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Abstract

There has been evidence of increasing fire activity in the United States since approximately the
1980s, now estimated to cause tens to hundreds of billions of dollars of damage per year.
Weather is one of the key drivers of fire activity, with hot, dry, and windy weather commonly
associated with high-risk conditions. We are still, however, developing an understanding of how
these weather variables have contributed to changing fire weather regimes over the last several
decades and whether these changes will continue into the future. In this work, we investigate the
effect of declining humidity in arid regions of the United States on fire weather trends. We find
that these drying trends have been the predominant contributor to historical increasing trends in
fire weather in the Western United States based on a common fire weather index, and that this
signal is largely missing from downscaled weather projections based on Earth system models.
Accordingly, a near-future (2020-2039) fire weather scenario derived from downscaled Earth
System Model data produces little to no change in the frequency of extreme fire weather days
across the Western United States. However, under a continued drying scenario, many regions in
the West experience 20—70% increases in the annual occurrence of extreme fire weather days.

1 Introduction

Wildfires in the United States have become more common over the last few decades with the
Western United States seeing upward trends in burn frequency, burn area, and destroyed
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buildings (1, 2). In a 2017 report, the direct monetary annualized costs, which include damages,
losses, and fire management costs, were estimated to be between $71 billion and $348 billion in
2016 dollars (3). The United States Congress Joint Economic Committee reported that
diminished real estate value and exposure to wildfire smoke are even more costly than property
damage alone, estimating total wildfire costs to be between $394 to $893 billion per year (4).

The factors driving these increases in fire risk are numerous and complex. To start, wildland fires
are fueled by vegetation, and therefore changes in vegetation drive corresponding changes in
wildfire regimes with industrially managed forests being more likely to burn with high severity
(5) and invasive grass species increasing fire occurrence by up to 230% (6). However, without a
human component, changes in vegetation would not drive changes in societal risk. Between 1945
and 2015, more than 330,000 buildings were added to fire-prone areas (7). The addition of new
buildings to wildfire hotspots has increased human exposure to fire risk, especially for low- and
intermediate-density settlements in the wildland-urban interface (7). Finally, there is substantial
evidence that historical changes in weather and climate, specifically in the warming and drying
of the atmosphere over the Western United States, have driven increases in fuel aridity leading to
increased burned area (8).

The phenomenon of atmospheric drying over land in the past several decades is well
documented, especially for the arid Western United States with concentrations in certain regions
of California, Nevada, Utah, Arizona, New Mexico, and Colorado (8, 9). Evidence of this trend
can be seen in increasing vapor pressure deficit and decreasing vapor pressure in the fifth major
global reanalysis produced by the European Centre for Medium-Range Weather Forecasts
(ERAS5) and meteorological observation stations from the Integrated Surface Database (9, 10).
There are several working theories for the cause of this phenomenon based on atmospheric
dynamics and moisture transport (11) and trends in terrestrial evapotranspiration (12). The
relevance of these trends with respect to fire weather has been superficially noted, although
without quantification of the impact to commonly used fire weather indices or future projections
of fire weather (9).

To estimate future changes in fire weather, many have turned to Earth system models (ESMs)
(13—15). Projections from ESMs such as those from the Coupled Model Intercomparison Project
Phase 6 (CMIP6) are currently the best method to explore possible future fire weather regimes
but have noted limitations in their spatial resolution and physical representation of certain fire
weather phenomena (16). These ESMs have led to an understanding that rising temperatures will
increase risky fire weather, with less confidence in changing patterns of precipitation and other
relevant weather variables (16, 17). Crucially, it has been found that the predominant signal for
atmospheric moisture over land in virtually all ESM simulations is on average an increase in
humidity in the arid and semi-arid regions of the world, contradicting recent observations of
drying trends (10). Indeed, others have found that downscaled ESM projections from the
Coupled Model Intercomparison Project Phase 5 (CMIP5; now superseded by CMIP6)
understate historical trends in fire weather (18). More sophisticated weighted ensembles of
ESMs based on fire weather skill can lead to reduced overall bias but are still unable to capture
the multidecadal upward trend of fire weather seen in historical reanalysis data (14).

Given the observed decline in atmospheric moisture over arid regions in the United States (9)
and the noted absence of these trends in future fire weather projections from ESMs (10), our goal
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here is threefold: (1) to quantify the relative importance of these drying trends in historical
changes in fire weather, (2) to investigate whether these trends are present in a variety of
downscaled ESM data products, and (3) to explore the impact on future fire weather projections
if the observed decline in relative humidity continues.

2 Results

2.1 Components of Historical Fire Weather Trends

The first question motivating the following results is: how has the observed drying trend in the
Western United States contributed to historical trends in changing fire weather? To answer this,
we calculate the Canadian Fire Weather Index (FWI) using historical reanalysis inputs from
ERAS and Daymet and estimate the isolated contribution from each of the four FWI input
variables: temperature, relative humidity, precipitation, and wind speed. Figure 1a shows a clear
upward trend in FWI over the 1980-2019 reanalysis period in the Western United States that
may have contributed to the increase in wildfires reported by others (2).

