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Abstract

Five of California’s ten largest wildfires occurred in 2020, with the largest complex shattering the previous record by more than

100 %. The year follows a decade containing extraordinary fire activity. Trend investigations focused on changes in human

activities and atmospheric thermodynamics, while the impacts of changing atmospheric dynamics are largely unknown. Here

we identify extreme weather types (XWTs) associated with historically large daily burned areas in eight Californian regions.

These XWTs characterize dominant fire weather regimes varying in fire behavior types (plume-driven vs. wind-driven fires)

and seasonality. 2020’s exceptional fires partly occurred during previously unrecognized XWTs, whose characteristics and

recurrence intervals were largely unknown. Most of the strongly large-scale forced XWTs such as Santa Ana and Diablo events

increased in frequency during the 20th century particularly in the Sand Diego and Bay Area region. These changes are likely not

anthropogenically caused and predominantly due to climate internal variability. However, raising greenhouse gas concentrations

significantly decrease thermal low XWTs in southern and increase them in central California. These XWTs occur during the

hottest time in the year and will alter fire risk in the summer season.
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Abstract13

Five of California’s ten largest wildfires occurred in 2020, with the largest complex shat-14

tering the previous record by more than 100%. The year follows a decade containing ex-15

traordinary fire activity. Trend investigations focused on changes in human activities and16

atmospheric thermodynamics, while the impacts of changing atmospheric dynamics are17

largely unknown. Here we identify extreme weather types (XWTs) associated with his-18

torically large daily burned areas in eight Californian regions. These XWTs character-19

ize dominant fire weather regimes varying in fire behavior types (plume-driven vs. wind-20

driven fires) and seasonality. 2020’s exceptional fires partly occurred during previously21

unrecognized XWTs, whose characteristics and recurrence intervals were largely unknown.22

Most of the strongly large-scale forced XWTs such as Santa Ana and Diablo events in-23

creased in frequency during the 20th century particularly in the Sand Diego and Bay Area24

region. These changes are likely not anthropogenically caused and predominantly due25

to climate internal variability. However, raising greenhouse gas concentrations signifi-26

cantly decrease thermal low XWTs in southern and increase them in central California.27

These XWTs occur during the hottest time in the year and will alter fire risk in the sum-28

mer season.29

1 Introduction30

In the U.S., California is the state with the highest exposure to wildfires with ap-31

proximately 2,019,800 properties at risk (Verisk, 2020). The combination of increasing32

annually burned area (Westerling, 2016; Abatzoglou & Williams, 2016) and large expo-33

sure resulted in exceptional economic losses with more than 20US$ bn in 2018 alone (Re,34

2019). Potential causes for the large increase in burned area in California (FIRE, 2020)35

are manifold (Jin et al., 2014) and include an increase in atmospheric temperature and36

aridity caused by climate variability and change (Abatzoglou & Williams, 2016; Williams37

et al., 2019), a decrease of precipitation in recent decades due to fewer winter storms(Prein38

et al., 2016), an earlier start and later end of the fire season (Jolly et al., 2015), changes39

in forest management (Parks et al., 2015; Tempel et al., 2014), an increase in popula-40

tion (Radeloff et al., 2018), and its expansion of dwellings and infrastructure into for-41

mer wildlands (Hammer et al., 2007). Since the early 2000s, sub-daily moderate reso-42

lution satellite active fire detection observations have enabled products that estimate daily43

burned area on local scales (Artés et al., 2019; Davies et al., 2019), revolutionizing our44

ability to detect fire occurrence and progression. These observations show that the an-45

nual total burned area in California is disproportionately affected by a few large fires and46

those fires themselves burn most of the total burned area on only a few days.47

Traditionally, fire weather indexes (e.g. Red Flag Warning (Clark et al., 2020), Fos-48

berg Fire Weather Index (Fosberg, 1978; Goodrick, 2002), the Hot/Dry/Windy Index49

(Srock et al., 2018)) are used to predict days with the potential for rapid fire spread. Those50

indices typically depend on local observations that account for atmospheric static sta-51

bility and humidity profile in the lower atmosphere (Haines, 1989), fuel condition (Amiro52

et al., 2005), and low-level wind speed (Amiro et al., 2005). More recent studies also found53

that upper-level and nocturnal meteorology can lead to rapid-fire-spread (Peterson et54

al., 2015).55

Here, we focus on the large-scale atmospheric conditions that were present during56

days of large daily fire growth in California’s recent history. We hypothesise that there57

is a limited set of extreme weather types (XWTs) that favor large daily fire growth, which58

builds of research from the 1960s (Hull et al., 1966). Some of these patterns are well known59

such as strong ridging east of California that causes Santa Ana (Raphael, 2003) and Di-60

ablo wind events (Smith et al., 2018). However, there are many examples of extreme daily61

burned areas across California that happened under different or much weaker large-scale62

forcing. Here, we exploit multiple daily burned area observations, state-of-the-art atmo-63
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spheric reanalyses datasets, and earth system modeling results to classify XWTs in eight64

California fire regions and attribute XWT frequency changes throughout the 20th and65

