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Abstract 15 

There has been evidence of increasing fire activity in the United States since approximately the 16 

1980s, now estimated to cause tens to hundreds of billions of dollars of damage per year. 17 

Weather is one of the key drivers of fire activity, with hot, dry, and windy weather commonly 18 

associated with high-risk conditions. We are still, however, developing an understanding of how 19 

these weather variables have contributed to changing fire weather regimes over the last several 20 

decades and whether these changes will continue into the future. In this work, we investigate the 21 

effect of declining humidity in arid regions of the United States on fire weather trends. We find 22 

that these drying trends have been the predominant contributor to historical increasing trends in 23 

fire weather in the Western United States based on a common fire weather index, and that this 24 

signal is largely missing from downscaled weather projections based on Earth system models. 25 

Accordingly, a near-future (2020–2039) fire weather scenario derived from downscaled Earth 26 

System Model data produces little to no change in the frequency of extreme fire weather days 27 

across the Western United States. However, under a continued drying scenario, many regions in 28 

the West experience 20–70% increases in the annual occurrence of extreme fire weather days. 29 

1 Introduction 30 

Wildfires in the United States have become more common over the last few decades with the 31 

Western United States seeing upward trends in burn frequency, burn area, and destroyed 32 
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buildings (1, 2). In a 2017 report, the direct monetary annualized costs, which include damages, 33 

losses, and fire management costs, were estimated to be between $71 billion and $348 billion in 34 

2016 dollars (3). The United States Congress Joint Economic Committee reported that 35 

diminished real estate value and exposure to wildfire smoke are even more costly than property 36 

damage alone, estimating total wildfire costs to be between $394 to $893 billion per year (4).  37 

The factors driving these increases in fire risk are numerous and complex. To start, wildland fires 38 

are fueled by vegetation, and therefore changes in vegetation drive corresponding changes in 39 

wildfire regimes with industrially managed forests being more likely to burn with high severity 40 

(5) and invasive grass species increasing fire occurrence by up to 230% (6). However, without a 41 

human component, changes in vegetation would not drive changes in societal risk. Between 1945 42 

and 2015, more than 330,000 buildings were added to fire-prone areas (7). The addition of new 43 

buildings to wildfire hotspots has increased human exposure to fire risk, especially for low- and 44 

intermediate-density settlements in the wildland-urban interface (7). Finally, there is substantial 45 

evidence that historical changes in weather and climate, specifically in the warming and drying 46 

of the atmosphere over the Western United States, have driven increases in fuel aridity leading to 47 

increased burned area (8).  48 

The phenomenon of atmospheric drying over land in the past several decades is well 49 

documented, especially for the arid Western United States with concentrations in certain regions 50 

of California, Nevada, Utah, Arizona, New Mexico, and Colorado (8, 9). Evidence of this trend 51 

can be seen in increasing vapor pressure deficit and decreasing vapor pressure in the fifth major 52 

global reanalysis produced by the European Centre for Medium-Range Weather Forecasts 53 

(ERA5) and meteorological observation stations from the Integrated Surface Database (9, 10). 54 

There are several working theories for the cause of this phenomenon based on atmospheric 55 

dynamics and moisture transport (11) and trends in terrestrial evapotranspiration (12). The 56 

relevance of these trends with respect to fire weather has been superficially noted, although 57 

without quantification of the impact to commonly used fire weather indices or future projections 58 

of fire weather (9).  59 

To estimate future changes in fire weather, many have turned to Earth system models (ESMs) 60 

(13–15). Projections from ESMs such as those from the Coupled Model Intercomparison Project 61 

Phase 6 (CMIP6) are currently the best method to explore possible future fire weather regimes 62 

but have noted limitations in their spatial resolution and physical representation of certain fire 63 

weather phenomena (16). These ESMs have led to an understanding that rising temperatures will 64 

increase risky fire weather, with less confidence in changing patterns of precipitation and other 65 

relevant weather variables (16, 17). Crucially, it has been found that the predominant signal for 66 

atmospheric moisture over land in virtually all ESM simulations is on average an increase in 67 

humidity in the arid and semi-arid regions of the world, contradicting recent observations of 68 

drying trends (10). Indeed, others have found that downscaled ESM projections from the 69 

Coupled Model Intercomparison Project Phase 5 (CMIP5; now superseded by CMIP6) 70 

understate historical trends in fire weather (18). More sophisticated weighted ensembles of 71 

ESMs based on fire weather skill can lead to reduced overall bias but are still unable to capture 72 

the multidecadal upward trend of fire weather seen in historical reanalysis data (14).  73 

Given the observed decline in atmospheric moisture over arid regions in the United States (9) 74 

and the noted absence of these trends in future fire weather projections from ESMs (10), our goal 75 
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here is threefold: (1) to quantify the relative importance of these drying trends in historical 76 

changes in fire weather, (2) to investigate whether these trends are present in a variety of 77 

downscaled ESM data products, and (3) to explore the impact on future fire weather projections 78 

if the observed decline in relative humidity continues.  79 

2 Results 80 

2.1 Components of Historical Fire Weather Trends 81 

The first question motivating the following results is: how has the observed drying trend in the 82 

Western United States contributed to historical trends in changing fire weather? To answer this, 83 

we calculate the Canadian Fire Weather Index (FWI) using historical reanalysis inputs from 84 

