
1.  Introduction
Among U.S. states, California has the highest exposure to wildfires, with approximately 2,019,800 properties at 
risk (Verisk, 2020). The combination of increasing annually burned area (Abatzoglou & Williams, 2016; Wester-
ling, 2016) and large exposure resulted in exceptional economic losses with more than 20US$ bn in 2018 alone 
(Munich-Re, 2019). Potential causes for the large increase in burned area in California (FIRE, 2020) are manifold 
(Jin et al., 2014) and include an increase in atmospheric temperature and aridity caused by climate variability and 
change (Abatzoglou & Williams, 2016; Williams et al., 2019), a decrease of precipitation in recent decades due to 
fewer winter storms (Prein et al., 2016), an earlier start and later end of the fire season (Jolly et al., 2015), changes 
in forest management (Parks et al., 2015; Tempel et al., 2014), an increase in population (Radeloff et al., 2018), 
and its expansion of dwellings and infrastructure into former wildlands (Hammer et al., 2007). Since the early 
2000s, sub-daily observations of active fires from satellites have enabled products that estimate daily burned area 
on local scales (Artés et al., 2019; Davies et al., 2019), revolutionizing our ability to detect fire occurrence and 
progression. These observations allow us to analyze the impacts of weather on fire growth and confirm that the 
annual total burned area in California is disproportionately affected by a few large fires and those fires themselves 
burn most of the total burned area in only a few days.

Traditionally, fire weather indexes—for example, Fosberg Fire Weather Index (Fosberg, 1978; Goodrick, 2002) 
or the Hot/Dry/Windy Index (Srock et al., 2018)—are used to predict days with the potential for rapid-fire-spread. 
Those indices typically depend on local observations that account for atmospheric static stability and humidity 
profile in the lower atmosphere (Haines, 1989), fuel condition (Amiro et al., 2005), and low-level wind speed 
(Amiro et al., 2005). More recent studies also found that upper-level and nocturnal meteorology can lead to rapid-
fire-spread (Huang et al., 2009; Nimchuk, 1983; Peterson et al., 2015; Smith et al., 2018). However, state-of-the-
art climate models have large biases in simulating local scale fire weather conditions, making it difficult to study 
climate change impacts on future fire weather.

Abstract  Five of California's 10 largest wildfires occurred in 2020, with the largest complex exceeding 
the previous largest by more than 100%. The year follows a decade containing extraordinary fire activity. 
Previous trend investigations focused on changes in human activities and atmospheric thermodynamics, while 
the impacts of changing atmospheric dynamics are largely unknown. Here, we identify weather types (WTs) 
associated with historically large daily burned areas in eight Californian regions. These WTs characterize 
dominant fire weather regimes varying in fire behavior types (plume-driven vs. wind-driven fires) and 
seasonality. Most of the strongly large-scale forced WTs such as Santa Ana and Diablo events increased in 
frequency during the 20th century particularly in the San Diego and Bay Area regions. These changes are likely 
not anthropogenically caused and the frequency of such events is projected to decrease under continuing climate 
change. However, significant future increases are found for WTs associated with thermal-low-pressure systems 
along the California coast and in the Sierra west region. These increases in southern California are mainly 
due to increasing greenhouse-gas forcing and arise from the larger ocean-land temperature gradient while 
aerosol forcing changes are driving most of the increased frequency in central and northern California due to 
a reduction of relative humidity over land and a strengthening of low-pressure anomalies over the coast. These 
WT frequency changes could permit more weather favorable for large fire growth in summer and less in fall, 
further enhancing the risk of catastrophic fires due to hotter and drier summers in future climates.
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We focus on the synoptic-scale atmospheric conditions that were present during days of large daily fire growth in 
California's recent history. These synoptic-scale conditions are more reliable simulated in current climate models 
than local-scale phenomenon. We hypothesize that there is a limited set of weather types (WTs) that favor large 
daily fire growth, which is based on research preformed in the early and mid-20th century (Potter, 2012a).

The idea of using synoptic patterns to improve fire behavior and fire danger assessments was first proposed in 
the early-20th century focused for fire danger in the U.S. (Beals, 1914; Joy, 1923; McCarthy, 1923) and was later 
applied to other fire prone regions around the world such as Australia (Foley, 1947), and Canada (Newark, 1975). 
Schroeder et al. (1964) performed a landmark analysis for the Contiguous United States (CONUS) by using the 
fire load index, which incorporates various weather variables into a fire danger index, during the period 1951–
1960. Based on this index, they selected the most dangerous fire days and classified them in 14 regions over the 
CONUS. They separated California into Southern California and Northern and Central California. Four synoptic 
patterns were identified that cause the highest fire danger in the Southern California region, which are Subtrop-
ical High Aloft, Meridional Ridge-Southwest Flow, Pacific High-Post-frontal Type, and Santa Ana (i.e., Great 
Basin High) type. Similar types were identified for the Northern and Central California region. The Subtropical 
High occurs in the warmest season of the year and produces heat waves. Winds are typically weak but the atmos-
phere can be unstable. The southwesterly flow with a meridional ridge causes strong winds in higher elevated 
regions. The post-frontal type can result in high fire risk when the flow is coming from the northeast causing 
down-slope winds that adiabatically warm. An east to west pressure gradient is present during Great Basin High 
conditions resulting in Santa Ana winds in Southern California and Diablo/Mono winds in the center of the state. 
Hull et al. (1966) built on the work of Schroeder et al. (1964) and analyzed the frequency of critical fire weather 
patterns for each region with the aim to improve fire weather forecast.