21st century to natural climate variability, increasing greenhouse-gas concentrations, and66

changes in aerosol forcing.67

2 Data and Methods68

2.1 Fire Observations and Fire Regions69

We use several observational datasets to analyze the characteristics of extreme fires70

in California. The longest record that we use is the Monitoring Trends in Burn Sever-71

ity (MTBS) (Eidenshink et al., 2007) dataset, which contains total (final) burned area72

estimates for 1,630 fires in California within the period 1984–2016 (Fig. 1a). Most of these73

fires were small with a median burned area of ∼10 km2 (MTBS record’s fires larger than74

∼4 km2). However, the fire area size distribution has a very long tail with the top three75

fires having each burned an area larger than 1,000 km2 (roughly half the size of Rhode76

Island). We use MTBS only for comparison with daily burned area products and to un-77

derstand the representatives of fires in the 21st century compared to longer records.78
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Figure 1. California fire regions and accumulated burned area (indicated by dot size and

color) of fires from the MTBS dataset covering 1984 to 2016 (a). The accumulated daily burned

area time series for the LA region (highlighted in red outline in (a)) based on the GWIS dataset

is shown in (b). A closer look at the daily evolution of the Old Fire and Mountain Fire is shown

in (c) and (d), respectively, based on the MTBS (blue), Parks (red), and GWIS (black) data.

Note that MTBS contains only the total burned area for each fire recorded at the extinction date

of the fire rather than a daily burned area.

To understand how these extreme fires evolve temporally, we employed daily burned79

area estimates based on satellite active fire detection data collected since 2000. These80

products area estimates are primarily based on satellite observations that are subject to81

considerable uncertainties (Thompson & Calkin, 2011) (Fig. 1c,d). In this study, we are82

interested in evaluating the large-scale atmospheric conditions on days with extreme burned83

areas. Uncertainties in the absolute amount of burned area do not affect our analysis as84
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long as the same days are identified as extreme. The here used observational burned-85

area datasets vary in their spatiotemporal resolution, the covered period, and input data.86

Besides MTBS, we use two daily burned area products that are based on the MODIS87

(Moderate Resolution Imaging Spectroradiometer) burned area product Collection 6 (MCD64A1)88

(Giglio et al., 2018). The first is the Global Wildfire Information System (GWIS) dataset89

(Artés et al., 2019) that has global coverage between January 2001 to November 201990

and the second is provided by Sean Parks (Parks, 2014) and covers 2002–2018. We de-91

cided to use the GWIS dataset to perform our analysis due to its longer period and im-92

proved skill in defining XWTs (not shown).93

For the analysis of 2020 fires, we use the near-real-time (NRT) and standard qual-94

ity thermal anomaly (archived) datasets from NASA’s Fire Information for Resource Man-95

agement System (FIRMS) (Davies et al., 2019) based on MODIS NRT/archived (MCD14DL/MCD14ML)96

and VIIRS 375 m NRT/archived (VNP14IMGTDL/VNP14IMGTML) observations. The97

archived (quality controlled) datasets replace the NRT datasets with a 3-month lag. Both98

datasets report pixels in which fires were detected each day, which does not directly trans-99

late to the burned area since pixels are also reported if only a fraction of their area was100

burned.101

The analysis is performed on eight ”homogeneous” fire regions that feature sim-102

ilar fuel and fire weather conditions (Fig. 1a). These regions are similar to the regions103

defined in California’s Fourth Climate Change Assessment (Bedsworth et al., 2018) ex-104

cept that we have split the Sierra Nevada region into east and west parts to account for105

their different fire weather conditions. No XWTs were derived for the Central Valley and106

the Desert Southwest due to their small sample size of observed fires. The Northern and107

Sierra regions are mainly forested while the central and southern coastal regions feature108

chaparral, grass-oak savanna, and urban areas. Also, fire ignition varies between regions109

and is mostly human-caused in urbanized regions, caused by dry lightning in the North-110

ern and Modoc regions, and of mixed natural and human-caused ignitions in the Sierra111

regions (Balch et al., 2017).112

2.2 Atmospheric Variables113

The XWT analysis was performed by using daily average (daily minimum and max-114

imum for 2 m temperature) atmospheric fields from the European Centre for Medium-115

Range Weather Forecasts’ (ECMWF) fifth generation global reanalysis (ERA5) (Hersbach116

et al., 2020) over the GWIS data record. ERA5 assimilates a large variety of observa-117

tional data including satellite, surface-based, and airborne data. We tested 33 variables118

concerning their predictability for extreme daily burned areas, which can be separated119

in dynamical forcing (zonal, meridional, and total wind speed at 10 m, 850 hPa, 500 hPa,120

and 200 hPa; geopotential height at 500 hPa; sea level pressure), thermodynamic forc-121

ing (air temperature at 2 m, 850 hPa, and 500 hPa), moisture (mixing ratio, relative hu-122

midity, and moisture flux at 2 m, 850 hPa, and 500 hPa and precipitable water), and con-123

vective forcing (convective available potential energy, convective inhibition, level of free124

convection, and lifting condensation level). These variables were selected due to their125

relevance in prescribing the large-scale flow conditions and their impact on fire behav-126

ior.127

To analyse historic and projected future changes in XWT frequencies in each of128

the eight California fire regions we detect XWT days in in three ensemble datasets.129