ERA5 and Daymet and estimate the isolated contribution from each of the four FWI input 85 

variables: temperature, relative humidity, precipitation, and wind speed. Figure 1a shows a clear 86 

upward trend in FWI over the 1980–2019 reanalysis period in the Western United States that 87 

may have contributed to the increase in wildfires reported by others (2).  88 

Perhaps more surprising, however, is the relative contribution of each of the weather variables to 89 

this overall trend. As seen in Figure 1c, the largest contributor to the historical increases in FWI 90 

in the Western United States is the declining trends in relative humidity. Increasing temperatures 91 

do drive increases in FWI, as shown in Figure 1b, but the FWI trends are largely not statistically 92 

significant despite the temperature trends themselves being statistically significant (19). In many 93 

regions in the Western United States and especially the Southwest, the effect from declining 94 

relative humidity can be two to four times more powerful than the effect from increasing 95 

temperatures. Of course, changes in temperature also drive changes in relative humidity, but we 96 

see in Supplementary Figure 2 that 60-97% of the relative humidity trends and 67-84% of the 97 

FWI trends are caused by real changes in specific humidity, not changes in temperature driving 98 

down relative humidity.  99 

The effect from changes in precipitation shown in Figure 1d are more spatially variable than the 100 

effect from temperature or relative humidity, but generally we see decreasing FWI from 101 

increasing precipitation in the North Great Plains and increasing FWI from declining 102 

precipitation in the Desert Southwest, although in the Desert Southwest this effect is still much 103 

smaller in magnitude than the effect from relative humidity. Last, in Figure 1e, we see the effect 104 

from changes in wind speed are smaller in magnitude than any of the other variables, although 105 

we can see a slightly positive increase in FWI from increasing wind speeds along a narrow 106 

vertical band in the Great Plains. Note there is substantial uncertainty in historical wind speed 107 

trends (20–22), and the results in Figure 1e are of lower confidence than the other variables.  108 

Seasonal FWI trends based on reanalysis with individual variable contributions are shown in 109 

Supplementary Figure 3 through Supplementary Figure 6 and show similar relative contributions 110 

of the four independent variables to the overall FWI trend with minor differences depending on 111 

the region and season.  112 

The FWI algorithm is a nonlinear function of the four independent variables, so we might expect 113 

the sum of individual FWI trend contributions from each variable would not be equivalent to the 114 

baseline calculation. However, Supplementary Figure 7 compares the baseline FWI trend to the 115 
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sum of the four individual variable trends and shows that in most regions in the contiguous 116 

United States, the sum of individual components is consistent in magnitude and spatial 117 

distribution to the baseline nonlinear calculation, giving us confidence that the decomposition in 118 

Figure 1 is meaningful. We do see some regions in Supplementary Figure 7 (e.g., the Cascade 119 

and Sierra mountain ranges) where the sum of contributions results in a much smaller FWI trend 120 

than the baseline calculation, indicating compounding factors are dominant here and the overall 121 

trend in FWI cannot be explained by the drying trend alone.  122 

 123 

Figure 1. Historical trends of the annual Canadian Fire Weather Index (FWI) calculated from ERA5 124 
and Daymet reanalysis data over the period 1980–2019. (a) Baseline historical FWI trend. (b) 125 

Historical trend based only on changes in near-surface air temperature. (c) Historical trend based 126 
only on changes in near-surface relative humidity. (d) Historical trend based only on changes in 127 
precipitation. (e) Historical trend based only on changes in near-surface wind speed. For panels 128 
(b–e), all variables other than the variable of interest are held constant at their 40-year historical 129 

mean value per pixel. Stippling indicates statistically significant trends (p < 0.05). 130 

2.2 Humidity in Downscaled Earth System Model Data 131 

Given the importance of declining relative humidity for historical changes in FWI illustrated in 132 

Figure 1 and the prevalence of fire weather projections derived from downscaled ESMs, we now 133 

ask to what extent different downscaling methods reproduce observed historical trends in relative 134 

humidity. The ESMs that are downscaled generally contradict observed humidity trends (10), 135 

and others have noted downscaling necessarily imports these errors (16). In Figure 2, we confirm 136 

this is true for four unique downscaling data products, with methods including generative 137 

machine learning, physics-based dynamical downscaling, and bias-correction-based statistical 138 

downscaling.  139 

All four downscaled datasets assessed in Figure 2 generally reproduce trends found in the source 140 

ESM projections to varying degrees, with minor deviations depending on the method. In panels b 141 

and h of Figure 2, we can see the generative machine learning dataset Super-Resolution for 142 

Renewable Energy Resource Data with Climate Change Impacts (Sup3rCC) and the statistically 143 

downscaled dataset NASA Earth eXchange Global Daily Downscaled Projections (NASA-NEX-144 

GDDP) strongly preserve their input trends with only minor deviation in magnitude and some 145 

elevation-dependence in Sup3rCC. This is expected given these are primarily statistical methods 146 

designed explicitly to preserve input trends. The physical downscaling methods, however, do not 147 

have these constraints.  148 
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The physical downscaling methods used in the Western United States Dynamically Downscaled 149 

Dataset (WUS-D3)and the Regional Climate Model version 4 (RegCM4) datasets shown in 150 

panels d and f of Figure 2 have greater deviations in both spatial patterning and trend magnitude 151 

but still preserve large-scale spatial trends from the source ESM. Interestingly, RegCM4 (and to 152 

a lesser extent WUS-D3) increases the relative humidity trend in the WUS when compared to the 153 

source ESM trend, which is in contradiction of the observations.  154 

Seasonal patterns in relative humidity show similar results in Supplementary Figure 8 through 155 

