ranked probability skill scores (CRPS)

and probability integral transform (PIT) histograms that the

Gaussian and truncated logistic distributions are well suited to

represent 2-m temperature and surface wind speed, respec-

tively over the majority of CONUS, so we processed with this

framework.

3) TOTAL CLOUD COVER, PRECIPITATION DURATION,
AND RELATIVE HUMIDITY

Total cloud cover, precipitation duration, and minimum,

local noon, and maximum relative humidity are doubly boun-

ded variables that can be discretized into a range of possible

categories. For these variables, we use the proportional odds

logistic regression (POLR; Hemri et al. 2016) method to pre-

dict the conditional probabilities of these categories given a

vector of predictors based on raw ensemble statistics. The

training and verification periods are the same that were used

for temperature and wind speed.

The POLR model, a variant of ordered logistic regression,

is a statistical model that can be used to predict conditional

probabilities of ordered predictands falling within one of

multiple possible categories. The logarithm of odds (i.e., logit)

of the probability of the (discretized) predictand y falling

within or below a category j, conditional on a vector of pre-

dictor variables x 5 (x1, x2, x3, . . .)
T is written as

logit[P(y#jj x)]5 u
j
2bx, j5 1, . . . , J2 1, (1)

where J is the number of categories. Because the proba-

bility of falling within or below the last category is always 1,

we only build a model for the first J 2 1 categories. For

the POLR model, the slope coefficient vector b 5 (b1, b2,

b3, . . .) is the same size as the number of predictors and is

the same value for all categories, while the intercept uj is

estimated separately for each category by selecting the

values that maximize the log-likelihood function over the

training period. Taking the inverse logit of (1) yields the cu-

mulative probability written as

P(y#jj x)5
exp(u

j
2bx)

11 exp(u
j
2bx)

. (2)
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We define the predictors x 5 (rENS, f0, f1)
T following one of

the POLR model variants used by Hemri et al. (2016). In our

study, rENS is the mean of the M-member ensemble. In Hemri

et al. (2016), f0 and f1 are the fractions of the ensemble mem-

bers within the lowest and highest possible category, respec-

tively. We altered f0 and f1 to represent the fraction of

ensemble members within the lowest and highest category that

was actually populated by some ensemble members at the given

location, month, and lead time. This adjustment helped ac-

count for climatological differences of the various meteoro-

logical variables dependent on location and time of year. For

example, in a dry location and time of year, tccnoon may never

fall into the highest possible category J, so the statistic f1 is

uninformative. However, if we define the highest category

depending on the local climatology, there may be some value in

knowing that a large number of members all falls into that cat-

egory. The remainder of this paper will use the modified defi-

nition of f0 and f1.

Hemri et al. (2016) tested additional predictor variables such

as ensemble variance and an interaction term between the

ensemble variance and the ensemble mean’s deviation from

0.5. We found that these additional terms did not add sub-

stantial skill to the postprocessed forecasts, particularly for

longer lead times, which is consistent with the findings by

Hemri et al. (2016). Since our main focus of this study is to

generate skillful forecasts in the extended range, we perform

POLR with the simple set of predictors x 5 (rENS, f0, f1)
T.

(i) Defining categories for each meteorological variable

To fit the POLR model, continuous observed meteorologi-

cal variables (reanalysis data in our case) need to be discretized

into J categories binned according to a set of boundaries V.

Determining the number of categories to bin the data into is a

trade-off between bias and variance. Since the POLR model

estimates uj for each category, more categories lead to a more

complex model and the risk of overfitting due to sampling

variability. Conversely, too few categories can result in biases

when the predicted category probabilities of the predictand are

interpolated to a full predictive distribution for the continuous

predictand (discussed below) because the approximation of

this distribution is too coarse.

In standard observation reports, total cloud cover values are

typically reported in nine defined ordered categories called octas

ranging from 0 to 8, which represent approximately 1/8th in-

tervalsZ5 {0, 0.1, 0.25, 0.4, 0.5, 0.6, 0.75, 0.9, 1}.Weuse the same

binning thresholds as Hemri et al. (2016) (their Table A1) to

map our continuous tccnoon variables to these octas. Specifically,

we use V 5 {0.01, 0.1875, 0.3125, 0.4375, 0.5625, 0.6875, 0.8125,

0.99, 1.0} as threshold values that define the upper boundaries

of each bin. For example, category 1 (no clouds) falls within

[0, 0.01) and category 9 (full cloud cover) falls within [0.99, 1].