More recent research mostly focuses on the three-dimensional multi-scale interaction of synoptic scale weather, 
mesoscale dynamics (e.g., mountain waves), and fire behavior and interested readers can find a review of this 
topic in Potter (2012a, 2012b).

Here, we update the techniques used, and expand on the detail provided by Schroeder et al. (1964) by using an 
objective data-driven method to define archetypal fire WTs and understand potential changes in their frequency 
under climate change. Therefore, we use daily burned area observations, state-of-the-art atmospheric reanalysis 
data sets, and large ensemble (LENS) climate model output.

2.  Data and Methods
2.1.  Fire Observations and Fire Regions

To understand how extreme fires evolve temporally, we employed daily burned area estimates based on satel-
lite active fire-detection data collected from the Global Wildfire Information System (GWIS) data set (Artés 
et al., 2019). GWIS has global coverage between January 2001 and November 2019. It is primarily based on 
satellite observations from the MODIS burnt area product Collection 6 (MCD64A1) and applies a data mining 
workflow to create a global database of individual fires that characterizes fires by type and fire regime.

Our analysis is performed on eight “homogeneous” fire regions that feature similar fuel and fire weather condi-
tions (Figure 1a). These regions are similar to the regions defined in California's Fourth Climate Change Assess-
ment (Bedsworth et al., 2018) except that we have split the Sierra Nevada region into east and west parts to 
account for their different fire weather conditions. No WTs were derived for the Central Valley and the Desert 
Southwest due to their small sample size of observed fires. The Northern and Sierra regions are mainly forested 
while the central and southern coastal regions feature chaparral, grass-oak savanna, and urban areas. Also, fire 
ignition varies among regions and is mostly human-caused in urbanized regions, caused by dry lightning in the 
Northern and Modoc regions, and of mixed natural and human-caused ignitions in the Sierra regions (Balch 
et al., 2017).

2.2.  Atmospheric Variables

The WT analysis was performed by using daily average (daily minimum and maximum for 2 m temperature) 
atmospheric fields from the European Centre for Medium-Range Weather Forecasts (ECMWF) fifth generation 
global reanalysis (ERA5; Hersbach et al., 2020) over the GWIS data record. ERA5 assimilates a large variety of 
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observational data including satellite, surface-based, and airborne data. We tested 31 variables concerning their 
suitability to identify days with extremely large burned areas (Table 1). These variables were selected due to their 
relevance in prescribing the synoptic-scale flow conditions and their impact on fire behavior (Amiro et al., 2005; 
Haines, 1989; Van Wagner, 1974).

To analyze historic and projected future changes in WT frequencies in each of the eight California fire regions we 
detect WT days in four data sets. First, we use the ECMWF 20th century reanalysis (ERA20C; Poli et al., 2016) 
which provides data from 1900 to 2010 at a grid spacing of approximately 125 km (spectral truncation T159).

Second, we use the third version of the NOAA-CIRES-DOE 20th Century Reanalysis (NCD20C; Slivinski 
et al., 2019). NCD20C is a probabilistic reanalysis product with 80-ensemble-members that allow the statistical 
analysis of WT trends within the period 1900–2015. It has an effective resolution of 60 km at the equator, assimi-
lates a large set of pressure observations, and is forced by pre-described sea surface temperature and sea ice fields. 

Figure 1.  California fire regions and accumulated burned area (indicated by circle size and color) of fires from the Monitoring Trends in Burn Severity (MTBS) 
(Eidenshink et al., 2007) data sets covering 1984–2016 (a). The accumulated daily burned area time series for the LA region (highlighted in red outline in panel (a)) 
based on the GWIS data set is shown in (b). Images of a typical wind-driven fire ((c); Old Fire) and plume-driven fire ((d); Mountain Fire) are shown to exemplify the 
importance of meteorological conditions on fire behavior.

 21698996, 2022, 9, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2021JD

035350 by U
niversity O

f C
olorado L

ibrari, W
iley O

nline L
ibrary on [24/10/2022]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



Journal of Geophysical Research: Atmospheres

PREIN ET AL.

10.1029/2021JD035350

4 of 19

It has a largely improved representation of storm intensity, more accurate 
estimates of confidence intervals, reduced errors, and large-scale reductions 
in model biases than previous versions.

Third, we analyze the Community Earth System Model (CESM) LENS data 
set (Kay et  al.,  2015) to understand the impact of natural variability and 
forced climate change on WT frequencies. LENS consists of 40-ensemble 
members that are identical except for chaotic perturbation of the initial condi-
tion temperatures. The model grid spacing is 1° and each member covers the 
period 1920–2100. Historic forcing is applied to the period 1920–2005 and 
representative concentration pathway 8.5 (RCP8.5) forcing was used from 
2006 to 2100 (Lamarque et al., 2011; Meinshausen et al., 2011).

The fourth data set that we use in the WT frequency change analysis is the 
CESM single forcing runs (SFR; Deser et al., 2020). These simulations are 
identical to the LENS simulations except for one forcing agent being held 
constant at its 1920 level. We are using the fixed greenhouse gas (no-GHG) 
and fixed aerosol (no-AER) ensembles in this study. Each of them consists 
of 20-members that vary in slight temperature perturbations in 1920 and 
provide data until 2080. The effect of greenhouse gases on WT frequencies is 
derived from the difference between the SFR with constant greenhouse gases 
and the full forcing (LENS) simulations. The same is done to derive the effect 
of aerosol forcing changes.