First, we use the third version of the NOAA-CIRES-DOE 20th Century Reanal-130

ysis (NCD20C) (Slivinski et al., 2019) to understand historic changes in XWT frequen-131

cies. NCD20C is a probabilistic reanalysis product with 80 ensemble members that al-132

low the statistical analysis of XWT trends within the period 1900–2015. It has an ef-133

fective resolution of 60 km at the equator, assimilates a large set of pressure observations,134

and is forced by pre-described sea surface temperature and sea ice fields. It has a largely135
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improved representation of storm intensity, more accurate estimates of confidence inter-136

vals, reduced errors, and large-scale reductions in model biases than previous versions.137

Second, we analyze the Community Earth System Model (CESM) large ensemble138

dataset (LENS) (Kay et al., 2015) to understand the impact of natural variability and139

forced climate change on XWT frequencies. LENS consists of 40 ensemble members that140

are identical except for chaotic perturbation of the initial condition temperatures. The141

model grid spacing is one degree and each member covers the period 1920–2100. His-142

toric forcing are applied to the period 1920-2005 and representative concentration path-143

way 8.5 (RCP8.5) forcing were used from 2006–2100 (Meinshausen et al. 2011; Lamar-144

que et al. 2011).145

The third dataset that we use in the XWT frequency change analysis are CESM146

single forcing experiments (Deser et al., 2020). These simulations are identical to the LENS147

simulations except for one forcing agent being held constant on its 1920 level. We are148

using the fixed greenhouse gas (no-GHG) and fixed aerosol (no-AER) ensemble in this149

study. Each of them consist of 20-members that vary in slight temperature perturbations150

in 1920 and provide data until 2080. The effect of e.g., greenhouse gases on XWT fre-151

quencies is derived from the difference between the single forcing run with constant green-152

house gasses and the full forcing (LENS) simulations.153

For assessing the large-scale patterns that were associated with the 2020 fires, we154

use analysis data from ECMWF’s integrative forecasting system (IFS) (Gregory et al.,155

2000). IFS is the operational forecasting model of ECMWF and analysis data is avail-156

able in near real-time whereas ERA5 data has a time lag of a few months.157

2.3 Extreme Weather Typing (XWT) Analysis158

We use the GWIS daily burned area product to define XWTs because of its long159

period and favorable performance (i.e., higher skill scores) in defining XWTs compared160

to using the Parks dataset (not shown). First, we accumulate the daily burned area in161

each of the eight fire regions and select the top N events that are at least 7 days apart.162

Second, we load the 33 ERA5 variables in a region that is 5◦ larger than the edges of163

the sub-region of interest within the GWIS period (Jan. 2001 to Nov 2019). The vari-164

ables are pre-processed by removing the annual cycle through subtracting the domain165

average low-pass filtered (21-day equal filter length) time series from each day. Next, we166

remove the domain average linear trend to minimize the impact of climate change and167

variability on the XWTing and calculate climatological anomaly fields. In the last pre-168

processing step, we normalize the daily fields to give the variables equal weight and to169

constrain the analysis solely to spatial patterns. It is important to mention that the us-170

age of normalized anomaly patterns (i.e. spatial gradients) does not account for variable171

amounts (e.g., how hot it was on an extreme fire day). This generally improves the XWT-172

ing skill and allows us to differentiate between changes in the large-scale dynamics (e.g.,173

the frequency of an extreme pattern) and changes in its thermodynamics (e.g., the tem-174

perature on extreme fire days). After the preprocessing, the top N days concerning burned175

area are selected and the data is clustered by using hierarchical density-based cluster-176

ing (HDBSCAN) (McInnes et al., 2017). For more details on the XWTing algorithm see177

Prein and Mearns (Prein & Mearns, 2021).178

We optimize the cluster analysis by testing all possible combinations of up to three179

variables out of the 33 variables (6017 possible combinations). Previous analysis has shown180

that using three or fewer variables results in close to optimum clustering performance181

and also substantially reduces the necessary computational costs (Prein & Mearns, 2021).182

In addition to the variable combination, we also test N (the number of considered ex-183

treme events) equal 4, 6, 10, and 15. A summary of this analysis and the selected vari-184

able combination that resulted in optimal skill in each sub-region is shown in Fig. S1.185

The variables that result in the highest predictive skill are mostly related to low-level186
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moisture and temperature patterns. The lifting condensation level pattern is particu-187

larly important in the Modoc, Sierra East, Sierra West, and Bay Area (Fig. S1).188

The skill of the XWTing is calculated from a split-sample analysis where XWTs189

are derived based on one half of the data period and their skill is evaluated compared190

to the other half. XWTs are skillful if they allow identifying extreme fire days based on191

their similarity (Euclidean distance) to an XWT centroid (mean state) and individual192

days within each XWT. Several skill scores were tested and we decided to use the av-193

erage of two scores that target different error characteristics.194

The first score is the “area under the ROC (Receiver Operating Characteristics)195

curve” (AUC) (Wilks, 2011) skill score. The ROC curve is based on two parameters at196

different classification thresholds – the False Positive Rate (the ratio of false positives197

to false positives and true negatives) and the True Positive Rate (the ratio of true pos-198

itive to true positive and false negative). The AUC is the integral under the ROC curve199

where a value of 1.0 indicates a perfect model and a value of 0.5 indicates a model with200

no skill.201

The second score is the Average Precision-Recall score (Saito & Rehmsmeier, 2015)202