Perhaps more surprising, however, is the relative contribution of each of the weather variables to
this overall trend. As seen in Figure Ic, the largest contributor to the historical increases in FWI
in the Western United States is the declining trends in relative humidity. Increasing temperatures
do drive increases in FWI, as shown in Figure 1b, but the FWI trends are largely not statistically
significant despite the temperature trends themselves being statistically significant (19). In many
regions in the Western United States and especially the Southwest, the effect from declining
relative humidity can be two to four times more powerful than the effect from increasing
temperatures. Of course, changes in temperature also drive changes in relative humidity, but we
see in Supplementary Figure 2 that 60-97% of the relative humidity trends and 67-84% of the
FWI trends are caused by real changes in specific humidity, not changes in temperature driving
down relative humidity.

The effect from changes in precipitation shown in Figure 1d are more spatially variable than the
effect from temperature or relative humidity, but generally we see decreasing FWI from
increasing precipitation in the North Great Plains and increasing FWI from declining
precipitation in the Desert Southwest, although in the Desert Southwest this effect is still much
smaller in magnitude than the effect from relative humidity. Last, in Figure 1le, we see the effect
from changes in wind speed are smaller in magnitude than any of the other variables, although
we can see a slightly positive increase in FWI from increasing wind speeds along a narrow
vertical band in the Great Plains. Note there is substantial uncertainty in historical wind speed
trends (20-22), and the results in Figure 1e are of lower confidence than the other variables.

Seasonal FWI trends based on reanalysis with individual variable contributions are shown in
Supplementary Figure 3 through Supplementary Figure 6 and show similar relative contributions
of the four independent variables to the overall FWI trend with minor differences depending on
the region and season.

The FWI algorithm is a nonlinear function of the four independent variables, so we might expect
the sum of individual FWI trend contributions from each variable would not be equivalent to the
baseline calculation. However, Supplementary Figure 7 compares the baseline FWI trend to the
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sum of the four individual variable trends and shows that in most regions in the contiguous
United States, the sum of individual components is consistent in magnitude and spatial
distribution to the baseline nonlinear calculation, giving us confidence that the decomposition in
Figure 1 is meaningful. We do see some regions in Supplementary Figure 7 (e.g., the Cascade
and Sierra mountain ranges) where the sum of contributions results in a much smaller FWI trend
than the baseline calculation, indicating compounding factors are dominant here and the overall
trend in FWI cannot be explained by the drying trend alone.

Baseline Temperature Relative Humidity

Change in FWI per Year

Figure 1. Historical trends of the annual Canadian Fire Weather Index (FWI) calculated from ERA5
and Daymet reanalysis data over the period 1980-2019. (a) Baseline historical FWI trend. (b)
Historical trend based only on changes in near-surface air temperature. (c) Historical trend based
only on changes in near-surface relative humidity. (d) Historical trend based only on changes in
precipitation. (e) Historical trend based only on changes in near-surface wind speed. For panels
(b—e), all variables other than the variable of interest are held constant at their 40-year historical
mean value per pixel. Stippling indicates statistically significant trends (p < 0.05).

2.2 Humidity in Downscaled Earth System Model Data

Given the importance of declining relative humidity for historical changes in FWI illustrated in
Figure 1 and the prevalence of fire weather projections derived from downscaled ESMs, we now
ask to what extent different downscaling methods reproduce observed historical trends in relative
humidity. The ESMs that are downscaled generally contradict observed humidity trends (10),
and others have noted downscaling necessarily imports these errors (16). In Figure 2, we confirm
this is true for four unique downscaling data products, with methods including generative
machine learning, physics-based dynamical downscaling, and bias-correction-based statistical
downscaling.

All four downscaled datasets assessed in Figure 2 generally reproduce trends found in the source
ESM projections to varying degrees, with minor deviations depending on the method. In panels b
and h of Figure 2, we can see the generative machine learning dataset Super-Resolution for
Renewable Energy Resource Data with Climate Change Impacts (Sup3rCC) and the statistically
downscaled dataset NASA Earth eXchange Global Daily Downscaled Projections (NASA-NEX-
GDDP) strongly preserve their input trends with only minor deviation in magnitude and some
elevation-dependence in Sup3rCC. This is expected given these are primarily statistical methods
designed explicitly to preserve input trends. The physical downscaling methods, however, do not
have these constraints.
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The physical downscaling methods used in the Western United States Dynamically Downscaled
Dataset (WUS-D3)and the Regional Climate Model version 4 (RegCM4) datasets shown in
panels d and f of Figure 2 have greater deviations in both spatial patterning and trend magnitude
but still preserve large-scale spatial trends from the source ESM. Interestingly, RegCM4 (and to
a lesser extent WUS-D3) increases the relative humidity trend in the WUS when compared to the
source ESM trend, which is in contradiction of the observations.

Seasonal patterns in relative humidity show similar results in Supplementary Figure 8 through
Supplementary Figure 11 with ERAS showing substantial drying trends in all four seasons. Some
of the downscaled data and ESM pairs show substantial drying in the Western United States in
certain seasons (for example in NASA-NEX-GDDP in the Fall; Supplementary Figure 11), but
we see that this effect is only seasonal and averages out to minimal changes in Figure 2.