We were able to achieve good calibration and skill (according

to verification rank histograms and CRPSS, not shown) for

precipitation duration (dp24h) using the same categories after

normalizing the duration hours to take on values in [0, 1].

However, through exploratory analysis, we increased the num-

ber of categories to 22 for local noon, minimum, and maximum

relative humidity variables, which resulted in more calibrated

(flat) histograms than when we used the tccnoon categories. This

may suggest that relative humidity values are more concentrated

into smaller intervals—and require finer discretization—than

tccnoon or dp24h. The 22 categories are defined by upper

limits V 5 {0.01; k 1 0.05 for k 5 0, 0.05, 0.10, . . . , 0.95; 0.99;

1.0} after normalizing the relative humidity variables to take on

values in [0, 1].

(ii) Generating an ensemble of postprocessed forecasts

based on the POLR probability forecasts

The cumulative category probabilities define the CDF of the

continuous predictand at the category boundaries, and can be

linearly interpolated to reconstruct the full predictive CDF.

However, these variables at some grid points and times of the

yearmay have a distributionwith a combination of discrete and

continuous characteristics. For example, it is possible that a

grid cell could be cloud-free (tccnoon 5 0.0) or be completely

cloud-covered (tccnoon 5 1.0), and the POLR method could

predict a positive probability (i.e., point mass) for exactly these

conditions. The CDF is discrete for these conditions and con-

tinuous for all other possible tccnoon values (0.0 , tccnoon ,
1.0), meaning that the full CDF has a discontinuity at (0.0, 0.0)

and (1.0, 1.0). We therefore use linear interpolation between

the upper boundary of the first and lower boundary of the last

category, and extrapolate beyond those boundaries with a

constant value, so that the probability for the first (last) cate-

gory becomes a point mass for the tccnoon value of 0.0 (1.0).

Likewise, we allow for a point mass at (0, 0) and (1, 1) for dp24h,

but we only allow for a point mass at (1, 1) for RH, because 0%

RH is unrealistic at the surface.

The inverse of the interpolated CDF (CDF21) allows us to

generate forecasts of the continuous predictand based on the

predicted category probabilities from the POLR method. This

inverse CDF can then be sampled as described in section 5c to

construct a finite ensemble of forecasts, which are needed as

inputs to the GEFF.

4) SNOW COVER

The remaining meteorological input to the GEFF is the bi-

nary snow cover mask sc{m,noon} based on snow depth (sd) at

local noon. The GEFF defines the snow mask as

scfm,noong 5 f1, if sd $ 1:0mm; 0, if sd, 1:0mmg . (3)

Unlike the meteorological variables that used the POLR

method, there are only two possible categories (snow or no

snow). A common way to relate such a binary predictand to a

continuous predictor like sd is to provide a probability of the

binary outcome via logistic regression (Hamill et al. 2004;

Wilks 2011). We use ensemble statistics x5 (1, rENS, f0)
T of sd

as the predictors; while there is potential value in knowing

how many ensemble members predict a snow depth of (near)

zero, there is no need for predictor f1 since there is no natural

upper bound for snow depth that would motivate the defini-

tion of such a predictor. The training and verification period

are the same that were used for temperature and wind speed.

Technical details about the logistic-regression approach and

how we generated an ensemble of binary postprocessed
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forecasts sc{m,noon} from this method are in the supplemental

material.

c. Ensemble copula coupling

All of the univariate postprocessing methods discussed in

the previous subsections produce calibrated predictive dis-

tributions for each variable, lead time, and location. To

generate a finite ensemble of postprocessed forecasts from

these distributions to input to the GEFF system, we sys-

tematically sample the distributions at M 5 K 5 11 equi-

distant quantile levels defined as tk 5 (k2 0.5)/k, k5 1, . . . ,

K. These particular levels entail a CRPS-optimal sample

(Bröcker 2012).
Because postprocessing was performed independently for

each variable, lead time, and location, relationships between

physically dependent variables such as precipitation and cloud

cover are not considered. However, the intervariable, tempo-

ral, and spatial relationships should be restored so that the

meteorological variables input to the equations in the GEFF

system will lead to physically realistic fire-indicator forecasts

that are spatially and temporally coherent. To restore the de-

pendence structures, we employ a reordering method called

ensemble copula coupling (ECC; Schefzik et al. 2013). The

ECC method reorders the M postprocessed ensemble mem-

bers according to the rank structure of the raw ensemble

under the assumption that the raw ensemble is representative

of observed intervariable, temporal, and spatial dependencies.