(APR). Similar to the AUC this score consists of two variables - precision and recall. Pre-203

cision is defined as the ratio between true positive to true positive plus false positive and204

recall measures the ratio between true positive to true positive and false negatives. The205

APR is the integral under the precision-recall curve and varies between 0.0 and 1.0, where206

1.0 indicates a perfect model.207

In addition to the split-sample testing, we also test the predictive skill of XWTs208

by removing single years with extreme burned area days from the training period and209

test if the derived XWTs allow detecting the removed extreme event day according to210

its similarity in weather patterns. Removing the largest fire event from the training pe-211

riod is a good test of whether events can be detected that are – after removing them –212

unprecedented in the training period. For these tests, we use the false alarm rate (Wilks,213

2011) for skill assessments (a value of 0.0 is perfect and a value of 1.0 denotes no skill).214

3 Results215

3.1 Extreme Fire Weather Types216

Daily time series of burned areas are characterized by a clear seasonal cycle with217

summer and autumn maxima (Jin et al., 2015) and feature distinct peak events such as218

shown on the example of the Los Angeles (LA) region in Fig. 1b. Extreme fire days dom-219

inate the statistics of total burned area with the top one percent of days accounting be-220

tween 35 % [±6 %] in the Northern region and 77 % [±18 %] in the San Diego region (shown221

is the median and standard deviating of the VIIRS, MODIS, and GWIS datasets). The222

rapid increase and decay of daily burned areas indicates that extreme fire days are closely223

related to short-term weather conditions more so than slowly changing factors, as found224

in other regions (Abatzoglou & Kolden, 2011; Riley et al., 2013).225

Fig. 2a,b shows the the two identified XWT patterns in the LA region. Using the226

10 largest fire days and considering mixing ratio 2 m above ground, sea level pressure,227

and 10 m wind speed anomaly patterns result in the highest classification skill in this re-228

gion. The first XWT pattern (LA-A) is associated with intense and very dry Santa Ana229

winds that arise due to a strong pressure gradient between the U.S. desert Southwest230

and California (Fig. 2a) (Raphael, 2003). Extreme fires that are associated with this pat-231

tern occur most frequently between September and May but can occasionally also hap-232

pen in late spring, which is in line with previous studies of Santa Ana wind events (Raphael,233

2003). The largest daily burned area in the LA region associated with this XWT is the234
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Old Fire from October 26, 2003 (Fig. 2c). The strong offshore winds resulted in rapid-235

fire-spread and transported smoke far out into the Pacific.236
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Figure 2. The most extreme fire days are related to archetypal large-scale weather patterns

(XWTs). a,b) In the LA region, two XWTs are identified as being related to extreme daily

burned areas. The first XWT is associated with strong Santa Anna winds (LA-A) that occur

on the west side of a mid-level trough causing very strong and dry offshore winds. The second

XWT (b) is related to plume-driven fires that develop under low-pressure anomalies (i.e., thermal

low pressure systems; LA-L) in the intermountain West causing onshore advection of moisture

at mid-levels. Histograms in the bottom left of a) and b) show the monthly occurance frequency

of the XWT days. The centroids of the three variables that characterize the XWTs are shown

in (a1, b1). These variables are 2 m above ground mixing ratio (MR2AVG), sea level pressure

(SLP), and 10 m wind speed. c,d) Show typical examples of fires under LA-A (wind-driven) and

LA-L (plume-driven) conditions.

The second XWT pattern (LA-L) is associated with much weaker large-scale forc-237

ing. A thermal low creates almost the opposite pressure distribution as during LA-A with238

anomalously high pressure over the Pacific and low pressure over the Intermountain West239

(Fig. 2b) resulting in onshore winds. Fires during LA-L days are typically plume driven240

and occur most frequently during the hottest months of the year (July and August) (Fig. 2b).241

A representative example of type LA-L is the Mountain Fire on July 17, 2013 (Fig. 2d).242

The XWTs for the other sub-regions are shown in Fig. S2–S8 and summarized in243

Fig. 3d. The coastal regions – San Diego, LA, Central Coast, and Bay area – each have244

a strong offshore XWT associated with Santa Ana and Diablo Winds. Additionally, they245

also feature an XWT that is associated with cyclonic flow due to a thermal low-pressure246

system leading to onshore flow. The Central Coast has an additional third XWT that247

is associated with very weak large-scale forcing (CC-W) and results in fires that are largely248

plume-driven. Atmospheric ridging/troughing causes favorable fire weather conditions249

in the remaining regions particularly in the Northern region where XWTs are related250

to troughts in the west (N-TW), east (N-TE), and riding (N-R). Circulation patterns251

associated with thermal low-pressure systems and anticyclones are important in the Sierra252

West and Sierra East region. A more detailed description of the XWTs can be found in253

the supplement.254

To better understand the robustness and predictive skill of these XWTs, we per-255

form a leave-one-year-out cross-validation by removing the years with the top four days256
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Figure 3. a) Daily burned are time series in San Diego with the Witch Creek Fire fire year

highlighted in red. b) Withholding this year from training, the XWT algorithm identifies the