The spatial pattern of relative humidity trends varies substantially based on the individual
realization of the source ESM, with each ESM showing varying levels of drying in the Western
United States, although all at least an order of magnitude less than the observed trends. Although
we only show one realization per downscaled dataset here, we focus on an ESM that was
available in all downscaled data products with the best historical performance (23), and others
have confirmed that the discrepancy of drying trends in the Western United States is a problem
with virtually all ESMs from CMIP6 (10).
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Figure 2. Trends in 1980-2019 annual near-surface relative humidity from (a) ERAS5, (b, c) Sup3rCC
and source ESM, (d, e) WUS-D3 and source ESM, (f, g) RegCM4 and source ESM, (h, i) NASA-NEX-
GDDP and source ESM. Projections are based on the ESM MPI-ESM1.2-HR with the “historical”
CMIP6 simulation through 2014 and after 2014: SSP2-4.5 r1i1p1f1 for (b, c), SSP3-7.0 r3i1p1f1 for
(d, e), and SSP5-8.5 r1i1p1f1 for (f—i). The trend was calculated in (a—e) using daily minimum
relative humidity, whereas in (f—i) using daily average relative humidity. Stippling indicates
statistically significant trends (p < 0.05).

2.3 Humidity in Projections of Fire Weather

We now look to the impacts of the relative humidity trend discrepancy in long-term projections
of the FWI. Considering the importance of historical declines in relative humidity for the FWI
and the humidity bias in ESM projections, we can reasonably expect future projections will show
substantially lower rates of increasing FWI compared to the observed historical trends. Indeed, in
Figure 3, we can see the average 1980-2019 FWI trend calculated from the reanalysis data is
frequently three to six times greater in the Western United States than the 2000-2039 trend
calculated from the Sup3rCC five-member ensemble.

The FWI projections based on the Sup3rCC downscaled data shown in Figure 3b estimate a
relatively spatially uniform increase in FWI across most of the contiguous United States based
mostly on projected increases in air temperature. As shown in previous Sup3rCC documentation
(24), there is less spatially coherent agreement on changes in relative humidity, precipitation, and
wind speed, leading these variables to have a smaller contribution to average projected change in
FWI.

To study future FWI projections under a continued drying scenario, we propose a simple method
(detailed in Section 4.3) for enforcing the historical trend in relative humidity in our future
projections of FWI by trend-correcting a downscaled relative humidity dataset. This is not a
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perfect solution to the relative humidity problem, as it degrades the physical coherence of
variables in the downscaled simulations, and we further discuss the motivation and limitations in
Section 3. Nevertheless, we can see in Figure 3¢ that the trend-corrected projections substantially
improve the FWI trends when compared to historical reanalysis trends.

Of course, the observed declines in relative humidity over the last four decades may be a
temporary transient that could reverse back to a moistening trend, ultimately proving the ESM-
based FWI projections to be skillful. However, if there are physical processes driving persistent
humidity trends that are systematically misrepresented in the ESMs as proposed by (10), then
ESM-based projections may prove to substantially underestimate future FWI trends.

Reanalysis Sup3rCC Baseline Sup3rCC Continued Drying 0.3

0.1

Change in FWI per Year
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o 19 O
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Figure 3. Trends in annual FWI based on (a) reanalysis data from ERA5 and Daymet over the time
period 1980-2019, (b) Sup3rCC five-member ensemble over the time period 2000-2039, (c)
continued drying scenario based on Sup3rCC five-member ensemble with trend-corrected relative
humidity. Stippling indicates statistically significant trends (p < 0.05), and for panels (b) and (c),
stippling also indicates three or more ensemble members agree on a statistically significant trend.

Figure 4 shows the results from the five-member Sup3rCC projections with and without the
relative humidity trend correction using the metric of increase in number of days per year above
the historical 95th percentile FWI (this threshold calculated per pixel from the 2000-2019 time
period for each Sup3rCC member). We focus on increases here because, as shown in
Supplementary Figure 12, there are almost no regions that show a projected decrease in extreme
fire weather days.

Without the trend correction of relative humidity, we see little to no change in extreme fire
weather days in the Western United States through the next two decades, including many regions
without statistically significant changes in FWI distributions. With trend correction, we see many
more extreme FWI days per year in the next two decades with notable hot spots in the California
Central Valley and Northeast Colorado/Southwest Nebraska seeing more than 14 additional
extreme fire weather days per year. We also see regions in Eastern Washington and Oregon, and
in the Desert Southwest with 4-10 additional extreme days per year. Because our 95" percentile
threshold sets 18 extreme fire weather days per location per year in the historical period, these
regional increases represent a 20-70% increase in the rate of extreme days. Anecdotally, these
trend-corrected projections appear to better match how wildfires have changed in the Western
United States (especially extreme wildfires) since the 1980s (2).
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We see how the projections vary in seasonal 95th percentile FWI in Supplementary Figure 13
through Supplementary Figure 17. We see that, in the winter, FWI conditions become more
extreme in the Western United States with major impacts from the relative humidity trends
(Supplementary Figure 14), whereas in the summer, FWI conditions become much more extreme
in the Midwest with minor impact from relative humidity trends (Supplementary Figure 15). Fall
months also see substantial increases throughout the Great Plains (Supplementary Figure 17),
whereas spring months see the smallest changes of any season (Supplementary Figure 16).