Effectively, this approach will help instill any flow structures or

dependencies back into the postprocessed forecasts including

large-change events such as up-ramps in wind speed and drops

in temperature during a cold frontal passage. The final result is

an ensemble of forecasts with intervariable coherence as well

as spatial and temporal coherence for each of the meteoro-

logical variables input to the GEFF system.

6. Verification results

a. Skill scores of a fire indicator at Geographic Area

Coordination Centers

Logistical coordination and mobilization of fire mitigation

and suppression resources at the federal and state levels within

the United States are conducted within 11 Geographic Area

Coordination Centers (GACCs), 9 of which are within the

CONUS (Fig. 2). These GACCs are under the direction of the

National Interagency Fire Center (NIFC) and often commu-

nicate and share resources across GACC boundaries to en-

hance wildfire preparedness levels. Forecasters within these

GACCs also monitor weather and fuels conditions to provide

fire danger outlooks. Therefore, we show how the raw and

postprocessed forecasts perform in each of these regions.

We quantify forecast performance using the skill of the

continuous ranked probability score (CRPS). The CRPS

summarizes the sharpness and calibration of the ensemble

forecast (Gneiting et al. 2005; Gneiting and Raftery 2007) and

its skill score (CRPSS) quantifies the performance relative to

benchmark forecasts.

Climatological forecasts are natural benchmarks for extended-

range forecasts, but we also use the raw forecasts as benchmarks

to quantify the improvement gained from statistical postprocess-

ing. The climatological benchmark forecasts were calculated from

the ERA5 reanalysis data using a65-day sliding window around

each day of the year for all available years from 1998 to 2018.

Eleven equidistant quantiles were sampled from this climatolog-

ical distribution (same as in section 5c) tomatch the size of the raw

and postprocessed ensembles.

The BI is one of the terminus outputs from the GEFF and is

often used to indicate how intense a fire would be and how

swiftly it would spread in worst-case scenarios. The BI fore-

casts generated with postprocessed forecasts ran through the

GEFF show improved skill relative to those generated with

raw forecasts in all GACC regions and for all lead times out to

day 14 (Fig. 3a) during the summer months (JJA). In general,

the greatest improvement is seen in the far western GACC

regions (warm colors in Fig. 3), and the Southern Area GACC.

Before passing the meteorological variables to the GEFF

system, we verified that the postprocessing methods for each

variable were beneficial and led to increased or at least as good

of skill as the raw forecasts (in the form or positive CRPSS

values). For this reason, the fire indicators calculated by the

GEFF are inherently postprocessed with respect to ERA5

reanalyses as well. The GEFF outputs can draw on the indi-

vidual and collective improvements of each meteorological

variable gained from postprocessing. For example, the BI is

FIG. 2. The nine GACC regions within the contiguous United States.
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influenced by several factors, but the meteorological variables

that showed the greatest enhancement relative to raw forecasts

through postprocessing were the relative humidity variables

(Table 3). In contrast, the wind speed and cloud cover variables

show less improvement (i.e., smaller but still positive CRPSS

values) and are therefore expected to contribute relatively less

to the overall skill improvements seen in the BI forecasts.

The skill of the postprocessed forecasts relative to climato-

logical forecasts during JJA is mostly uniform across the

GACC regions and varies strongly with lead time (Fig. 3b). As

expected, the skill decreases with increasing lead time, yet still

shows positive skill in all GACC regions out to 14 days, except

for the Eastern Area which only shows positive skill out to

10 days. In contrast, the raw forecasts lose skill relative to cli-

matological forecasts in most GACC regions by day 9 and even

sooner in some GACCs (Fig. 3c).

While the exact magnitude of the CRPSS and the day at

which the raw forecast becomes worse than the climatological

forecast varies for each GACC region and for each season

(not shown), these overall general patterns remain: 1) post-

processing is beneficial over simply using the raw forecasts,

2) the raw forecasts are often less skillful than the climato-

logical forecasts for days 8–14 while 3) the postprocessed

forecasts are often more skillful than the climatological

forecasts even out to 14 days ahead. These results indicate that

postprocessing is necessary for the most skillful fire-indicator

forecasts at days 8–14. Tables of CONUS-wide mean CRPSS

values for a subset of meteorological variables, fire indicators,

and lead times during each season are available in the supple-

mental material.

b. Reliability of forecasts for above- and below-normal
events

Extended range forecasts (D8–14) are often used to assess

whether forecasted conditions will be above- or below-normal

relative to local climatology. The CPC uses the lower (upper)

tercile of a climatological distribution to define below- (above-)

normal events for their week-two forecasts. We use this defini-

tion too and construct reliability diagrams to assess the perfor-

mance of the raw and postprocessed forecasts at predicting these

events with varying degrees of certainty.