Witch Creek fire day (Oct. 10, 2007) as the day with the most favorable burned area conditions

(i.e., a small Euclidean distance to identified XWTs) besides being unprecedented in its magni-

tude in the training period. c) Similar to b) but for the largest four fire days in each region. False

alarm rates (FAR) close to zero mean that the fire weather on the withheld extreme fire day was

similar to XWTs in the training period. The symbol and font colors show the dominant weather

process within the XWT day as described in the legend in d). The average FAR in each region is

shown in the legend of c). d) Overview of the synoptic conditions (arrow colors) and predominant

low-level wind direction of identified XWTs in all eight sub-regions.

with the largest burned areas each from the training period and test if we can detect the257

removed extreme day based on the derived XWTs. An example of this test is shown in258

Fig. 3a for the San Diego region where we removed the year 2007 from the XWT train-259

ing period, which contained the record-shattering fire growth day of October 22nd (i.e.,260

the Witch Creek fire). The XWTs that are derived by using the remaining years allow261

us to skillfully detect October 22nd as the most ”dangerous” fire weather day of the year262

according to its large-scale weather conditions (i.e., lowest Euclidean distance to iden-263

tified XWTs; Fig. 3b). These conditions had a rapid onset and decay since October 21st264

and 23rd were much less similar to historic XWT conditions and featured much smaller265

burned areas. This example highlights that the XWT framework can detect extreme events266

that are unprecedented in the training period as long as the extreme day is related to267

a synoptic weather pattern that caused large burned areas in the training period. We268

repeated this analysis for the top four fire days in all sub-regions and calculated the false269

alarm rate for evaluating the skill of detecting the omitted events (Fig. 3c). Most events270

can be skillfully detected with the highest skill (lowest false alarm rate) for fires in the271
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Modoc, the Northern region, San Diego, the Sierra West, and Central Coast region. Low-272

est skills are fond for the Sierra East region. We also see a tendency that fires with large273

daily burned areas have lower false alarm rates compared to less extreme fires days. It274

is important to mention that these skill estimates are conservative since we remove im-275

portant data points from an already short record.276

3.2 Historic Changes in California Fire Weather277

To understand long-term historic changes in fire weather frequency, we identify XWT278

days in the 80-member NOAA-CIRES-DOE 20th Century Reanalysis (NCD20C) (Slivinski279

et al., 2019), the 40-member Community Earth System Model (CESM) Large Ensem-280

ble (LENS) (Kay et al., 2015), and the CESM single forcing 20-member ensemble (SFE)281

(Deser et al., 2020). NCD20C allows us to calculate ”observed” historic changes in XWT282

frequencies. LENS provides information on the role of natural variability and forced cli-283

mate change in the observed frequency changes, and SFE allows us to attribute these284

changes to greenhouse gasses or aerosol forcing changes.285

Our reference climate period is 1920–1960, which is compared to the current pe-286

riod 1975–2015 and a future period 2040–2080. We identify XWT days by regriding the287

XWT centroids (e.g., Fig. 2a1) to the NCD20C, LENS, and SFE grid and searching for288

days with similar patterns (i.e., low Euclidean distances, see Fig. S9 and S10 for an ex-289

ample). We select the annual event (i.g., the 116 days with the lowest Euclidean distance290

in the NCD20C record) and count their frequency in each 40-year long period. Other291

return periods like the one in three year event lead to similar results (not shown).292

An example for the frequency changes in the LA-L XWT pattern is shown in Fig. 4b.293

The NC20C dataset shows large interdecadal variability with a 40 % higher frequency294

of LA-L XWT days in the current climate than in the reference period. Part of this in-295

crease might be cause by forced climate change since the median frequency change in296

LENS is 20 % over the same time period. LENS shows a clear decrease in LA-L XWT297

days towards the end of the 21st century, which gets significant (ensemble interquartile298

spread excludes zero) around 2050. This frequency decrease does not occur in the no-299

GHG emission simulations, which means that the decrease can be attributed to increased300

greenhousegas forcing. The no-AER simulations show an even stronger decrease than301

the LENS ensemble indicating a small increase in LA-L XWT days due to aerosol forc-302

ing changes. XWT frequency time series changes for other regions and XWTs are shown303

in supplementary Fig. S11.304

We find the largest and most significant changes in XWT frequencies due to a north-305

ward shift in thermal low pressure systems (Fig. 4a). This class of XWTs are projected306

to significantly decrease in southern California (San Diego and LA region) with an emer-307

gence time of significant changes around 2050 and significantly increases in the Central308

Coast and particularly in the Sierra-West region. The increasing frequency signal already309

emerged from climate internal viability around 2000 in the Sierra-West region while time310

of emergence is around 2030 in the Central Coast region according to the LENS dataset.311