Sup3rCC Baseline Sup3rCC Continued Drying

Change in Number of Days per Year

Figure 4. Increase in number of extreme fire weather days per year from 2000-2019 to 2020-2039
based on (a) Sup3rCC five-member ensemble and (b) continued drying scenario based on
Sup3rCC five-member ensemble with trend-corrected relative humidity. Extreme fire weather days
are defined as days with FWI above the 95th percentile value calculated per pixel over the 2000—
2019 period. Stippling indicates where three or more ensemble members agree on an increase in
extreme FWI days and a statistically significant shift in 20-year distributions (p < 0.05).

3 Discussion and Conclusion

In this work, relative humidity emerges as the dominant driver of both historical and projected
trends in fire weather across the Western United States. While temperature and precipitation
contribute to fire weather variability, declines in relative humidity in many regions exert an
effect several times larger as measured by the Canadian FWI. This result implies that drying in
the actual atmospheric water vapor content (specific humidity) is a key mechanism underlying
the observed increase in fire weather risk and that the divergence between observations and ESM
simulations reported by (10) is crucial for understanding changes in fire weather. (10) suggests
that observed aridification may arise from lower land-surface moisture availability or more
efficient drying processes than represented in many ESMs. Under warming, evapotranspiration
initially increases, but once surface moisture becomes limiting, specific humidity cannot
continue to rise and atmospheric drying results. Additional model biases such as excessive
evaporation, errors in moisture transport, or unrealistic coupling between atmospheric moisture
and precipitation may further contribute to discrepancies between simulated and observed
moisture trends. These structural differences suggest that near-term projections derived from
ESMs may inherit biases in atmospheric moisture dynamics, particularly in specific and relative
humidity, with implications for interpreting projected changes in fire weather risk.
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ESMs are frequently downscaled to more regional climates before being used to estimate fire
weather risk, however, we find four unique methods of downscaling ESM projections all carry
forward this discrepancy in humidity trends. As such, fire weather metrics derived from
downscaled ESM data products are highly likely to underestimate the upward trend of fire
weather in the Western United States over the historical time period. There are several such
downscaled data products currently in use for real-world decision-making on future fire risk (25—
28). We cannot reliably assess the skill of these downscaled data products for the future time
period without future observations, yet based on the inaccurate representation of declining
relative humidity over the historical period, caution may be warranted in using these projections
as a foundation for real-world fire weather resilience decision-making. The drying trends
observed in the Western United States since approximately the 1980s could prove to be
temporary; however, if the physical processes related to humidity are systematically
misrepresented in ESMs, as suggested by (10), then these downscaled ESM-based projections
are likely to substantially underestimate future FWI trends.

To study a continued drying fire weather scenario, we propose trend-correcting the relative
humidity variable in downscaled projections. This assumes the observed declines in relative
humidity in the Western United States will continue into the future (time stationarity). This
approach is not intended as a physics-based or final solution to the humidity biases in ESMs, but
rather as an interim method for assessing the sensitivity of future FWI projections to the
observed historical drying trend. The trend correction corrupts the physical coherence between
variables, and physics-informed simulations would manifest the impacts of this change on other
related variables. Nevertheless, this approach has merit in its contribution of a hypothetical
continued drying scenario, which may be useful in the near-term before we fully understand the
role of humidity trends in the Earth system. The motivation for considering trend-corrected
humidity projections is that ESMs contradict observations crucial to the quantification of
changing fire weather, which could lead us to inadequately prepare today for the fire weather of
tomorrow. Planning for future changes in fire weather based on current ESM data (Figure 3b)
largely ignores substantial historical changes (Figure 3a). Ultimately, fire weather projections
with trend-corrected humidity may not prove to be skillful representation of future changes, but
we hope these projections will serve as a useful quantification of the importance and uncertainty
in humidity trends, spurring conversation and improvement in our understanding of changing fire
weather regimes.

4 Materials and Methods
4.1 Fire Weather Index

Throughout this work, we use the FWI as a metric for quantifying the overall fire risk from
weather factors (29). The FWI uses daily atmospheric weather variable inputs to estimate the risk
of fire ignition and spread. Notably, the metric does not include vegetation or fuel availability
(although it does indirectly model fuel moisture content), sources of ignition, or fire suppression.
We use the FWI here instead of other similar fire weather metrics because of its ubiquity in
similar studies (14, 15, 18). There are a number of similar commonly used fire weather metrics,
but they consist primarily of similar combinations of the same weather variables, and the
Canadian FWI has previously been recommended as the most skillful (30).
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The FWI takes in daily metrics from four weather variables. For our calculations, we use daily
maximum temperature, daily minimum relative humidity, daily average wind speed, and daily
total precipitation. We use these daily extrema in temperature and humidity as they drive more
extreme fire weather conditions than daily averages alone.