2.3.  Fire WT Analysis

The process of deriving WTs for each of the eight California fire regions is 
shown in Figure 2. First, we load the 31 ERA5 atmospheric variables in a 
region that is 15° larger than the edges of the region of interest (black box 

in Figure 2-1) within the GWIS period (January 2001 to November 2019). We tested different box sizes for the 
weather typing ranging from adding 5° to 20° around the focus region. We found little sensitivity to the domain 
size but overall a good performance for using a weather typing domain that is 15° larger than the focus region (not 
shown). Second, variables are pre-processed by calculating daily relative anomalies compared to the variable's 
climatology and by normalizing the daily fields (mean is zero and standard deviation is one) to give the variables 
equal weight. Using relative anomaly fields help to assign equal weights to variables that vary greatly access 
the weather typing region and improves the weather typing skill (e.g., 2 m above ground mixing ratio). The WT 
results allow us to differentiate between changes in the synoptic-scale dynamics (e.g., the frequency of an extreme 
pattern) and changes in its thermodynamics (e.g., the temperature on extreme fire days).

Third, we read the GWIS daily burned area product and accumulate the daily burned area in each of the eight 
fire regions and select the top K events that are at least 7 days apart. We select 7 days to sample independent 
weather situations since this is the duration when the drop in the auto-correlation function of minimum Manhat-
tan distances flattens in all regions (not shown). The presented results are largely insensitive to varying this value 
between four to 10 days. The pre-processed atmospheric variables in the analysis region (15° larger than region 
of interest) are selected for the top K days. We optimize the cluster analysis by testing all possible combinations 
of up to three variables out of the 31 variables (Table 1; 4,991 possible combinations). Previous analysis has 
shown that using three or fewer variables results in close to optimum clustering performance and also substan-
tially reduces the necessary computational costs (Prein & Mearns, 2021). The selected atmospheric variables are 
clustered by using the output of the Ward's minimum variance hierarchical clustering method as the seed for a 
K-means cluster algorithm (Wilks, 2011). The combination of these two methods is highly skillful in identifying 
weather patterns (Schiemann & Frei, 2010). We determine the number of clusters by using the elbow method, 
which identifies the clustering step where the acceleration of distance growth is the biggest. In addition to the 
hierarchical and K-means clustering, we also tested a hierarchical density-based clustering (McInnes et al., 2017) 
method, which resulted in comparable skill but produced a large number of WTs for each region, which made it 
difficult to work with its output.

Type of variable Variable Acronym [unit] Level

Dynamic Zonal windspeed U [m/s] 10 m,

Meridional windspeed V [m/s] 850 hPa

500 hPa

Total windspeed W [m/s] 200 hPa

Geopotential height Z [m] 500 hPa

Sea level pressure SLPAVG [hPa] Sea level

Thermodynamic Daily mean air temperature T [°C] 2 m

850 hPa

500 hPa

Daily min. air temperature T2MIN [°C] 2 m

Daily max. air temperature T2MAX [°C] 2 m

Moisture Mixing ratio MR [g/kg] 2 m

Relative humidity RH [%] 850 hPa

Moisture flux MF [g m/kg s] 500 hPa

Precipitable water PWAVG [mm] Integral

Convective a Level of free convection LFC [m] Above

Lifting condensation level LCL [m] Surface

 aConvective variables are calculated by using the most unstable parcel, where 
the parcel temperature and moisture are the averages over a 500 m deep layer.

Table 1 
Variables Used in the Weather Typing Analysis
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A summary of this analysis and the selected variable combinations that resulted in optimal skill in each region is 
shown in Figure 3. The variables that result in the highest predictive skill are mostly related to low-level moisture 
and temperature patterns, which agrees well with previous studies that identified hot-dry conditions as most 
favorable for wildfires in California (Dong et al., 2021). Additionally, 500 hPa geopotential height is also a good 
predictor in many regions. The lifting condensation level pattern is particularly important in the Modoc, Sierra 
East, and Sierra West region.

The skill of the WTs in identifying large fire growth days is calculated from a split-sample analysis where 
WTs are derived based on one half of the data period and their skill is evaluated compared to the other half. 
WTs are skillful if they allow identifying extreme fire days based on their similarity (Manhattan Distance) to 
a  WT centroid (mean state). We use the Manhattan Distance due to its benefits for high-dimensional applications 
(Aggarwal et al., 2001). We also tested the Euclidean Distance, which results in similar skill scores, and the 
Mahalanobis Distance, which resulted in errors for variables that contain many zeros (e.g., CAPE, CIN) due to 
singular covariance matrices.