Supplementary Figure 11 with ERA5 showing substantial drying trends in all four seasons. Some 156 

of the downscaled data and ESM pairs show substantial drying in the Western United States in 157 

certain seasons (for example in NASA-NEX-GDDP in the Fall; Supplementary Figure 11), but 158 

we see that this effect is only seasonal and averages out to minimal changes in Figure 2.  159 

The spatial pattern of relative humidity trends varies substantially based on the individual 160 

realization of the source ESM, with each ESM showing varying levels of drying in the Western 161 

United States, although all at least an order of magnitude less than the observed trends. Although 162 

we only show one realization per downscaled dataset here, we focus on an ESM that was 163 

available in all downscaled data products with the best historical performance (23), and others 164 

have confirmed that the discrepancy of drying trends in the Western United States is a problem 165 

with virtually all ESMs from CMIP6 (10).  166 

 167 
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 168 

Figure 2. Trends in 1980–2019 annual near-surface relative humidity from (a) ERA5, (b, c) Sup3rCC 169 
and source ESM, (d, e) WUS-D3 and source ESM, (f, g) RegCM4 and source ESM, (h, i) NASA-NEX-170 

GDDP and source ESM. Projections are based on the ESM MPI-ESM1.2-HR with the “historical” 171 
CMIP6 simulation through 2014 and after 2014: SSP2-4.5 r1i1p1f1 for (b, c), SSP3-7.0 r3i1p1f1 for 172 

(d, e), and SSP5-8.5 r1i1p1f1 for (f–i). The trend was calculated in (a–e) using daily minimum 173 
relative humidity, whereas in (f–i) using daily average relative humidity. Stippling indicates 174 

statistically significant trends (p < 0.05). 175 

2.3 Humidity in Projections of Fire Weather 176 

We now look to the impacts of the relative humidity trend discrepancy in long-term projections 177 

of the FWI. Considering the importance of historical declines in relative humidity for the FWI 178 

and the humidity bias in ESM projections, we can reasonably expect future projections will show 179 

substantially lower rates of increasing FWI compared to the observed historical trends. Indeed, in 180 

Figure 3, we can see the average 1980–2019 FWI trend calculated from the reanalysis data is 181 

frequently three to six times greater in the Western United States than the 2000–2039 trend 182 

calculated from the Sup3rCC five-member ensemble.  183 

The FWI projections based on the Sup3rCC downscaled data shown in Figure 3b estimate a 184 

relatively spatially uniform increase in FWI across most of the contiguous United States based 185 

mostly on projected increases in air temperature. As shown in previous Sup3rCC documentation 186 

(24), there is less spatially coherent agreement on changes in relative humidity, precipitation, and 187 

wind speed, leading these variables to have a smaller contribution to average projected change in 188 

FWI.  189 

To study future FWI projections under a continued drying scenario, we propose a simple method 190 

(detailed in Section 4.3) for enforcing the historical trend in relative humidity in our future 191 

projections of FWI by trend-correcting a downscaled relative humidity dataset. This is not a 192 
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perfect solution to the relative humidity problem, as it degrades the physical coherence of 193 

variables in the downscaled simulations, and we further discuss the motivation and limitations in 194 

Section 3. Nevertheless, we can see in Figure 3c that the trend-corrected projections substantially 195 

improve the FWI trends when compared to historical reanalysis trends.  196 

Of course, the observed declines in relative humidity over the last four decades may be a 197 

temporary transient that could reverse back to a moistening trend, ultimately proving the ESM-198 

based FWI projections to be skillful. However, if there are physical processes driving persistent 199 

humidity trends that are systematically misrepresented in the ESMs as proposed by (10), then 200 

ESM-based projections may prove to substantially underestimate future FWI trends.  201 

 202 

 203 

Figure 3. Trends in annual FWI based on (a) reanalysis data from ERA5 and Daymet over the time 204 
period 1980–2019, (b) Sup3rCC five-member ensemble over the time period 2000–2039, (c) 205 

continued drying scenario based on Sup3rCC five-member ensemble with trend-corrected relative 206 
humidity. Stippling indicates statistically significant trends (p < 0.05), and for panels (b) and (c), 207 

stippling also indicates three or more ensemble members agree on a statistically significant trend. 208 

 209 

Figure 4 shows the results from the five-member Sup3rCC projections with and without the 210 

relative humidity trend correction using the metric of increase in number of days per year above 211 

the historical 95th percentile FWI (this threshold calculated per pixel from the 2000–2019 time 212 

period for each Sup3rCC member). We focus on increases here because, as shown in 213 

Supplementary Figure 12, there are almost no regions that show a projected decrease in extreme 214 

fire weather days.  215 

Without the trend correction of relative humidity, we see little to no change in extreme fire 216 

weather days in the Western United States through the next two decades, including many regions 217 

without statistically significant changes in FWI distributions. With trend correction, we see many 218 

more extreme FWI days per year in the next two decades with notable hot spots in the California 219 

Central Valley and Northeast Colorado/Southwest Nebraska seeing more than 14 additional 220 

extreme fire weather days per year. We also see regions in Eastern Washington and Oregon, and 221 

in the Desert Southwest with 4-10 additional extreme days per year. Because our 95th percentile 222 

threshold sets 18 extreme fire weather days per location per year in the historical period, these 223 

regional increases represent a 20-70% increase in the rate of extreme days. Anecdotally, these 224 

trend-corrected projections appear to better match how wildfires have changed in the Western 225 

United States (especially extreme wildfires) since the 1980s (2).  226 
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We see how the projections vary in seasonal 95th percentile FWI in Supplementary Figure 13 227 

through Supplementary Figure 17. We see that, in the winter, FWI conditions become more 228 

extreme in the Western United States with major impacts from the relative humidity trends 229 