To study the isolated contribution of each of the four weather input variables to the overall FWI
trends, we run four calculations based on historical reanalysis data, where three of the four input
variables are held constant at their 1980-2019 mean value (per pixel), whereas the fourth
variable is the original time series data. This effectively calculates the partial derivative of the
FWI with respect to the historical trends of each input variable. This is in addition to the normal
FWI calculation based on the original reanalysis input data with no variables held constant.

4.2 Data Sources

For historical analysis, we use ERAS reanalysis data (31) for temperature, humidity, and wind
speeds combined with Daymet v4 data (32) for precipitation. ERAS is used at its native 31-km
resolution, and Daymet v4 is aggregated from its native 4-km resolution to the ERAS grid.

We use gridded reanalysis data for historical weather, relying on previous validation showing
that ERAS performs adequately for historical extreme heat events (33, 34) and humidity trends
(9, 10) and that Daymet performs adequately for historical precipitation (32). Wind data is more
challenging, and we acknowledge the spatial resolution of ERAS is unlikely to properly resolve
extreme wind events (35) that can drive extreme wildfire conditions. Given the active debate and
associated uncertainty in historical trends and changing wind regimes (20-22), we accept the
ERAS wind data as adequate for this study given wind’s relatively small contribution to overall
trends.

For future projections, we evaluate a number of downscaling methods and source ESM datasets.
We aim to represent a wide range of downscaled data products each with unique methods that
are commonly used throughout the literature. Downscaled datasets represent substantial effort,
compute costs, and storage volumes. Accordingly, not all downscaled datasets have the same
ESMs, shared socioeconomic pathways (SSPs), or simulation variants. In the near-future through
2040, the uncertainty from different SSPs is typically smaller than that from natural variability or
model formulation (36, 37), so here we focus on comparisons across downscaling products with
the same ESM.

For a machine learning downscaled product, we evaluate the Sup3rCC v0.2.2 dataset. This
downscaling product uses generative adversarial networks, a form of generative machine
learning, to downscale 100-km daily ESM data to 4-km hourly data (24, 38). We use five
members of the Sup3rCC dataset, each from the SSP2-4.5.

For physics-based dynamically downscaled data, we use the WUS-D3 (39) and data produced
with the RegCM4 (40). The WUS-D3 dataset is downscaled using the Weather Research and
Forecast model based on the SSP3-7.0 and is available at a 9-km hourly resolution over the
Western United States. (all other datasets are available over all of the contiguous United States).
The RegCM4 data was produced for SSP5-8.5 at a 25-km resolution before daily outputs were
bias corrected to 4 km using Daymet v4.

10
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For a purely statistical downscaling method, we use the NASA-NEX-GDDP version 1.0 (41).
This dataset was downscaled using the bias-correction with spatial disaggregation method to
approximately a 25-km resolution based on CMIP6 data. Although multiple SSPs are available
for NASA-NEX-GDDP, we only use the SSP5-8.5 scenario, which compares directly against the
RegCM4 dataset.

Another widely used family of statistical downscaling methods is based on the constructed
analog approach. Although constructed analog downscaling approaches are not considered here,
there have been previous studies demonstrating fire risk derived from downscaled data using
these methods understates historical fire weather trends while highlighting relative humidity
model biases as a driving factor (18).

For the four downscaled CMIP6 projection datasets, we compare relative humidity trends for a
single downscaled ESM based on the higher-resolution version of the Max Planck Institute Earth
System Model (MPI-ESM1.2-HR) (42) alongside the source ESM trends without downscaling.
For the relative humidity trends, we use only a single ESM realization for comparison to
illustrate the trends in the source ESM simulation and to directly show how each downscaling
method handles these trends. We select MPI-ESM1.2-HR as the best performing ESM that was
available in all downscaled data products based on a rigorous evaluation of CMIP6 ESMs over
the contiguous United States (23).

We are limited by data availability in the downscaled data products, so we compare different
SSPs and variants across the four downscaling products: SSP2-4.5 rlilp1fl for Sup3rCC, SSP3-
7.0 r311p1fl for WUS-D3, SSP5-8.5 rlilplfl for RegCM4, and SSP5-8.5 rlilpl1fl for NASA-
NEX-GDDP. All data products use the “historical” CMIP6 simulation through the year 2014
with the noted SSP simulations starting in 2015. Additionally, we focus on daily minimum
relative humidity for the hourly downscaled datasets Sup3rCC and WUS-D3, as daily minimum
relative humidity typically corresponds with the greatest fire weather risk. Unfortunately,
RegCM4 and NASA-NEX-GDDP only contain daily average relative humidity, so we only
present the trends in daily average values for these datasets. Despite the heterogeneity of ESM
realizations and daily minimum versus average relative humidity, we see comparable results
across all ESMs and downscaled data products.

A summary of all the data sources used in this work, the variables used, and what they were used
to calculate is presented in Table 1.

Table 1. Data sources used in this work.