The decrease in southern regions and increase in central regions can both be attributed312

to increasing greenhousegas emissions (Fig. 4d) and indicate a northward shift in ther-313

mal low pressure systems due to atropogenic climate change.314

Other XWT frequency changes are less systematic and non-significant (Fig. 4c). Ex-315

ceptions are the high pressure (M-H) and the trough in the east (M-TE) type in the Modoc316

region that both significantly decrease in frequency due to increased greenhouse-gas forc-317

ing. Historic changes in XWT frequencies can be significant but are largely due to cli-318

mate internal variability as can be seen in the low correlation between XWT frequency319

changes in the NCD20C and LENS ensemble (Fig. 4c).320
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Figure 4. Annual XWT frequency changes during the 20th and 21st century. a) 40-year mov-

ing average LENS ensemble median changes in thermal low XWT frequencies in different fire

region compared to the reference period (1920–1960). Significant changes (interquantile ensemble

spread excludes zero) are shown with bolt lines. b) Frequency changes in the thermal low XWT

in the LA region (LA-L) from the NCD20C (black), LENS (blue), no-GHG (red), and no-AER

(orange) datasets. The ensemble median is show in bolt lines and the ensemble interquantile

spread is shown in blue and gray contours for the LENS and NCD20C data, respectively. c)

XWT mean frequency changes in the NCD20C (x-axis) and LENS (y-axis) ensemble for the his-

toric period 1975-2015 minus 1920-1960 (arrow tail) and the LENS projections 2040-2080 minus

1975-2015 (arrows heads). Bold fonts indicate significant change in the NCD20C dataset and

thick arrows show significant future changes in LENS. d) Attribution of XWT frequency changes

to increasing greenhouse-gas (x-axis) and aerosol concentrations changes (y-axis) based on CESM

single forcing runs in the period 1975–2015 (arrow tail) and 2040-2080 (arrow head). Significant

changes from greenhouse-gases/aerosols are indicated with a G/A at the arrow head, respectively.

Significance is assessed by a two-sided Mann-Whitney U test (P=0.025).
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3.3 The Record-Breaking 2020 Fire Season321

The 2020 fire season broke several California records. As of December 20, 2020, an322

area of more than 5,840 km2 was burned, which is 65 % more than in 2018, which held323

the previous record (CALFIRE, 2020). Fires in 2020 were most active in northern Cal-324

ifornia where records in the daily burned area were broken in the Central Coast, Bay Area,325

Northern, and Sierra West regions (according to FIRMS MODIS observations). Simi-326

lar to previous years, extreme fire days also largely impacted the total burned area in327

2020 with the top 3 days accounting for 41 %, 54 %, 26 %, and 28 % of the total burned328

area in the Central Coast, Bay Area, Northern, and Sierra West regions, respectively.329

Since 2020 is not included in the previously used datasets, we here use the FIRMS VI-330

IRS real-time dataset to identify the largest burned area days and ECMWF’s IFS anal-331

ysis data for the XWT analyses.332

The Bay Area experienced a massive spread of fires on August 19, 2020 (Fig. 5c).333

Most of these fires were ignited by dry lightning on August 16 and 17. An anticyclone334

developed off the coast of California on August 18 that intensified and brought strong335

and dry northeasterly winds to large parts of the Bay Area and Central Coast (Fig. 5a)336

that were aligned with the underlying topography resulting in an eleven-fold increase in337

pixel area with detected fires (according to VIIRS) from August 18 to August 19 (Fig. 5f).338

The anticyclone moved further offshore on August 20, resulting in weaker winds and lower339

daily burned areas. This pattern represents an XWT that is distinctly different (FAR=0.62)340

from the two previously identified XWTs (Fig. S4). Searching for this new pattern in ERA5341

shows that it previously occurred on July 10, 1985, during the ”Northern California Light-342

ning Siege” (Supplementary Fig. S12) where it contributed to large daily burned areas343

from fires that were started by over 25,000 lightning strikes. The XWT also occurred344

on July 9, 2018, where it did not cause large burned areas probably due to the lower num-345

ber of active fires in the region. From our analysis, it is unclear if this new XWT is re-346

lated to dry lightning but it occurs during the summer months where dry lightning is347

most frequent. The August 19, 2020 weather pattern was also related to record-breaking348

daily burned areas in the Central Coast and Northern region.349

The second big fire event of 2020 in the Bay Area happened on September 28 where350

strong offshore winds resulted in rapid fire growth (Fig. 5b). The weather pattern is closely351

related to BA-D conditions (Diablo winds; the false alarm rate is 0.08).352

Another region that saw record-breaking daily burned areas in 2020 is the Sierra353

West region. The daily burned area record for this region shows a more continuous burn-354

ing behavior with an area of pixels with detected fires of ∼270 km2 per day between Au-355

gust 20 and September 29 (according to FIRMS VIIRS). The two peak fire days in this356

region that are at least seven days apart occurred on September 9 and September 17,357