Several skill scores were tested and we decided to use the average of two scores that target different error 
characteristics. The first score is the “area under the Receiver operating characteristics (ROC) curve” (AUC; 
Wilks, 2011) skill score. The ROC curve is based on two parameters at different classification thresholds—the 
False Positive Rate (the ratio of false positives to false positives and true negatives) and the True Positive Rate 

Figure 2.  Flow chart of WT methodology. (a) Daily predictor variables are read for a region (black rectangle) that is 15° larger than the fire region of interest (black 
polygon showing the Los Angeles region). For each day, up to N predictor variables out of the 31 variables (v) are read (we use N = 3 resulting in 4,991 possible 
combinations) within the analysis period 1 January 2001 to 30 November 2019. (b) The daily predictor variables are pre-processed by calculating relative climatological 
anomalies and by spatially normalizing their daily anomaly patterns (each daily predictor variable has a mean of zero and a standard deviation of one). (c) The 
accumulated daily burned area within the target region is loaded and K days with the largest burned area that are at least 7 days apart are selected. We use K = 19, 
which results in selecting one event per year on average (i.e., annual event due to the 19 yr long observational record). (d) The predictors of the 19 extreme fire weather 
days are selected and used in a hierarchical and k-means cluster analysis resulting in M WTs. The output of the clustering is WT centroids, Manhattan distances for each 
day within the analysis period, and skill scores to evaluate the performance of the WTs in detecting days with large fire growth.
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(the ratio of true positive to true positive and false negative). The AUC is the integral under the ROC curve where 
a value of 1.0 indicates a perfect model and a value of 0.5 indicates a model with no skill.

The second score is the Average Precision-Recall score (Saito & Rehmsmeier, 2015; APR). Similar to the AUC 
this score consists of two variables— precision and recall. Precision is defined as the ratio between true positive 
to true positive plus false positive and recall measures the ratio between true positive to true positive and false 
negatives. The APR is the integral under the precision-recall curve and varies between 0.0 and 1.0, where 1.0 
indicates a perfect model.

We use the Python sklearn (Buitinck et al., 2013; Pedregosa et al., 2011) package to calculate AUC and APR 
scores. We input a binary array as observations that is zero for all days except for the 19 days with the largest 
observed daily burned area, where it is one. As predictors, we calculate daily Manhattan distances to each identi-
fied WT and derive the minimum distance (i.e., the distance to the WT that the day is most similar to). Next, we 
normalize the daily minimum Manhattan distances to range from one (highest probability to be a WT day) to zero 
(lowest probability to be a WT day). This normalized array is used as the predictor in the skill score calculation.

3.  Results
3.1.  Fire WTs

Daily time series of burned areas are characterized by a clear seasonal cycle with summer and autumn maxima as 
shown for southern California by Jin et al. (2015) and feature distinct peak events such as shown in the example of 
the Los Angeles (LA) region in Figure 1b. Extreme fire days dominate the statistics of total burned area with the 
top 1% of days accounting for between 35% in the Northern region and 77% in the San Diego region. The rapid 
increase and decay of daily burned areas indicate that extreme fire days are closely related to short-term weather 
conditions more so than slowly changing factors, as found in other locations (Abatzoglou & Kolden, 2011; Riley 
et al., 2013).

Figure 3.  Average split sample AUC (a) and APR (b) skill score of all 4,991 tested variable combinations ranked from lowest to highest (one is perfect). The black 
vertical line shows the 10% of the best performing combinations. Probability frequency heatmap showing how often a variable was selected in the top 10% of the best 
performing variable combinations considering the AUC (c) and APR (d) score. The eight variables that were selected most frequently in the top performing settings are 
highlighted in black boxes. The three variables that are selected to define the final WT are hatched. The variables are described in Table 1.
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Figure 4 shows the identified WTs of the eight fire regions. San Diego, Los Angeles, and the Bay Area region 
have a pattern that Schroeder et al. (1964) called Great Basin High and that we refer to as Santa Ana (A) in San 
Diego and Los Angeles and Diabolo (D) in the Bay Area. This pattern is associated with an east to west pressure 
gradient that results in strong, very dry winds from the northeast. These WTs occur most frequently between 
September and November and have a secondary peak in May and June. This seasonality is consistent with Santa 
Ana related fires in Jin et  al.  (2014) but differs from other studies that found a peak in Santa Ana events in 
December and January (Guzman-Morales et al., 2016). These differences are likely due to the methodology that 
is used to identify Santa Ana events. Guzman-Morales et al. (2016), for instance, use a local definition of Santa 
Ana events according to the wind direction and speed in California while we use large-scale moisture and pres-
sure pattern that were present on large fire days, which also accounts for antecedent and non-local conditions in 
addition to weather settings.

Our algorithm split up the subtropical high WT from Schroeder et al. (1964) into multiple sub-types. The San 
Diego and Central Coast convective pattern (C; Figure 4c), the San Diego, Los Angeles, Central Coast, Bay Area, 
and Sierra West thermal low (L; Figures 4e, 4h, 4l, and 4x), the Modoc ridge in the west (RW; Figure 4r), and the 
Modoc and Sierra East high (H; Figure 4w). All of these patterns most frequently occur during in summer. The 
thermal low pattern is associated with large burned areas in all coastal regions (except the Northern region) and 
in the Sierra West. It is characterized by a weak cyclonic flow that develops due to the differential heating of the 
lower troposphere over land and the subsequent divergence of air aloft caused by the lifting of isobaric surfaces. 
Thermal lows can be embedded in thermal surface troughs (see Figure 4b for an example) but are non-frontal.

The meridional ridge-southwest flow type (Schroeder et  al.,  1964) is characterized by a trough west of the 
region of interest (TW). This pattern causes rapid fire growth in the Northern (N-TW; Figure 4n), Modoc (M-TW; 
Figure 4q), Sierra East (SE-TW; Figure 4s), and Sierra West region (SW-TW; Figure 4w). This WT occurs most 
frequently in mid-to late-summer.