Name Temporal Variables Used Used to Calculate Notes
Extent Used

ERAS 1980-2019 Near-surface daily | FWI trends, relative | (31)
maximum humidity trends,
temperature, daily | relative humidity
minimum relative | trend corrections for
humidity, daily Sup3rCC
average windspeed

Daymet 1980-2019 Daily total FWI trends (32)
precipitation

11
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Sup3rCC 1980-2039 Near-surface daily | FWI trends, relative | Used five ensemble
maximum humidity trends, members based on EC-
temperature, daily | projected changes in | Earth3-CC, EC-Earth3-
minimum relative FWI extreme days Veg, GFDL-CM4, MPI-
humidity, daily and FWI statistics ESM-1.2-HR, and
average TaiESM1 all from SSP2-
windspeed, daily 4.5 rlilplfl (24, 38)
total precipitation

WUS-D3 1980-2019 Daily minimum Relative humidity Based on MPI-ESM-1.2-
near-surface trends HR SSP3-7.0 r3ilp1fl
relative humidity (39)

RegCM4 1980-2019 Daily average Relative humidity Based on MPI-ESM-1.2-
Near-surface trends HR SSP5-8.5 rlilplfl
relative humidity (40)

NASA-NEX- 1980-2019 Daily average Relative humidity Based on MPI-ESM-1.2-

GDDP Near-surface trends HR SSP5-8.5 rlilplfl
relative humidity (41

MPI-ESM-1.2- | 1980-2019 Daily average and | Relative humidity SSPs and variants

HR daily minimum trends corresponding to the
Near-surface downscaled data products
relative humidity (42)

4.3 Trends in Humidity and the Canadian Fire Weather Index

For the calculation of trends in relative humidity and FWI, we fit a linear regression to the daily
average time series per pixel over the period of interest and then report the slope of that line in
units of change per year (change in relative humidity or FWI). For example, when calculating the
annual trend in FWI for ERAS over 1980-2019, we fit a linear regression y = mx + b where y
is the 14,610 daily FWI values (365 days for 40 years plus 10 leap days), x € R is the evenly-
spaced time index in the range [0, 40) for the 40 years, b is a y-intercept (not reported), and m is
the reported trend in units of change in FWI per year. For seasonal trends, we apply a mask to
the daily data before fitting the linear regression such that we are fitting only the days belonging
to each respective season. We implemented daily data trends for simplicity instead of fitting
monthly or annual mean values and found minimal differences when spot checking daily versus

monthly trends.

We report measures of statistical significance for relative humidity and FWI trends and
distribution shifts. For 40-year daily trends in Section 2.1 and 2.2, statistical significance was
assessed at each pixel using heteroskedasticity- and autocorrelation-consistent standard errors
(43) with significance evaluated at the 5% level (p < 0.05). The statistical significance of daily
trends is evaluated only for the entire 40-year daily time series and not for unevenly spaced

seasonal time series.

For distribution shifts and changes in extreme FWI metrics in Section 2.3, we use the

Kolmogorov-Smirnov test (44) at each pixel to compare daily FWI distributions from the 2000—
2019 time period to the 2020-2039 time period with significance evaluated again at the 5% level
(p < 0.05). The statistical significance of distribution shifts from 2000-2019 to 2020-2039 is
evaluated using the distributions of multiyear annual daily FWI values from the 20-year periods
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as well as the distributions of daily values from only the respective multiyear seasonal daily
value distributions.

To study how projections of FWI might differ if the observed drying trends continue, we study
projections with the historical 40-year drying trend superimposed on the ESM-based projections.
To do this, we calculate the 40-year linear fits for ERAS and the source ESMs used in Sup3rCC,
both over the time period 1980-2019. We linearly interpolate the fit parameters across space
onto the Sup3rCC grid such that they can be compared against each other (ERAS versus ESM) at
every higher-resolution Sup3rCC pixel. We vertically y-shift the ESM trend so that it intercepts
the ERAS trend on January 1, 2010, such that there is no correction performed in the middle of
our “historical” period, which we define as 2000-2019. Finally, at every pixel and every
timestep in the Sup3rCC data, we calculate a correction factor as the ratio of the ERAS linear
regression divided by the ESM linear regression and multiply the Sup3rCC relative humidity by
this value. This procedure is described by Equation 1:

- M x+B
RH = RH ——2R43 ERAS Equation 1
Mgsyx + Bgsy + Agsy

where RH is the trend-corrected relative humidity based on the original downscaled relative
humidity RH, Mgr4s and Bggrys are the slope and y-intercept of the linear regression of the
ERAS relative humidity data, Mg, and Bgg), are the slope and y-intercept of the linear
regression of the ESM relative humidity data, x € R is a real-valued time index for the Sup3rCC
temporal extent, and Aggy, is a y-shift factor that makes the ESM trend line intercept the ERAS
trend line in 2010. RH values greater than 100 are prevented in the calculation of the FWI. This
procedure is illustrated for a single location in Supplementary Figure 1.