2020 (Fig. S13). September 9 does not resemble one of the identified XWTs and is as-358

sociated with a cutoff-low in the southwestern U.S. that produced strong downslope winds359

in the region. The September 17 event is related to SW-L but the skill of detection would360

have been fairly low (false alarm rate is 0.16). This highlights the need to continuously361

update the identified XWTs since a longer training record length will increase the de-362

tection of potentially dangerous patterns and will give us a more complete understand-363

ing of the large-scale drivers of extreme fires in California.364

4 Conclusions365

We show that days with extreme daily burned areas in sub-regions of California366

are related to distinct extreme weather types (XWTs). Some of these XWTs are asso-367

ciated with well-known fire weather conditions such as Santa Ana or Diablo winds, while368

others are lesser-known since they occur under weaker large-scale forcing and fire growth369

depends more on local-scale factors and feedbacks between the fire and the atmosphere370
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Figure 5. The record-breaking area burned on Aug. 19, 2020, was related to a so-far un-

detected XWT. (a,b) Large-scale weather pattern during the two days with the largest burned

area of 2020 (a, Aug. 19; b, Sep. 28) in the Bay Area, based on IFS model analysis. The titles

above the maps show the day, the associated XWT, and the false alarm ratio (FAR). (c,d) Pixels

with detected fire for the largest fire day (red) and ±9 days around this day based on VIIRS

data (black). (e) Time series of daily pixel area with detected fires in the Bay Area from the

FIRMS MODIS-C6 data. (f,g) The period with the August and September peak burned areas

from MODIS-C6 (black) and VIIRS (red) data.

(e.g., plume-driven fires). It is important to notice that the occurrence of an XWT day371

is not sufficient for extreme burned areas since fire ignition and suitable fuels and fuel372

condition also have to be present. While previous studies have shown a relationship be-373

tween the occurrence of strong winds (e.g., Santa Ana winds) and fire ignitions from util-374

ity lines (Mitchell, 2013) our method did allow us to investigate a correlation between375

the occurrence of XWTs and dry lightning.376

Although some of the XWT frequencies have significantly changed during the 20th377

century, most of these changes are due to climate internal variability and do not continue378

into the future. However, future increases in greenhouse-gas concentrations are projected379

to significantly decrease thermal low XWT frequencies in southern California (San Diego380

and LA region) and significantly increase their frequencies in the Central Coast and Sierra381

West region. This indicates a northward shift of thermal lows in the future and will re-382

sult in a decreased/increased risk of days with large burned areas in the summer months383

in southern/central California. It is possible that thermal lows XWTs will emerge as a384

fire XWT in northern California in the future, while they did not dominate fire growth385

in these regions in the last 20-years. These changes in XWT frequencies will occur on386

top of other factors such as hotter and drier summers (Lenihan et al., 2003) and future387

fire activity in California will depend of the interaction of a large variate of climatic and388

socioeconomic changes.389

Our analysis of the 2020 fire season shows that some of the record-breaking fire days390

were related to weather conditions that were undiscovered using observational records391

from earlier periods. The combination of a widespread vapor pressure deficit and uncom-392

monly wide-spread dry lightning events in mid-August followed by extremely rare and393

strong northwesterly winds from an offshore anti-cyclone exemplifies the complex inter-394

action and compounding effects that are related to record-breaking daily burned areas.395
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This highlights the need for, but also the complexity of, future research to address cur-396

rent and future wildfire risks in California and other fire hotspots around the world. Im-397

portant fire XWTs might be missing from this analysis due to the short period for which398

intradaily satellite active fire detection data exists. Extending the daily burned area record399