To construct our local climatological distribution for each

day of the year, we use 20 years of ERA5 data at a particular

grid point with65 days around each day of the year. To create a

reliability diagram (as in Fig. 4) for each season, we aggregate

these daily climatological distributions (20 years 3 11 days) for

all days of the year for which there is a corresponding ECMWF

reforecast within a 3-month period (e.g., June–July–August).

FIG. 3.MeanCRPSS values for the burning index (BI) calculated for eachGACC region (solid colored lines) and

for the entire CONUS domain (solid black line) for forecasts out to 14 days ahead. Skill of the (a) postprocessed

forecasts relative to raw forecasts, (b) postprocessed forecasts relative to climatological forecasts, and (c) raw

forecasts relative to climatological forecasts are shown. Values above (below) zero (dashed black line) indicate

improvement (degradation) relative to the benchmark forecasts. The GACC regions and colors correspond to the

regions in Fig. 2.
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From this 3-month climatological distribution, we sample the

terciles (i.e., the 33.33% and 66.66% percentiles) like CPC

does to determine the threshold for below- and above-

normal events.

The reliability diagrams in Fig. 4 show the full joint distri-

butions between probabilistic raw day-8 forecasts and the ob-

servations (i.e., ERA5-based GEFF runs) for binary BI events

during the summertime in each GACC region. Histograms of

the count of each of the probability forecasts in the reliability

diagrams are available in the supplemental material.

The raw forecasts show three main features: 1) they are

overconfident for moderate to high forecast probabilities,

2) they suffer from poor resolution and therefore cannot discern

forecasts for which the outcomes are substantially different from

each other, and 3) the reliability varies for each GACC region.

These features are more exaggerated for above-normal events.

These results indicate that the average raw forecast does not

exhibit large enough spread, which is a common deficiency of

raw NWP ensembles. Additionally, the raw forecasts do not

provide a sufficiently strong probabilistic signal for above- and

below-normal conditions, especially for higher probabilities of

above-normal events. For example, relative frequencies of a

;60% forecast probability is not all that different from those

with a ;80% probability; the observed relative frequencies

depend onlyweakly on the probabilistic forecasts. Last, since the

reliability varies for each GACC region, this would make it

difficult for a forecaster to issue consistently reliable forecasts

across the entire CONUS domain.

Postprocessing the meteorological forecasts before passing

them through the GEFF system mitigates all of the deficiencies

exhibited by the raw forecasts. The reliability diagrams (Fig. 5)

show that the probabilistic forecasts aremuch closer to the 1:1 line

meaning that the forecasts are better calibrated and are no longer

overly confident. They show good resolution and the reliability is

consistently improved for each GACC region (except for high

probabilities of above normal BI events in the Eastern Area,

which is likely a result of few high probability forecasts of extreme

BI values in this typically wet region). The consistency in reli-

ability among different GACC regions is a result of the gridpoint-

by-gridpoint postprocessing techniques that we used. Reliability

diagrams for D12 (not shown) depict slightly less reliability than

D8, but overall show similar results to D8.

c. The impact of aggregating forecast days

As forecasts evolve further and further from the constraints of

the initial conditions, the model struggles to predict instantaneous

TABLE 3. CONUS-wide mean CRPSS values for a subset of meteorological and fire-indicator values input and output from the GEFF,

respectively. The fire indicators were generated with inputs from the raw and postprocessed ECMWF ensemble reforecasts. The CRPSS

values were calculated with 20 years of reforecasts in JJA and use the raw forecasts and climatological forecasts (67 days around date,

20 years) as benchmarks for comparison. Values above (below) zero indicate improvement (degradation) relative to the benchmark;

ppBMraw 5 postprocessed GEFF forecasts relative to raw GEFF forecasts; ppBMclim 5 postprocessed GEFF forecasts relative to

climatological GEFF forecasts; rawBMclim 5 raw GEFF forecasts relative to climatological GEFF forecasts.