5 Data Availability

This work is based entirely on the publicly available data sources listed in Table 1. Distilled
results will be publicly released via the Open Energy Data Initiative upon acceptance of this
manuscript.
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563 Supplementary Figure 2. Historical trends in daily minimum relative humidity (RH) versus trends
564 in RH from only changes in specific humidity (q) (i.e., no changes in RH due to change in
565 temperature) and the resulting trends in FWI. Data is taken at single reanalysis pixels from 1980-
566 2019 in six states in the Southwest that have large positive historical FWI trends. Similar to Figure
567 1c, the FWI trends are calculated with fixed average temperature, wind speed, and precipitation
568 inputs to isolate the effects of changing humidity on the FWI.
569
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Supplementary Figure 3. Historical trends of the winter (December, January, February) Canadian

Fire Weather Index (FWI) calculated from ERA5 and Daymet reanalysis data over the period 1980—

2019. (a) Baseline historical FWI trend. (b) Historical trend based only on changes in near-surface

air temperature. (c) Historical trend based only on changes in near-surface relative humidity. (d)

Historical trend based only on changes in precipitation. (e) Historical trend based only on
changes in near-surface wind speed. For panels (b—e), all variables other than the variable of
interest are held constant at their 40-year historical mean value per pixel. Stippling indicates
statistically significant trends (p < 0.05).

Baseline Temperature Relative Humidity

Change in FWI per Year

Supplementary Figure 4. Historical trends of the summer (June, July, August) Canadian FWI
calculated from ERAS5 and Daymet reanalysis data over the period 1980-2019. (a) Baseline
historical FWI trend. (b) Historical trend based only on changes in near-surface air temperature.
(c) Historical trend based only on changes in near-surface relative humidity. (d) Historical trend
based only on changes in precipitation. (e) Historical trend based only on changes in near-surface
wind speed. For panels (b—e), all variables other than the variable of interest are held constant at
their 40-year historical mean value per pixel. Stippling indicates statistically significant trends (p <
0.05).
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Supplementary Figure 5. Historical trends of the spring (March, April, May) Canadian FWI
calculated from ERAS5 and Daymet reanalysis data over the period 1980-2019. (a) Baseline
historical FWI trend. (b) Historical trend based only on changes in near-surface air temperature.
(c) Historical trend based only on changes in near-surface relative humidity. (d) Historical trend
based only on changes in precipitation. (e) Historical trend based only on changes in near-surface
wind speed. For panels (b—e), all variables other than the variable of interest are held constant at
their 40-year historical mean value per pixel. Stippling indicates statistically significant trends (p <
0.05).

Baseline Temperature Relative Humidity

Change in FWI per Year

Supplementary Figure 6. Historical trends of the fall (September, October, November) Canadian
FWI calculated from ERA5 and Daymet reanalysis data over the period 1980-2019. (a) Baseline
historical FWI trend. (b) Historical trend based only on changes in near-surface air temperature.
(c) Historical trend based only on changes in near-surface relative humidity. (d) Historical trend
based only on changes in precipitation. (e) Historical trend based only on changes in near-surface
wind speed. For panels (b—e), all variables other than the variable of interest are held constant at
their 40-year historical mean value per pixel. Stippling indicates statistically significant trends (p <
0.05).
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611 Supplementary Figure 7. Comparison of baseline historical trends of the annual Canadian FWI (a)
612 against the sum of individual variable contributions (b) from temperature, relative humidity,
613 precipitation, and wind speed. Panels (c) and (d) show the residual (i.e., difference in trend)
614 between the baseline FWI calculation and the sum of individual contributions in absolute and
615 relative units, respectively. For relative residuals (d), pixels with absolute baseline trends less
616 than 0.05 per year are not shown to avoid divide by zero operations and appear as white.
617
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619 Supplementary Figure 8. Trends in 1980-2019 winter (December, January, February) near-surface
620 relative humidity from (a) ERAS5, (b, ¢) Sup3rCC and source ESM, (d, e) WUS-D3 and source ESM,
621 (f, g) RegCM4 and source ESM, (h, i) NASA-NEX-GDDP and source ESM. Projections are based on
622 the ESM MPI-ESM1.2-HR with the “historical” CMIP6 simulation through 2014 and after 2014:
623 SSP2-4.5 r1i1p1f1 for (b, c), SSP3-7.0 r3i1p1f1 for (d, e), and SSP5-8.5 r1i1p1f1 for (f—i). The trend
624  was calculated in (a—e) using daily minimum relative humidity, whereas in (f—i) using daily average
625 relative humidity. Stippling indicates statistically significant trends (p < 0.05).

626

22



Sup3rCC MPI-ESM1.2-HR SSP2-4.5

0.3

0.2

ro.1

0.0

|
o
-

Change in Relative Humidity per Year

g 'y "'\
627 -03

628 Supplementary Figure 9. Trends in 1980-2019 summer (June, July, August) near-surface relative
629 humidity from (a) ERAS5, (b, ¢) Sup3rCC and source ESM, (d, e) WUS-D3 and source ESM, (f, g)
630 RegCM4 and source ESM, (h, i) NASA-NEX-GDDP and source ESM. Projections are based on the
631 ESM MPI-ESM1.2-HR with the “historical” CMIP6 simulation through 2014 and after 2014: SSP2-4.5

632 r1i1p1f1 for (b, c), SSP3-7.0 r3i1p1f1 for (d, e), and SSP5-8.5 r1i1p1f1 for (f-i). The trend was
633 calculated in (a—e) using daily minimum relative humidity, whereas in (f-i) using daily average
634 relative humidity. Stippling indicates statistically significant trends (p < 0.05).