(Supplementary Figure 14), whereas in the summer, FWI conditions become much more extreme 230 

in the Midwest with minor impact from relative humidity trends (Supplementary Figure 15). Fall 231 

months also see substantial increases throughout the Great Plains (Supplementary Figure 17), 232 

whereas spring months see the smallest changes of any season (Supplementary Figure 16).  233 

 234 

Figure 4. Increase in number of extreme fire weather days per year from 2000–2019 to 2020–2039 235 
based on (a) Sup3rCC five-member ensemble and (b) continued drying scenario based on 236 

Sup3rCC five-member ensemble with trend-corrected relative humidity. Extreme fire weather days 237 
are defined as days with FWI above the 95th percentile value calculated per pixel over the 2000–238 
2019 period. Stippling indicates where three or more ensemble members agree on an increase in 239 

extreme FWI days and a statistically significant shift in 20-year distributions (p < 0.05). 240 

 241 

3 Discussion and Conclusion 242 

In this work, relative humidity emerges as the dominant driver of both historical and projected 243 

trends in fire weather across the Western United States. While temperature and precipitation 244 

contribute to fire weather variability, declines in relative humidity in many regions exert an 245 

effect several times larger as measured by the Canadian FWI. This result implies that drying in 246 

the actual atmospheric water vapor content (specific humidity) is a key mechanism underlying 247 

the observed increase in fire weather risk and that the divergence between observations and ESM 248 

simulations reported by (10) is crucial for understanding changes in fire weather. (10) suggests 249 

that observed aridification may arise from lower land-surface moisture availability or more 250 

efficient drying processes than represented in many ESMs. Under warming, evapotranspiration 251 

initially increases, but once surface moisture becomes limiting, specific humidity cannot 252 

continue to rise and atmospheric drying results. Additional model biases such as excessive 253 

evaporation, errors in moisture transport, or unrealistic coupling between atmospheric moisture 254 

and precipitation may further contribute to discrepancies between simulated and observed 255 

moisture trends. These structural differences suggest that near-term projections derived from 256 

ESMs may inherit biases in atmospheric moisture dynamics, particularly in specific and relative 257 

humidity, with implications for interpreting projected changes in fire weather risk. 258 
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ESMs are frequently downscaled to more regional climates before being used to estimate fire 259 

weather risk, however, we find four unique methods of downscaling ESM projections all carry 260 

forward this discrepancy in humidity trends. As such, fire weather metrics derived from 261 

downscaled ESM data products are highly likely to underestimate the upward trend of fire 262 

weather in the Western United States over the historical time period. There are several such 263 

downscaled data products currently in use for real-world decision-making on future fire risk (25–264 

28). We cannot reliably assess the skill of these downscaled data products for the future time 265 

period without future observations, yet based on the inaccurate representation of declining 266 

relative humidity over the historical period, caution may be warranted in using these projections 267 

as a foundation for real-world fire weather resilience decision-making. The drying trends 268 

observed in the Western United States since approximately the 1980s could prove to be 269 

temporary; however, if the physical processes related to humidity are systematically 270 

misrepresented in ESMs, as suggested by (10), then these downscaled ESM-based projections 271 

are likely to substantially underestimate future FWI trends.  272 

To study a continued drying fire weather scenario, we propose trend-correcting the relative 273 

humidity variable in downscaled projections. This assumes the observed declines in relative 274 

humidity in the Western United States will continue into the future (time stationarity). This 275 

approach is not intended as a physics-based or final solution to the humidity biases in ESMs, but 276 

rather as an interim method for assessing the sensitivity of future FWI projections to the 277 

observed historical drying trend. The trend correction corrupts the physical coherence between 278 

variables, and physics-informed simulations would manifest the impacts of this change on other 279 

related variables. Nevertheless, this approach has merit in its contribution of a hypothetical 280 

continued drying scenario, which may be useful in the near-term before we fully understand the 281 

role of humidity trends in the Earth system. The motivation for considering trend-corrected 282 

humidity projections is that ESMs contradict observations crucial to the quantification of 283 

changing fire weather, which could lead us to inadequately prepare today for the fire weather of 284 

tomorrow. Planning for future changes in fire weather based on current ESM data (Figure 3b) 285 

largely ignores substantial historical changes (Figure 3a). Ultimately, fire weather projections 286 

with trend-corrected humidity may not prove to be skillful representation of future changes, but 287 

we hope these projections will serve as a useful quantification of the importance and uncertainty 288 

in humidity trends, spurring conversation and improvement in our understanding of changing fire 289 

weather regimes.  290 

4 Materials and Methods 291 

4.1 Fire Weather Index 292 

Throughout this work, we use the FWI as a metric for quantifying the overall fire risk from 293 

weather factors (29). The FWI uses daily atmospheric weather variable inputs to estimate the risk 294 

of fire ignition and spread. Notably, the metric does not include vegetation or fuel availability 295 

(although it does indirectly model fuel moisture content), sources of ignition, or fire suppression. 296 

We use the FWI here instead of other similar fire weather metrics because of its ubiquity in 297 

similar studies (14, 15, 18). There are a number of similar commonly used fire weather metrics, 298 

but they consist primarily of similar combinations of the same weather variables, and the 299 

Canadian FWI has previously been recommended as the most skillful (30).  300 
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The FWI takes in daily metrics from four weather variables. For our calculations, we use daily 301 

maximum temperature, daily minimum relative humidity, daily average wind speed, and daily 302 

total precipitation. We use these daily extrema in temperature and humidity as they drive more 303 

extreme fire weather conditions than daily averages alone. 304 

To study the isolated contribution of each of the four weather input variables to the overall FWI 305 

trends, we run four calculations based on historical reanalysis data, where three of the four input 306 

variables are held constant at their 1980–2019 mean value (per pixel), whereas the fourth 307 

variable is the original time series data. This effectively calculates the partial derivative of the 308 