Mean CRPSS over CONUS domain: Jun–Jul–Aug

Variable Forecast vs benchmark D6 D8 D10 D12 D14

tccnoon ppBMraw 0.05 0.058 0.061 0.062 0.063

ppBMclim 0.101 0.046 0.016 0.005 20.001

rawBMclim 0.054 20.014 20.048 20.061 20.068

RH{24h,min} ppBMraw 0.297 0.267 0.249 0.235 0.231

ppBMclim 0.251 0.163 0.105 0.068 0.051

rawBMclim 20.066 20.142 20.191 20.219 20.235

tnoon ppBMraw 0.18 0.157 0.149 0.132 0.124

ppBMclim 0.299 0.178 0.098 0.053 0.032

rawBMclim 0.144 0.025 20.06 20.09 20.105

tp24h ppBMraw 0.072 0.064 0.069 0.067 0.07

ppBMclim 0.132 0.069 0.028 0.011 0.008

rawBMclim 0.065 0.005 20.044 20.06 20.066

unoon ppBMraw 0.081 0.077 0.073 0.076 0.073

ppBMclim 0.123 0.048 0.019 0.002 0.003

rawBMclim 0.046 20.032 20.059 20.081 20.076

bi ppBMraw 0.13 0.12 0.115 0.112 0.105

ppBMclim 0.232 0.147 0.091 0.059 0.039

rawBMclim 0.118 0.03 20.028 20.06 20.074

erc ppBMraw 0.149 0.141 0.135 0.133 0.126

ppBMclim 0.331 0.231 0.159 0.109 0.081

rawBMclim 0.215 0.105 0.028 20.028 20.051

fwi ppBMraw 0.188 0.162 0.152 0.145 0.133

ppBMclim 0.314 0.21 0.144 0.096 0.075

rawBMclim 0.156 0.056 20.01 20.058 20.066

ic ppBMraw 0.166 0.148 0.138 0.131 0.119

ppBMclim 0.205 0.119 0.065 0.038 0.022

rawBMclim 0.047 20.034 20.086 20.107 20.11
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states of the atmosphere (Epstein 1988) leading to timing

errors in the forecast. One method to enhance skill at these

longer horizons is to calculate aggregate statistics such as

averages over a span of several days. The Climate Prediction

Center currently creates aggregated temperature and precipi-

tation forecast outlooks for days 8–14 so we show how this can

be advantageous for fire-indicator forecasts too.

We generate a days 8–14 aggregated forecast for each re-

forecast date and ensemble member by averaging post-

processed forecast values for day 8 up to and including day 14.

To evaluate the skill of these outlook forecasts compared to

climatology, we sample 11 equidistant quantiles from an

ERA5 aggregated climatological distribution at each loca-

tion. The distribution includes averaged values valid for the

FIG. 4. Reliability diagrams for daily raw forecasts during the summertime (June–July–August) for burning index (BI) values (left) less

than the ERA5 climatological lower tercile and (right) greater than the ERA5 climatological upper tercile in eachGACC region (colored

lines) and for the entire CONUS domain (black line with star symbols). Forecasts are for 8 days ahead and were constructed, along with

the ERA climatology, for the period from 1998 to 2018. ERA5 data are used for observations. TheN5 12 possible probabilities are equal

to p 5 (k 3 100)/(N 2 1), k 5 0,1, . . . , N 2 1. The dashed diagonal line represents perfect calibration.

FIG. 5. As in Fig. 4, but for postprocessed forecasts.
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same days 8–14 outlook period for each of the 20 available

years. Using the aggregated reforecasts and reanalyses, we

calculate CRPS values and subsequent CRPSS values using a

benchmark of climatology for each season and lead time.

Aggregating postprocessed BI forecasts over days 8–14 still

yields positive skill compared to a reference climatological

forecast for the same period across the majority of the CONUS

domain during the summer (Fig. 6). Additionally, the skill of

the aggregated forecast is overall greater than forecasts for

just a single day (e.g., day 8, day 12), even day 8 as shown by

the deeper red shades in Fig. 6c than in Figs. 6a and 6b. This

improvement is particularly noticeable when comparing the

aggregated forecasts with a single day-14 forecast. Consider

the following example to demonstrate the utility of this type

of fire forecast. To redistribute shared resources across large

areas, a stakeholder may not need to know which single day

will have the worst fire conditions but just that the forecasted

fire conditions show above-normal conditions during week

two. Aggregating forecasts will enable the stakeholder to

make a more confident decision than if they were to refer to

any single day within the days 8–14 range.