The Pacific high, post-frontal type (Schroeder et  al.,  1964) is most prominent in the Northern region (N-TE; 
Figure 4m), however, the Diablo pattern in the Sierra West region (SW-D; Figure 4v) has a similar morphology. 
These patterns are most frequent in fall but can also occur in spring.

Some regions have an additional WT that is different from those described in Schroeder et  al.  (1964). It is 
unknown if these additional WTs did not cause hazardous fire weather in the weather record analyzed by 
Schroeder et al. (1964), if they did not occur during the analyzed time period, or if they were not detected by 
the method used in Schroeder et al. (1964). The Bay Area experiences a pattern with strong zonal flow (BA-Z; 
Figure 4k) and the Northern and Modoc regions have a WT with north-easterly flow due to ridging over the east 
Pacific (N-RW; Figures 4o and 4r). The Los Angeles and Sierra East regions have a third cluster that we do not 
identify as a WT due to their infrequent occurrence and relatively smaller burned areas (Table 2).

From Figure 4, it is obvious that some WTs can affect multiple regions such as the Santa Ana weather pattern 
in San Diego and Los Angeles. To understand if the WTs from one region could be used to identify large fire 
growth days in another region we performed a cross valuation and calculate the AUC and APR scores (Figure 5). 
While the AUC values can be similar among regions (e.g., using LA WTs in Modoc) the APR values are often 
much smaller due to the larger sensitivity of APR scores to false alarms. This analysis particularly highlights the 
dissimilarities between WTs in southern California (San Diego and Los Angeles) and northern California (North, 
Modoc, and the Sierra regions).

3.2.  Representation of Fire WTs in Reanalysis and Climate Model Output

To understand how well 20th century reanalyses and the CESM model can simulate fire WTs, we identify WT days 
in the ERA20C, 80-member NOAA-CIRES-DOE 20th Century Reanalysis (NCD20C; Slivinski et al., 2019), the 
40-member CESM LENS Kay et al., 2015), and the CESM single forcing 20-member ensemble (SFE; Deser 
et al., 2020). WT days are identified by regridding the WT centroids from the ERA5 to the ERA20C, NCD20C, 
LENS, and SFE grid pre-processing the daily predictor variables, and calculating Manhattan distances for each 
region and WT.

A comparison of the minimum normalized (according to grid cells and variables) Manhattan distances (minimum 
over the WTs in each region) among ERA5, ERA20C, and NCD20C for the common period of 2001–2010 is 

 21698996, 2022, 9, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2021JD

035350 by U
niversity O

f C
olorado L

ibrari, W
iley O

nline L
ibrary on [24/10/2022]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



Journal of Geophysical Research: Atmospheres

PREIN ET AL.

10.1029/2021JD035350

8 of 19

Figure 4.
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shown in Figure 6. We find large correlation coefficients between the NCD20C and the ERA5 reanalysis prod-
ucts in all regions, which means that similar days are identified as fire WTs independent of the data set used. 
However, much smaller correlation coefficients are found when comparing the Manhattan distances of ERA5 
with ERA20C. The reasons for the larger differences are unclear but it indicates that the NCD20C is a more reli-
able product for capturing fire WT days in California. The normalized Manhattan distances shown in Figures 6a 
and 6b have a minimum of σ/2 = 0.34 (half the standard deviation of a normalized Gaussian distribution). The 
smaller range in normalized Manhattan distances in the ERA20C data set is due to the coarser grid spacing of 
this reanalysis.

Next, we used the calculated Manhattan distances to analyze the monthly frequency of fire WTs. Therefore, we 
select the 41 days with the smallest Manhattan distances in the period 1970–2010 for each WT in each region. 
This corresponds to the annual event (i.e., 41 events in a 41 yr long period). Using different return periods such 
as the one in two or one in 5 yr event leads to similar results (not shown).

Figure 7 shows a comparison of monthly WT frequencies in the NCD20C, ERA20C, and LENS data. The histo-
grams from ERA5 (Figure 4) and NCD20C agree well considering the much smaller sample size of the ERA5 
histograms. Also, the current climate NCD20C and ERA20C agree well to each other with the exception of 
Central Coast Trough (Figure 7f), Bay Area Zonal pattern (Figure 7j), and Sierra West Diablo events (Figure 7t).

Concerning the comparison of LENS and reanalysis data, it is important to note that some differences might not 
be due to model deficiencies but due to natural climate variability. Generally, LENS can capture the seasonal 
cycle of most WTs. Larger differences occur in the Northern region's pattern with the ridge in the west, which 
peaks in August instead of July (Figure  7n). For the other regions and WTs, the differences between LENS 
and the reanalysis data sets are similarly large compared to the differences between the ERA20C and NCD20C 
reanalysis.