and continuously updating the here-defined XWTs is, therefore, important.400
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Figure S1: Optimization of the XWT in each of the 8 fire regions. a) Tested variable combi-
nation ranked according to their average split sample skill score (zero is perfect). The vertical
line shows the 10th percentile of the best performing combinations. b) Box-whisker plots show
the skill score spread according to the variable uncertainty. c) Probability frequency heatmap
showing how often a variable was picked in the top 10 percent of the best performing vari-
able combinations. The 8 variables that were selected most frequently in the top performing
settings are highlighted in black boxes. These are the variables that were used in the testing
shown in panel b. The variables that were used in the final XWT are hatched. The tested
variables are (from left to right) convective available potential energy (CAPE), convective inhi-
bition (CIN), lifting condensation level (LCL), level of free convection (LFC), moisture flux at
2 m (MF2AVG), 500 hPa (MF500), and 850 hPa (MF850), vapor mixing ratio 2 m (MR2AVG),
500 hPa (MR500), and 850 hPa (MR850), precipitable water (PWAVG), relative humidity at 2 m
(RH2AVG), 500 hPa (RH500), and 850 hPa (RH850), sea level pressure (SLPAVG), 2 m aver-
age (T2AVG), maximum (T2MAX), and minimum (T2MIN) temperature, mean temperature at
500 hPa (T500), and 850 hPa (T850), zonal wind at 10 m (U10AVG), 200, hPa (U200), 500 hPa
(U500), and 850 hPa (U850), meridional wind at 10 m (V10AVG), 200, hPa (V200), 500 hPa
(V500), and 850 hPa (V850), wind speed at 10 m (WSPD10), 200, hPa (WSPD200), 500 hPa
(WSPD500), and 850 hPa (WSPD850), and geopotential height at 500 hPa (Z500).
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Figure S2: a,b) Two XWTs are identified in the San Diego region. SD-A is associated with
strong Santa Ana winds that occur on the west-side of a mid-level trough causing very strong, dry
offshore winds. SD-L is related to fires that develop under low-pressure anomalies (thermal lows)
in the intermountain West causing onshore advection of moisture at mid-levels. The centroids of
the three variables that characterize these XWTs are shown in (a1, b2). These variables are 2 m
above ground moisture flux (MF2AVG), daily average precipitable water (PWAVG), and 200 hPa
nothward wind speed.
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Figure S3: Similar to Supplementary Fig. S2 but showing the 3 identified XWTs in the Central
Coast region. CC-D is associated with strong ridging in the west and Diablo Winds along the
coast, CC-L features a thermal low and onshore wind advection, and CC-W is associated with
weak large-scale forcing and is likely dominated by local scale processes. The XWT centroids
are defined by daily average 2 m relative humidity (RH2AVG), sea level pressure (SLPAVG), and
10 m above ground wind speed (WSPD10).
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Figure S4: Similar to Supplementary Fig. S2 but showing the 2 identified XWTs in the Bay
Area. BA-D is associated with strong offshore, Diablo winds, BA-L features a thermal low
and onshore dry wind advection. The XWT centroids are defined by daily average 2 m relative
humidity (RH2AVG), 2 above ground moisture flux (MF2AVG), and 850 hPa northward wind
speed (V850).
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Figure S5: Similar to Supplementary Fig. S2 but showing the four identified XWTs in the North-
ern region. N-TE is associated with strong south westerly wind advection on the eastern side of a
trough, N-TW features strong northerly winds on the western side of a trough, N-R is associated
with westerly wind in a ridge, and N-W features northerly wind due to a high pressure ridge
over the continent. The XWT centroids are defined by daily average 2 m and 500 hPa relative
humidity (RH2AVG), and 200 hPa westward wind speed (U200).
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Figure S6: Similar to Supplementary Fig. S2 but showing the two identified XWTs in the Modoc
region. M-TE is associated with strong south westerly winds on the eastern side of a trough, and
M-H features anticyclonic circulation due to high pressure system over the intermountain west.
The XWT centroids are defined by daily minimum 2 m air temperature (T2MIN), 10 m above
ground wind speed (WSPD10), and 500 hPa geopotential heights (ZG500).
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Figure S7: Similar to Supplementary Fig. S2 but showing the three identified XWTs in the
Sierra East region. SE-TE is associated with strong westerly winds within a trough, SE-H
features strong southerly winds caused by an anti-cyclone over the Four Corners Region, and
SE-L is characterized by northerly winds caused by a cutoff low. The XWT centroids are defined
by 500 hPa relative humidity (RH500), daily minimum air temperature (T2MIN), and 200 hPa
northward wind speed (V200).
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Figure S8: Similar to Supplementary Fig. S2 but showing the two identified XWTs in the
Sierra West region. SW-TE is associated with strong northwesterly winds on the west-side of a
trough, SW-L is characterized by northeasterly winds within a thermal low pressure system. The
XWT centroids are defined by precipitable water (PWAVG), 2 m above gorund relative humidity
(RH2AVG), and 500 hPa geopotential height (Z500).
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Figure S9: Example for detecting XWTs in the NOAA-CIRES-DOE 20th Century Reanalysis
(NCD20C). The original LA-A XWT centroids (a–c) are regrided to the NCD20C grid (d–f).
Euclidean distances are calculated between these patterns and all days in the NCD20C dataset.
The normalized anomaly fields for the day with the lowest Euclidean distance (14.6 on October
20, 1904) is shown in (g–i).
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Figure S10: Average synoptic scale conditions for the five most similar days (lowest Euclidean
distance) in the NCD20C member-1 compared to LA-A. The map shows the same variables
as Fig. 2a,b except for the filled contour which shows Q2 instead Q850 since the latter is not
available for NCD20C.
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Figure S11: Frequency changes in the annual XWT event relative to the reference period 1975–
2015. Shown are time series for each fire region (rows) and XWTs (columns) from the 20CR
(black), LENS (blue), simulations without greenhouse gases changes (ghg; red), without aerosols
changes (aer; pink), and without landsurface changes (bmb; orange). Thick lines show ensemble
median changes. The interquantile ensemble spread is shown for the 20CR and LENS data
(contours). All time series are low-pass filtered with a 40-year moving average filter.
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a Northern California Lightning Siege b  

Figure S12: Occurrences of the new Bay Area XWT that was related to the record breaking daily
burned area in August 2020. Similar conditions caused large burned areas during the Northern
California Lightning Siege of 1985 (a) whereas the same pattern did not cause large burned areas
during its occurrence in July 2018 likely due to a smaller number of active fires before its onset.
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Figure S13: The record-breaking burned area on Aug. 9, 2020, in the Sierra West region was
related to a so-far undetected XWT. (a,b) Large-scale weather pattern during the two days with
the largest burned area of 2020 in the Sierra West region (a, Aug. 9; b, Aug. 17), based on
IFS model analysis. The titles above the maps show the day, the associated XWT, and the false
alarm ratio (FAR). (c,d) Pixels with detected fire for the largest fire days (red) and ±9 days
around this day based on VIIRS data (black). (e) Time series of daily pixel area with detected
fires in the Sierra West region from the FIRMS MODIS-C6 data. (f,g) Zoom into the time period
with the two fire outbreaks showing the MODIS-C6 (black) and VIIRS (red) data.
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