7. Conclusions

We developed a framework that combines several statistical

postprocessing methods and the GEFF system to produce

skillful probabilistic fire-indicator forecasts for days 8–14. We

implemented four different parametric-based postprocessing

methods that were suitable for the eleven different meteoro-

logical variables. The variables included those that most in-

fluence fire behavior, spread, and intensity: cloud and snow

cover, surface temperature, relative humidity, and wind speed

and accumulated precipitation quantities. Our postprocessing

methods benefited from a large, 20-yr dataset of ECMWF re-

forecasts and corresponding ERA5 reanlaysis data for training

and verification. These reforecasts were key for the post-

processing models to identify and correct for systematic biases

in the raw ensemble forecasts, especially for extended lead

times. While we directly ran the GEFF with ERA5 reanalysis

data for verification, ECMWF has made a GEFF reanalysis

dataset based on ERA5 (Vitolo et al. 2020) available to the

public at: https://cds.climate.copernicus.eu/cdsapp#!/dataset/

cems-fire-historical?tab5overview.

We found that postprocessing the meteorological forecasts in-

put to the GEFF system led to improved skill of the fire-indicator

forecasts relative to benchmarks of raw and climatological fore-

casts. We showed results for the burning index (BI) fire indicator

during the summertime, but similar results were found for the

other NFDRS fire-indicators and seasons. The main takeaways

are that statistical postprocessing yielded more skillful BI fore-

casts relative to raw forecasts in all GACC regions and for all lead

times out to day 14.We found the postprocessed forecasts relative

to climatological forecasts to have positive skill in all GACC re-

gions. However, the skill degraded gradually with increased lead

time. Even still, we can expect positive skill in days 8–14 relative

to a climatological forecast. In contrast, if the raw forecast was

used, the skill became negative around days 8/9 and even sooner

in someGACC regions. These results underscore the importance

of statistical postprocessing to not only improve the skill of

the forecasts, but to even get any usable skill from NWP fire

forecasts at days 8–14. We quantified the reliability of above- and

below-normal forecasts of the BI and found that the raw forecasts

were overconfident and the degree of reliability varied for each

GACC region. Conversely, the postprocessed forecasts were no

longer overconfident and were consistently reliable across all

GACC regions, making it easier for a forecaster to issue a more

consistent nationwide forecast. Last, we examined the effect of

aggregating the postprocessed forecast days on the skill scores.

Averaging the forecasts over the days 8–14 period led to larger

positive skill scores across the CONUS domain than those gen-

erated for any single day in this period, including day 8. This result

suggests that themost skillful fire-indicator forecasts for week two

are aggregated ones.

We trained the postprocessing models using ERA5 rean-

alyses as a proxy for ‘‘observed’’ outcomes. Additionally, we

calculated the verification metrics using ERA5-based GEFF

outputs (i.e., ERA5 data ran through the GEFF system) rather

than observed fire events. While verification with meteoro-

logical data from observation sites and actual wildfire events

could be useful to train postprocessing models, it presents

many challenges. The observed wildfires do not allow for a

gridpoint-by-gridpoint verification and even if all of the

weather and fuels conditions are primed for a fire, a fire will not

occur unless there is an ignition, which leads to false alarms.

Therefore, the ERA5 reanalyses allowed for the best assess-

ment of the impact of our statistical postprocessing methods on

fire-indicator forecasts.

The framework and postprocessing algorithms developed

for this paper are being repeated with the latest GEFSv12

reforecasts (NOAA 2020) and then will be transferred to the

Climate Prediction Center for use in near-real-time operations.

The forecasts, in the form of probabilistic above- and below-

normal maps, will complement shorter-lead fire-weather and

fire-indicator forecasts offered by the NWS and the Wildland

Fire Assessment System. This paper focused on BI forecasts,

because of limited space and because the BI is commonly used

by fire managers to make strategic decisions. Since the GEFF

system outputs fuel responses and fire-indicator forecasts from

FIG. 6. CRPSS values of the BI during the summer for (a) day 8

and (b) day 14. (c) CRPSS values calculated with averaged post-

processed forecasts and averaged climatological reference fore-

casts spanning days 8–14. Red-shaded regions indicate positive skill

over a reference climatological forecast.
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three different fire danger ratings systems, any of the compo-

nents of those rating systems could be used as forecast tools. This

studywas limited to the CONUSdomain, but the postprocessing

methods in combination with the GEFF system have the po-

tential to produce skillful week-two forecasts anywhere if

given the representative meteorological and fuels data for the

region. Future work will try to leverage machine-learning ca-

pabilities to directly predict fire indicators and streamline the

process in operations by bypassing many of the individual

postprocessing steps.
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