FWI with respect to the historical trends of each input variable. This is in addition to the normal 309 

FWI calculation based on the original reanalysis input data with no variables held constant.  310 

4.2 Data Sources 311 

For historical analysis, we use ERA5 reanalysis data (31) for temperature, humidity, and wind 312 

speeds combined with Daymet v4 data (32) for precipitation. ERA5 is used at its native 31-km 313 

resolution, and Daymet v4 is aggregated from its native 4-km resolution to the ERA5 grid.  314 

We use gridded reanalysis data for historical weather, relying on previous validation showing 315 

that ERA5 performs adequately for historical extreme heat events (33, 34) and humidity trends 316 

(9, 10) and that Daymet performs adequately for historical precipitation (32). Wind data is more 317 

challenging, and we acknowledge the spatial resolution of ERA5 is unlikely to properly resolve 318 

extreme wind events (35) that can drive extreme wildfire conditions. Given the active debate and 319 

associated uncertainty in historical trends and changing wind regimes (20–22), we accept the 320 

ERA5 wind data as adequate for this study given wind’s relatively small contribution to overall 321 

trends.  322 

For future projections, we evaluate a number of downscaling methods and source ESM datasets. 323 

We aim to represent a wide range of downscaled data products each with unique methods that 324 

are commonly used throughout the literature. Downscaled datasets represent substantial effort, 325 

compute costs, and storage volumes. Accordingly, not all downscaled datasets have the same 326 

ESMs, shared socioeconomic pathways (SSPs), or simulation variants. In the near-future through 327 

2040, the uncertainty from different SSPs is typically smaller than that from natural variability or 328 

model formulation (36, 37), so here we focus on comparisons across downscaling products with 329 

the same ESM. 330 

For a machine learning downscaled product, we evaluate the Sup3rCC v0.2.2 dataset. This 331 

downscaling product uses generative adversarial networks, a form of generative machine 332 

learning, to downscale 100-km daily ESM data to 4-km hourly data (24, 38). We use five 333 

members of the Sup3rCC dataset, each from the SSP2-4.5.  334 

For physics-based dynamically downscaled data, we use the WUS-D3 (39) and data produced 335 

with the RegCM4 (40). The WUS-D3 dataset is downscaled using the Weather Research and 336 

Forecast model based on the SSP3-7.0 and is available at a 9-km hourly resolution over the 337 

Western United States. (all other datasets are available over all of the contiguous United States). 338 

The RegCM4 data was produced for SSP5-8.5 at a 25-km resolution before daily outputs were 339 

bias corrected to 4 km using Daymet v4.  340 
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For a purely statistical downscaling method, we use the NASA-NEX-GDDP version 1.0 (41). 341 

This dataset was downscaled using the bias-correction with spatial disaggregation method to 342 

approximately a 25-km resolution based on CMIP6 data. Although multiple SSPs are available 343 

for NASA-NEX-GDDP, we only use the SSP5-8.5 scenario, which compares directly against the 344 

RegCM4 dataset.  345 

Another widely used family of statistical downscaling methods is based on the constructed 346 

analog approach. Although constructed analog downscaling approaches are not considered here, 347 

there have been previous studies demonstrating fire risk derived from downscaled data using 348 

these methods understates historical fire weather trends while highlighting relative humidity 349 

model biases as a driving factor (18).  350 

For the four downscaled CMIP6 projection datasets, we compare relative humidity trends for a 351 

single downscaled ESM based on the higher-resolution version of the Max Planck Institute Earth 352 

System Model (MPI-ESM1.2-HR) (42) alongside the source ESM trends without downscaling. 353 

For the relative humidity trends, we use only a single ESM realization for comparison to 354 

illustrate the trends in the source ESM simulation and to directly show how each downscaling 355 

method handles these trends. We select MPI-ESM1.2-HR as the best performing ESM that was 356 

available in all downscaled data products based on a rigorous evaluation of CMIP6 ESMs over 357 

the contiguous United States (23).  358 

We are limited by data availability in the downscaled data products, so we compare different 359 

SSPs and variants across the four downscaling products: SSP2-4.5 r1i1p1f1 for Sup3rCC, SSP3-360 

7.0 r3i1p1f1 for WUS-D3, SSP5-8.5 r1i1p1f1 for RegCM4, and SSP5-8.5 r1i1p1f1 for NASA-361 

NEX-GDDP. All data products use the “historical” CMIP6 simulation through the year 2014 362 

with the noted SSP simulations starting in 2015. Additionally, we focus on daily minimum 363 

relative humidity for the hourly downscaled datasets Sup3rCC and WUS-D3, as daily minimum 364 

relative humidity typically corresponds with the greatest fire weather risk. Unfortunately, 365 

RegCM4 and NASA-NEX-GDDP only contain daily average relative humidity, so we only 366 

present the trends in daily average values for these datasets. Despite the heterogeneity of ESM 367 

realizations and daily minimum versus average relative humidity, we see comparable results 368 

across all ESMs and downscaled data products.  369 

A summary of all the data sources used in this work, the variables used, and what they were used 370 

to calculate is presented in Table 1.  371 

Table 1. Data sources used in this work. 372 

Name Temporal 

Extent Used 

Variables Used Used to Calculate Notes 

ERA5  1980-2019 Near-surface daily 

maximum 

temperature, daily 

minimum relative 

humidity, daily 

average windspeed 

FWI trends, relative 

humidity trends, 

relative humidity 

trend corrections for 

Sup3rCC 

(31) 