3.3.  Historic and Future Changes of California Fire Weather Patterns

Figure 7 also shows how the ensemble mean LENS monthly frequency of WTs is projected to change by the end 
of the 21st century (2060–2100). One of the most systematic changes is a significant increase in thermal low WTs 
in the San Diego (Figure 7b), Los Angeles (Figure 7e), Central Coast (Figure 7g), Bay Area (Figure 7k), and 
Sierra West (Figure 7b) regions. We will investigate the potential causes of these increases later in this section. 
Furthermore, systematic decreases occur for the Santa Ana and Diablo WTs (except in the Bay Area), which 
is in line with previous research (Brewer & Mass, 2016; Guzman-Morales & Gershunov, 2019). We see mixed 
changes in the response of WTs associated with troughs in the west (TW). These types increase significantly in 
the Modoc and Sierra East region but decrease substantially in the Sierra West and Northern region. High-pres-
sure WTs increase in the Modoc and Sierra East region and convective patterns increase in the Central Coast but 
decrease in San Diego. The seasonality of the WTs stays mostly unchanged except for the troughs in the west 
patterns (TW)  in the Modoc and Sierra East region that show a shift from mid-summer to late spring and early 
summer.

Next, we assess changes in the frequency of WTs by selecting the annual event (i.e., the 116 days with the lowest 
Manhattan distance in the NCD20C record of 1900–2015) and count their frequency in a moving 41 yr long 
period. Other return periods like the one in 5 yr event lead to similar results (not shown). Performing this anal-
ysis on the NCD20C and ERA20C data allows us to calculate “observed” historic changes in WT frequencies. 
However, trend estimates from reanalysis data sets have to be interpreted with caution since they can be affected 
by inhomogeneities and artificial signals (Wohland et al., 2019). LENS provides information on the role of natu-
ral variability and forced climate change in the observed and projected frequency changes, and SFE allows us to 
attribute these changes to greenhouse gases or aerosol forcings.

Figure 4.  (Previous page.) Fire weather type (WTs) centroids for the San Diego (SD), Los Angeles (LA), Central Coast (CC), Bay Area (BA), North (N) Modoc (M), 
Sierra East (SE), and Sierra West (SW) region (top-down). The WT average 850 hPa water vapor mixing ratio is shown in filled contours, and the average 500 hPa 
geopotential height is shown with black contour lines. Additionally, the 850 hPa wind speed and direction are shown with arrows except for the Modoc, Northeast, 
Sierra East, and Sierra West regions for which the 500 hPa wind field is shown. Histograms in the bottom left show the monthly occurrence frequency of the WT days. 
The title of each plot shows the number of days in each WT and the median, maximum (numerator), minimum (denominator) burned area, and the WT's acronym. 
These acronyms are Diablo (D), Santa Ana (A), Trough East (TE), Trough West (TW), Ridge (R), Ridge West (RW), Thermal Low (L), High Pressure (H), Convective 
(C), Zonal Flow (Z), and none (−).
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Time series of the annual average changes in WTs from the NCD20C, ERA20C, LENS, and SFR are shown 
in Figure 8. Comparing historic changes in WT frequencies shows that the observed changes can differ largely 
between the NCD20C and the ERA20C analysis in some regions and WTs and, additionally, these changes can 
be different than the simulated changes such as for the occurrence of Diablo and Santa Ana events. Diablo and 
Santa Ana events show an increasing frequency in the reanalysis (except for the Sierra West region in ERA20C) 
but no change or slight decreases in the LENS data. These differences can have two reasons: first, the model is 
unable to simulate historic climate trends, and/or second, the historic trend was predominantly caused by natural 
climate variability and does not correspond to the forced change that is represented by the LENS ensemble mean. 
The significant variability in the historic NCD20C and ERA20C reanalysis WT changes suggests that long-term 
natural climate variability is large and can dominate the change signal.

Figure 5.  Area under the ROC curve (AUC; black lines) and Average Precision-Recall score (APR, red lines) when using the WT centroids from one region to identify 
large fire growth days in the other regions.

Figure 6.  Comparison of daily minimum (over WTs) normalized Manhattan distances between ERA5 and ERA20C (a) and ERA5 and NCD20C (b) within the 
period 2001–2010 in the LA region. Shown are Manhattan distances that are normalized according to the number of grid cells and variables in each data set. Pearson 
correlation coefficient of daily minimum Manhattan distances between ERA20C against ERA5 (red dot) and the 80-member ensemble NCD20C distances against 
ERA5 (box-whisker plots) are shown for each region in panel (c). The box shows the ensemble interquartile range and the whiskers show the minimum and maximum 
correlation coefficient in the NCD20C ensemble.
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Figure 7.
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Comparing the LENS with the SFR time series in Figure 8 allows us to understand the forcing that causes WT 
frequency changes. For most WTs, the ensemble mean frequencies in the LENS and the SFR are similar through-
out the 20th century indicating that forced climate change was within the bounds of natural variability in the past. 
This changes for many WT patterns in the future. In Figure 7, we already identified an increase in thermal low 
patterns, which in the San Diego and Los Angeles region (Figures 8b and 8e) is mainly caused by greenhouse gas 
increases but largely results from changes in the aerosol concentrations in other regions. The decreases in Diablo 
and Santa Ana WT events are related to greenhouse gas emissions. The two regions that might be most affected 
by WT frequency changes are the Modoc and Sierra East. All of the WTs in these regions show significant 
increase mainly due to increased greenhouse gases.