635
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Supplementary Figure 10. Trends in 1980-2019 spring (March, April, May) near-surface relative
humidity from (a) ERAS5, (b, ¢) Sup3rCC and source ESM, (d, e¢) WUS-D3 and source ESM, (f, g)
RegCM4 and source ESM, (h, i) NASA-NEX-GDDP and source ESM. Projections are based on the
ESM MPI-ESM1.2-HR, with the “historical” CMIP6 simulation through 2014 and after 2014: SSP2-
4.5 r1i1p1f1 for (b, c), SSP3-7.0 r3i1p1f1 for (d, e), and SSP5-8.5 r1i1p1f1 for (f-i). The trend was
calculated in (a—e) using daily minimum relative humidity, whereas in (f-i) using daily average

relative humidity. Stippling indicates statistically significant trends (p < 0.05).
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646 Supplementary Figure 11. Trends in 1980-2019 fall (September, October, November) near-surface
647 relative humidity from (a) ERAS5, (b, ¢) Sup3rCC and source ESM, (d, e) WUS-D3 and source ESM,
648 (f, g) RegCM4 and source ESM, (h, i) NASA-NEX-GDDP and source ESM. Projections are based on
649 the ESM MPI-ESM1.2-HR with the “historical” CMIP6 simulation through 2014 and after 2014:
650 SSP2-4.5 r1i1p1f1 for (b, c), SSP3-7.0 r3i1p1f1 for (d, e), and SSP5-8.5 r1i1p1f1 for (f—i). The trend
651 was calculated in (a—e) using daily minimum relative humidity, whereas in (f—i) using daily average
652 relative humidity. Stippling indicates statistically significant trends (p < 0.05).
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654
655 Supplementary Figure 12. Decrease in number of extreme fire weather days per year from 2000-
656 2019 to 2020-2039 based on (a) Sup3rCC five-member ensemble and (b) continued drying
657 scenario based on Sup3rCC five-member ensemble with trend-corrected relative humidity.
658 Extreme fire weather days are defined as days with FWI above the 95th percentile value calculated
659 per pixel over the 2000-2019 period. Stippling indicates where three or more ensemble members
660 agree on a decrease in extreme FWI days and a statistically significant shift in 20-year
661 distributions (p < 0.05).

25



676

Sup3rCC Baseline Sup3rCC Continued Drying 10

Change in 95th Percentile FWI

Supplementary Figure 13. Increase in the annual 95th percentile FWI from 2000-2019 to 2020-2039
based on (a) Sup3rCC five-member ensemble and (b) continued drying scenario based on
Sup3rCC five-member ensemble with trend-corrected relative humidity. Stippling indicates where
three or more ensemble members agree on an increase in 95th percentile FWI and a statistically
significant shift in 20-year distributions (p < 0.05).
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Supplementary Figure 14. Increase in the winter (December, January, February) 95th percentile
FWI from 2000-2019 to 2020-2039 based on (a) Sup3rCC five-member ensemble and (b) continued
drying scenario based on Sup3rCC five-member ensemble with trend-corrected relative humidity.

Stippling indicates where three or more ensemble members agree on an increase in 95th
percentile FWI and a statistically significant shift in 20-year distributions (p < 0.05).
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Supplementary Figure 15. Increase in the summer (June, July, August) 95th percentile FWI from
2000-2019 to 2020—-2039 based on (a) Sup3rCC five-member ensemble and (b) continued drying
scenario based on Sup3rCC five-member ensemble with trend-corrected relative humidity.
Stippling indicates where three or more ensemble members agree on an increase in 95th
percentile FWI and a statistically significant shift in 20-year distributions (p < 0.05).
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Supplementary Figure 16. Increase in the spring (March, April, May) 95th percentile FWI from
2000—2019 to 2020—2039 based on (a) Sup3rCC five-member ensemble and (b) continued drying
scenario based on Sup3rCC five-member ensemble with trend-corrected relative humidity.
Stippling indicates where three or more ensemble members agree on an increase in 95th
percentile FWI and a statistically significant shift in 20-year distributions (p < 0.05).

Sup3rCC Baseline Sup3rCC Continued Drying 10

Change in 95th Percentile FWI

Supplementary Figure 17. Increase in the fall (September, October, November) 95th percentile FWI
from 2000-2019 to 2020-2039 based on (a) Sup3rCC five-member ensemble and (b) continued
drying scenario based on Sup3rCC five-member ensemble with trend-corrected relative humidity.
Stippling indicates where three or more ensemble members agree on an increase in 95th
percentile FWI and a statistically significant shift in 20-year distributions (p < 0.05).
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