Daymet 1980-2019 Daily total 

precipitation 

FWI trends (32) 
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Sup3rCC 1980-2039 Near-surface daily 

maximum 

temperature, daily 

minimum relative 

humidity, daily 

average 

windspeed, daily 

total precipitation 

FWI trends, relative 

humidity trends, 

projected changes in 

FWI extreme days 

and FWI statistics 

Used five ensemble 

members based on EC-

Earth3-CC, EC-Earth3-

Veg, GFDL-CM4, MPI-

ESM-1.2-HR, and 

TaiESM1 all from SSP2-

4.5 r1i1p1f1 (24, 38) 

WUS-D3 1980-2019 Daily minimum 

near-surface 

relative humidity 

Relative humidity 

trends 

Based on MPI-ESM-1.2-

HR SSP3-7.0 r3i1p1f1 

(39) 

RegCM4 1980-2019 Daily average 

Near-surface 

relative humidity 

Relative humidity 

trends 

Based on MPI-ESM-1.2-

HR SSP5-8.5 r1i1p1f1 

(40) 

NASA-NEX-

GDDP 

1980-2019 Daily average 

Near-surface 

relative humidity 

Relative humidity 

trends 

Based on MPI-ESM-1.2-

HR SSP5-8.5 r1i1p1f1 

(41) 

MPI-ESM-1.2-

HR 

1980-2019 Daily average and 

daily minimum 

Near-surface 

relative humidity 

Relative humidity 

trends 

SSPs and variants 

corresponding to the 

downscaled data products 

(42) 

 373 

4.3 Trends in Humidity and the Canadian Fire Weather Index 374 

For the calculation of trends in relative humidity and FWI, we fit a linear regression to the daily 375 

average time series per pixel over the period of interest and then report the slope of that line in 376 

units of change per year (change in relative humidity or FWI). For example, when calculating the 377 

annual trend in FWI for ERA5 over 1980–2019, we fit a linear regression 𝑦 = 𝑚𝑥 + 𝑏 where 𝑦 378 

is the 14,610 daily FWI values (365 days for 40 years plus 10 leap days), 𝑥 ∈ ℝ is the evenly-379 

spaced time index in the range [0, 40) for the 40 years, 𝑏 is a y-intercept (not reported), and 𝑚 is 380 

the reported trend in units of change in FWI per year. For seasonal trends, we apply a mask to 381 

the daily data before fitting the linear regression such that we are fitting only the days belonging 382 

to each respective season. We implemented daily data trends for simplicity instead of fitting 383 

monthly or annual mean values and found minimal differences when spot checking daily versus 384 

monthly trends.  385 

We report measures of statistical significance for relative humidity and FWI trends and 386 

distribution shifts. For 40-year daily trends in Section 2.1 and 2.2, statistical significance was 387 

assessed at each pixel using heteroskedasticity- and autocorrelation-consistent standard errors 388 

(43) with significance evaluated at the 5% level (p < 0.05). The statistical significance of daily 389 

trends is evaluated only for the entire 40-year daily time series and not for unevenly spaced 390 

seasonal time series. 391 

For distribution shifts and changes in extreme FWI metrics in Section 2.3, we use the 392 

Kolmogorov-Smirnov test (44) at each pixel to compare daily FWI distributions from the 2000–393 

2019 time period to the 2020–2039 time period with significance evaluated again at the 5% level 394 

(p < 0.05). The statistical significance of distribution shifts from 2000–2019 to 2020–2039 is 395 

evaluated using the distributions of multiyear annual daily FWI values from the 20-year periods 396 
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as well as the distributions of daily values from only the respective multiyear seasonal daily 397 

value distributions.  398 

To study how projections of FWI might differ if the observed drying trends continue, we study 399 

projections with the historical 40-year drying trend superimposed on the ESM-based projections. 400 

To do this, we calculate the 40-year linear fits for ERA5 and the source ESMs used in Sup3rCC, 401 

both over the time period 1980–2019. We linearly interpolate the fit parameters across space 402 

onto the Sup3rCC grid such that they can be compared against each other (ERA5 versus ESM) at 403 

every higher-resolution Sup3rCC pixel. We vertically y-shift the ESM trend so that it intercepts 404 

the ERA5 trend on January 1, 2010, such that there is no correction performed in the middle of 405 

our “historical” period, which we define as 2000–2019. Finally, at every pixel and every 406 

timestep in the Sup3rCC data, we calculate a correction factor as the ratio of the ERA5 linear 407 

regression divided by the ESM linear regression and multiply the Sup3rCC relative humidity by 408 

this value. This procedure is described by Equation 1: 409 

𝑅𝐻̂ = 𝑅𝐻
𝑀𝐸𝑅𝐴5𝑥 + 𝐵𝐸𝑅𝐴5

𝑀𝐸𝑆𝑀𝑥 + 𝐵𝐸𝑆𝑀 + ∆𝐸𝑆𝑀
 Equation 1 

where 𝑅𝐻̂ is the trend-corrected relative humidity based on the original downscaled relative 410 

humidity 𝑅𝐻, 𝑀𝐸𝑅𝐴5 and 𝐵𝐸𝑅𝐴5 are the slope and y-intercept of the linear regression of the 411 