One of the main outcomes of this analysis is the systematic increase of thermal low-pressure system WTs that 
might be a leading contributor to future periods during which weather can support large daily fire growth in 
California. To better understand the reason for the increasing frequency in thermal low-pressure systems, we 
must first understand under which conditions they form. Figure 9 shows the daily maximum temperature, relative 
humidity, 500 hPa geopotential height, and 850 hPa wind field anomalies during the six Los Angeles thermal 
Low WT days that occurred within the daily burned area observational record (see Table  2). Anomalies are 
calculated compared to the average July and August conditions, which are the peak months of these WTs. Much 
of the area within the Los Angeles region and its surroundings show significantly warmer temperatures and lower 
relative humidity. There are no significant anomalies in the geopotential height field in the weather typing domain 
but the 850 hPa field shows anomalously strong onshore flow into the Los Angeles region. The differential heat-
ing of the land compared to the ocean causes the heated air to rise over land and results in divergence flow aloft, 
which creates the thermal low. In addition to the very dry and hot conditions, fire risk is further enhanced by 
the presence of CAPE (Figure 4e), which makes these environments conductive to plume-driven fires. Climate 
change will further increase the ocean-land temperature gradient in July and August while relative humidity is 
projected to stay similar (Figure 10). This increase in differential heating is more favorable for the development 
of thermal low-pressure systems.

Changes in the aerosol forcing also affect the frequency of thermal lows, particularly in northern and central Cali-
fornia where aerosol changes can dominate the change signal (e.g., in the Bay Area, Figure 8k). Figure 11 shows 
that keeping greenhouse gas concentrations constant results in significantly reduced sea level pressure along the 
coast of California in addition to significantly reduced relative humidity during July and August. These changes 
are a combination of changes in aerosol forcing, land use/land cover, stratospheric and tropospheric ozone, and 
natural radiative forcings. We hypothesize that this decrease in sea level pressure is enhancing the frequency of 
thermal lows pressure systems, however, the decrease might very well be related to more frequent thermal lows. 
Additionally, the reduction in relative humidity over land is likely to increase sensible heating, which in turn is 
favorable for the development of thermal lows. A more detailed analysis of how changes in aerosol forcing could 
cause a decrease in coastal sea level pressure and relative humidity is beyond the scope of this study but should 
be the focus of future research.

As seen in Figure 8k, the large increase in projected thermal low-pressure WT frequencies in the 21st century is a 
combination of the changes in greenhouse-gas and aerosol forcing where greenhouse-gas forcing is more impor-
tant in San Diego and Los Angeles and aerosol forcing changes are more important in the central and northern 
regions.

We do not perform an in-depth analysis of the causes of decreasing Santa Ana and Diabolo events since previous 
studies have already shown that climate change decreases the southwestward pressure gradient force that drives 
these winds (Guzman-Morales & Gershunov, 2019).

Figure 7.  Monthly frequency of current climate (1970–2010) WTs in the NCD20C (gray bars), ERA20C (black bars), LENS (blue bars), and future climate (2060–
2100) LENS simulations (red line). Results for different fire regions are shown in rows and WTs are shown in columns. Months that have significantly different WT 
frequencies in the current climate LENS simulations compared to NCD20C are highlighted with a blue asterisk and months where ERA20C frequencies are outside of 
the NSD20C spread are highlighted with a black star. Months with significant changes in future climate WT frequencies are highlighted with a red asterisk. Significance 
is assessed by a two-sided Mann-Whitney U test (P = 0.05).
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Figure 8.  Changes in the 41 yr moving average ensemble mean time series of annual WT frequencies in different fire regions (rows) and for different WTs (columns) 
relative to the reference period 1920–1960. Results are shown for the NCD20C reanalyses (black solid line), ERA20C (black dashed line), LENS (blue line), no-GHG 
(red line), and no-AER (orange line). Additionally, the interquartile ensemble spread of the LENS (blue contour) and NCD20C (gray contour) is shown.
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4.  Conclusions
We use a clustering approach to identify fire WTs that are related to observed extreme daily burned areas in 
sub-regions of California. Many of the identified types are similar to fire weather patterns that were identified in 
the 1960s using a more subjective methodology and different input data (Schroeder et al., 1964). This similarity 
indicates that these patterns are robust contributors to extreme fires in California. Additionally, the similarity 
confirm that the Schroeder et al. (1964) patterns, which were based on fire weather not actual burned area, are 
related to the largest daily burned area days on record. We also found a few additional patterns that were not 
included in (Schroeder et al., 1964), such as a strong zonal flow pattern in the Bay Area, or an east Pacific ridge 
pattern that causes large burned areas in the Northern and Modoc region. The reasons why these patterns were 
not identified in (Schroeder et al., 1964) is unclear but their existence indicates that there might be other so-far 
undetected patterns that did not occur in our observational record. One major benefit of our results is that we 
present an objective method that allows to identify potential dangerous fire weather patterns in numerical weather 
and climate model data, which was not feasible with the results presented in Schroeder et al. (1964).

The main fire WTs and their projected frequency changes by the end of the 21st century are:

1.	 �Diablo and Santa Ana winds: A large pressure gradient between the U.S. desert southwest and California is 
driving strong, very dry downslope winds. This WT occurs most frequently in fall but has a secondary peak in 

Figure 9.  Two meters above ground daily maximum temperature (a), daily average relative humidity (b), 500 hPa height geopotential height (c), and 850 hPa wind 
field (c) anomalies comparing Los Angeles thermal low WT conditions (6 days in Table 2) with the 2001–2019 July and August mean conditions. Hatching indicates 
significant anomalies according to the two-sided Mann Whitney U test (P = 0.05).