ERA5 relative humidity data, 𝑀𝐸𝑆𝑀 and 𝐵𝐸𝑆𝑀 are the slope and y-intercept of the linear 412 

regression of the ESM relative humidity data, 𝑥 ∈ ℝ is a real-valued time index for the Sup3rCC 413 

temporal extent, and ∆𝐸𝑆𝑀 is a y-shift factor that makes the ESM trend line intercept the ERA5 414 

trend line in 2010. 𝑅𝐻̂ values greater than 100 are prevented in the calculation of the FWI. This 415 

procedure is illustrated for a single location in Supplementary Figure 1.  416 

 417 

5 Data Availability 418 

This work is based entirely on the publicly available data sources listed in Table 1. Distilled 419 

results will be publicly released via the Open Energy Data Initiative upon acceptance of this 420 

manuscript.  421 
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Supplementary Information  557 

 558 

 559 

Supplementary Figure 1. Illustration of the relative humidity trend correction procedure. 560 

 561 

 562 

Supplementary Figure 2. Historical trends in daily minimum relative humidity (RH) versus trends 563 
in RH from only changes in specific humidity (q) (i.e., no changes in RH due to change in 564 

temperature) and the resulting trends in FWI. Data is taken at single reanalysis pixels from 1980-565 
2019 in six states in the Southwest that have large positive historical FWI trends. Similar to Figure 566 

1c, the FWI trends are calculated with fixed average temperature, wind speed, and precipitation 567 
inputs to isolate the effects of changing humidity on the FWI.  568 

 569 
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 570 

Supplementary Figure 3. Historical trends of the winter (December, January, February) Canadian 571 
Fire Weather Index (FWI) calculated from ERA5 and Daymet reanalysis data over the period 1980–572 
2019. (a) Baseline historical FWI trend. (b) Historical trend based only on changes in near-surface 573 
air temperature. (c) Historical trend based only on changes in near-surface relative humidity. (d) 574 

Historical trend based only on changes in precipitation. (e) Historical trend based only on 575 
changes in near-surface wind speed. For panels (b–e), all variables other than the variable of 576 
interest are held constant at their 40-year historical mean value per pixel. Stippling indicates 577 

statistically significant trends (p < 0.05). 578 

 579 

 580 

Supplementary Figure 4. Historical trends of the summer (June, July, August) Canadian FWI 581 
calculated from ERA5 and Daymet reanalysis data over the period 1980–2019. (a) Baseline 582 

historical FWI trend. (b) Historical trend based only on changes in near-surface air temperature. 583 
(c) Historical trend based only on changes in near-surface relative humidity. (d) Historical trend 584 

based only on changes in precipitation. (e) Historical trend based only on changes in near-surface 585 
wind speed. For panels (b–e), all variables other than the variable of interest are held constant at 586 

their 40-year historical mean value per pixel. Stippling indicates statistically significant trends (p < 587 
0.05). 588 

 589 
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 590 

Supplementary Figure 5. Historical trends of the spring (March, April, May) Canadian FWI 591 
calculated from ERA5 and Daymet reanalysis data over the period 1980–2019. (a) Baseline 592 

historical FWI trend. (b) Historical trend based only on changes in near-surface air temperature. 593 
(c) Historical trend based only on changes in near-surface relative humidity. (d) Historical trend 594 

based only on changes in precipitation. (e) Historical trend based only on changes in near-surface 595 
wind speed. For panels (b–e), all variables other than the variable of interest are held constant at 596 

their 40-year historical mean value per pixel. Stippling indicates statistically significant trends (p < 597 
0.05). 598 

 599 

 600 

Supplementary Figure 6. Historical trends of the fall (September, October, November) Canadian 601 
FWI calculated from ERA5 and Daymet reanalysis data over the period 1980–2019. (a) Baseline 602 
historical FWI trend. (b) Historical trend based only on changes in near-surface air temperature. 603 
(c) Historical trend based only on changes in near-surface relative humidity. (d) Historical trend 604 

based only on changes in precipitation. (e) Historical trend based only on changes in near-surface 605 
wind speed. For panels (b–e), all variables other than the variable of interest are held constant at 606 

their 40-year historical mean value per pixel. Stippling indicates statistically significant trends (p < 607 
0.05). 608 

 609 
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 610 

Supplementary Figure 7. Comparison of baseline historical trends of the annual Canadian FWI (a) 611 
against the sum of individual variable contributions (b) from temperature, relative humidity, 612 
precipitation, and wind speed. Panels (c) and (d) show the residual (i.e., difference in trend) 613 

between the baseline FWI calculation and the sum of individual contributions in absolute and 614 
relative units, respectively. For relative residuals (d), pixels with absolute baseline trends less 615 

than 0.05 per year are not shown to avoid divide by zero operations and appear as white. 616 

 617 
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 618 

Supplementary Figure 8. Trends in 1980–2019 winter (December, January, February) near-surface 619 
relative humidity from (a) ERA5, (b, c) Sup3rCC and source ESM, (d, e) WUS-D3 and source ESM, 620 
(f, g) RegCM4 and source ESM, (h, i) NASA-NEX-GDDP and source ESM. Projections are based on 621 

the ESM MPI-ESM1.2-HR with the “historical” CMIP6 simulation through 2014 and after 2014: 622 
SSP2-4.5 r1i1p1f1 for (b, c), SSP3-7.0 r3i1p1f1 for (d, e), and SSP5-8.5 r1i1p1f1 for (f–i). The trend 623 

was calculated in (a–e) using daily minimum relative humidity, whereas in (f–i) using daily average 624 
relative humidity. Stippling indicates statistically significant trends (p < 0.05). 625 