Figure 10.  Two meters above ground daily maximum temperature (a) and daily average relative humidity (b) climate change signals from the ensemble mean LENS 
simulations comparing July and August conditions during 1975–2015 with 2060–2100. Hatching indicates significant anomalies according to the two-sided Mann 
Whitney U test (P = 0.05).
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spring. The affected regions are San Diego, Los Angeles, Bay Area, and Sierra West. 20th century reanalyses 
indicate that Diablo and Santa Ana events increased in frequency during the last century. This trend is not 
expected to continue since climate model projections show that these events decrease in frequency (except 
in the Bay area) as a result of increasing greenhouse gas forcing, which is in line with previous research 
(Guzman-Morales & Gershunov, 2019)

2.	 �Thermal low-pressure systems: The differential heating over land compared to the east Pacific during the peak 
of summer results in the development of shallow low-pressure systems in California (thermal lows). Thermal 
low WTs are associated with anomalously dry and hot conditions over land and can partly feature atmospheric 
instabilities that can support plume-driven fires. Thermal low WTs are projected to become significantly more 
frequent due to a greenhouse gas-induced increase in the ocean-land temperature gradient and an aerosol 
forcing-induced low-pressure anomaly over coastal California and drying over land

3.	 �Meridional ridge-southwest (TW): Anomalously dry and strong southwesterly winds are triggered by a trough 
in the eastern Pacific that causes large fire growth in central and northern California. This WT occurs typically 
in summer and early fall and is projected to significantly increase in frequency in the Modoc and Sierra East 
region but decrease in the North and Sierra West region

4.	 �High pressure: This WT occurs due to a westward shift in the subtropical high causing very hot and dry 
conditions and rapid fire growth in the Modoc and Sierra East region during summer. High-pressure WTs are 
expected to increase in frequency in the Modoc due to greenhouse gas forcings and, in the Sierra East region, 
a combination of greenhouse gas and aerosol change

5.	 �Convective: Atmospheric instability is the dominant feature in this WT that promotes rapid-fire growth in 
southern California during late summer. This pattern is projected to decrease in San Diego but increase in the 
Central Coast region

It is important to notice that the presence of a fire WT day is not sufficient for the occurrence of extreme burned 
areas since fire ignition and suitable fuels and fuel condition also must be present. Previous studies have shown a 
relationship between the occurrence of strong winds (e.g., Santa Ana winds) and fire ignitions from utility lines 
(Mitchell, 2013). Future analysis should focus on the relationship between fire WTs and dry lightning. Addition-
ally, fire growth is also modulated by antecedent conditions (Higuera & Abatzoglou, 2020; Holden et al., 2018; 
Parks & Abatzoglou, 2020; Potter & McEvoy, 2021), which can effects the severity of a fire WT day. Lastly, we 
emphasize that we derive WTs over a comparatively short period of 20 yr. Thus, there might be additional fire 
WTs that we did not detect due to the short record and there might be patterns that become extreme under future 
warmer and drier conditions.

Figure 11.  Sea level pressure (a) and daily average relative humidity (b) climate change signals from the ensemble mean SFR simulations without greenhouse-gas 
concentration increases comparing July and August conditions during 1975–2015 with 2040–2080. Hatching indicates significant anomalies according to the two-sided 
Mann Whitney U test (P = 0.05).
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Although some of the WT frequencies have significantly changed during the 20th century, most of these changes 
are due to climate internal variability. Future analyses should focus on the origins of the historic trends and the 
origin of the large natural variability in historic time series ideally by using an ensemble of 20th century reanaly-
sis products (Wohland et al., 2019). Additionally, studies could focus on the decadal variations in fire WTs in the 
future and how those vary among regions. It is also possible that regions in California such as the Central Valley 
and the Desert Southeast that did not have enough recorded fires to be included in this analysis become more 
susceptible to fires in the future. How hazardous fire weather patterns look like in these regions could be assets by 
using for example, a fire weather index rather than fire observations to perform similar analyses as presented here.

We anticipate that future climate change will have a much more pronounced impact on the frequency of fire WTs 
than past changes. Extreme fire weather in California might be more frequent in future summers and less frequent 
in fall due to the systematic decrease of Diablo and Santa Ana WTs and the significant increase in thermal low 
and high-pressure WTs. These changes in WT frequencies will occur on top of other factors such as hotter and 
drier summers (Lenihan et al., 2003). Importantly, changes in WT frequencies do not solely depend on increasing 
greenhouse gas concentrations but are a result of the complex interactions between changes in greenhouse gases 
and aerosols. This means that significant increases in some WTs such as thermal lows in central and northern 
California might occur even with aggressive greenhouse gas emission reductions.

Data Availability Statement
ERA5 (Hersbach et al., 2020) and ERA20C (Poli et al., 2016) data can be accessed from Copernicus (2022). The 
NOAA-CIRES-DOE 20th Century Reanalysis V3 (Slivinski et al., 2019) data can be downloaded from NOAA-
CIRES-DOE  (2022). Fire observations can be accessed as follows: The Global Wildfire Information System 
(GWIS; Artés et al., 2017) from Artés Vivancos and San-Miguel-Ayanz (2018) and the Monitoring Trends in 
Burn Severity (MTBS) from USDA (2022). The code for the statistical analysis and visualization of data in this 
document can be accessed from Prein (2021).
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