 626 
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 627 

Supplementary Figure 9. Trends in 1980–2019 summer (June, July, August) near-surface relative 628 
humidity from (a) ERA5, (b, c) Sup3rCC and source ESM, (d, e) WUS-D3 and source ESM, (f, g) 629 

RegCM4 and source ESM, (h, i) NASA-NEX-GDDP and source ESM. Projections are based on the 630 
ESM MPI-ESM1.2-HR with the “historical” CMIP6 simulation through 2014 and after 2014: SSP2-4.5 631 

r1i1p1f1 for (b, c), SSP3-7.0 r3i1p1f1 for (d, e), and SSP5-8.5 r1i1p1f1 for (f–i). The trend was 632 
calculated in (a–e) using daily minimum relative humidity, whereas in (f–i) using daily average 633 

relative humidity. Stippling indicates statistically significant trends (p < 0.05). 634 

 635 
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 636 

Supplementary Figure 10. Trends in 1980–2019 spring (March, April, May) near-surface relative 637 
humidity from (a) ERA5, (b, c) Sup3rCC and source ESM, (d, e) WUS-D3 and source ESM, (f, g) 638 

RegCM4 and source ESM, (h, i) NASA-NEX-GDDP and source ESM. Projections are based on the 639 
ESM MPI-ESM1.2-HR, with the “historical” CMIP6 simulation through 2014 and after 2014: SSP2-640 
4.5 r1i1p1f1 for (b, c), SSP3-7.0 r3i1p1f1 for (d, e), and SSP5-8.5 r1i1p1f1 for (f–i). The trend was 641 
calculated in (a–e) using daily minimum relative humidity, whereas in (f–i) using daily average 642 

relative humidity. Stippling indicates statistically significant trends (p < 0.05). 643 

 644 
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 645 

Supplementary Figure 11. Trends in 1980–2019 fall (September, October, November) near-surface 646 
relative humidity from (a) ERA5, (b, c) Sup3rCC and source ESM, (d, e) WUS-D3 and source ESM, 647 
(f, g) RegCM4 and source ESM, (h, i) NASA-NEX-GDDP and source ESM. Projections are based on 648 

the ESM MPI-ESM1.2-HR with the “historical” CMIP6 simulation through 2014 and after 2014: 649 
SSP2-4.5 r1i1p1f1 for (b, c), SSP3-7.0 r3i1p1f1 for (d, e), and SSP5-8.5 r1i1p1f1 for (f–i). The trend 650 

was calculated in (a–e) using daily minimum relative humidity, whereas in (f–i) using daily average 651 
relative humidity. Stippling indicates statistically significant trends (p < 0.05). 652 

 653 

 654 

Supplementary Figure 12. Decrease in number of extreme fire weather days per year from 2000–655 
2019 to 2020–2039 based on (a) Sup3rCC five-member ensemble and (b) continued drying 656 
scenario based on Sup3rCC five-member ensemble with trend-corrected relative humidity. 657 

Extreme fire weather days are defined as days with FWI above the 95th percentile value calculated 658 
per pixel over the 2000–2019 period. Stippling indicates where three or more ensemble members 659 

agree on a decrease in extreme FWI days and a statistically significant shift in 20-year 660 
distributions (p < 0.05). 661 
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 662 

Supplementary Figure 13. Increase in the annual 95th percentile FWI from 2000–2019 to 2020–2039 663 
based on (a) Sup3rCC five-member ensemble and (b) continued drying scenario based on 664 

Sup3rCC five-member ensemble with trend-corrected relative humidity. Stippling indicates where 665 
three or more ensemble members agree on an increase in 95th percentile FWI and a statistically 666 

significant shift in 20-year distributions (p < 0.05). 667 

 668 

 669 

Supplementary Figure 14. Increase in the winter (December, January, February) 95th percentile 670 
FWI from 2000–2019 to 2020–2039 based on (a) Sup3rCC five-member ensemble and (b) continued 671 
drying scenario based on Sup3rCC five-member ensemble with trend-corrected relative humidity. 672 

Stippling indicates where three or more ensemble members agree on an increase in 95th 673 
percentile FWI and a statistically significant shift in 20-year distributions (p < 0.05). 674 

 675 

 676 
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Supplementary Figure 15. Increase in the summer (June, July, August) 95th percentile FWI from 677 
2000–2019 to 2020–2039 based on (a) Sup3rCC five-member ensemble and (b) continued drying 678 

scenario based on Sup3rCC five-member ensemble with trend-corrected relative humidity. 679 
Stippling indicates where three or more ensemble members agree on an increase in 95th 680 

percentile FWI and a statistically significant shift in 20-year distributions (p < 0.05). 681 

 682 

 683 

Supplementary Figure 16. Increase in the spring (March, April, May) 95th percentile FWI from 684 
2000–2019 to 2020–2039 based on (a) Sup3rCC five-member ensemble and (b) continued drying 685 

scenario based on Sup3rCC five-member ensemble with trend-corrected relative humidity. 686 
Stippling indicates where three or more ensemble members agree on an increase in 95th 687 

percentile FWI and a statistically significant shift in 20-year distributions (p < 0.05). 688 

 689 

 690 

 691 

Supplementary Figure 17. Increase in the fall (September, October, November) 95th percentile FWI 692 
from 2000–2019 to 2020–2039 based on (a) Sup3rCC five-member ensemble and (b) continued 693 

drying scenario based on Sup3rCC five-member ensemble with trend-corrected relative humidity. 694 
Stippling indicates where three or more ensemble members agree on an increase in 95th 695 

percentile FWI and a statistically significant shift in 20-year distributions (p < 0.05). 696 
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