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Abstract
Aim: Wildfire burned area, fire size, fire severity and the ecological and socio- economic 
impacts of fire have been increasing rapidly in California in recent decades. We sum-
marize the record- breaking 2020 wildfire season in California statistically, evaluate 
the drivers of high- severity burning in the 2020 fires and consider implications for fire 
and resource management.
Location: California, USA.
Time period: 2020, with consideration of long- term trends in many variables.
Major taxa studied: Humans, vegetation and wildlife.
Methods: We statistically summarize the record- breaking 2020 fire year in California 
and outline the salient ecological and socio- economic impacts. Then we fit two sta-
tistical models to determine how a suite of weather-  and fuel- related variables influ-
enced high- severity burning in different vegetation types and in different fire events 
during the 2020 fire season.
Results: In 2020, 1.74 million ha burned in California, 2.2 times more than the previ-
ous historical record but only average when compared with pre- Euroamerican condi-
tions. Economic losses exceeded $19 billion, and 33 people were killed directly by fire. 
Vegetation type and recent fire history had important effects on burning. Variability 
in high- severity burning among vegetation types was driven principally by vapour 
pressure deficit and wind speed; variability among fire events was related principally 
to time since the last fire (a surrogate for fuel loading).
Main conclusions: The 2020 fires were part of an accelerating decades- long trend of in-
creasing burned area, fire size, fire severity and socio- ecological costs in California. In fire- 
prone forests, the management emphasis on reducing burned area should be replaced by 
a focus on reducing the severity of burning and restoring key ecosystem functions after 
fire. There have been positive developments in California vis- à- vis collaborative action 
and increased pace and scale of fuel management and pre-  and postfire restoration, but 
the warming climate and other factors are rapidly constraining our options.
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1  |  INTRODUC TION

After decades of successful fire suppression, wildfire area and the 
occurrence of large wildfires have been increasing in California since 
the late 1980s (Figure 1; Keeley & Syphard, 2021; Miller et al., 2009). 
The first recorded million- acre (>405,000 ha) year in California was 
1999, with six of the following 21 years also surpassing this mark. 
Including 2021 (we are in the autumn fire season at the time of writ-
ing), 4 of the last 5 years have burned >405,000 ha, and the mean 
annual area burned over the same period is >900,000 ha (Figure 1). 
Nonetheless, after a series of staggering fire years [2017 and 2018 
killed 147 people, destroyed almost 35,000 homes and businesses 
and resulted in c. $34 billion in insured economic losses (2020 $s)], 
2019 was a whimper of a fire year, with only 105,000 ha burned and 
<750 structures lost (Safford et al., 2021; https://www.fire.ca.gov/
stats - event s/; http://iii.org).

Perhaps 2019 lulled people to sleep or we fell prey to wish-
ful thinking. But somehow 2020 seemed to catch Californians by 
surprise; 2020 was a record year for wildfire in California, with 
1.74 million ha burned in the state, more than doubling the previ-
ous documented record for annual area burned set in 2018 (0.8 mil-
lion ha). Once again, thousands of structures were burned and 
dozens of people lost their lives. Between August and November, it 
was hard to breath in most of the state. A lot has been written about 
the 2020 California fire year in government reports, in the media 
and on the Internet. The primary focus of these accounts has been 
on the magnitude of the wildfire events, the heroics of fire fight-
ers and the plights of the people and communities affected. Given 

that the events are only a year past, the scientific literature specific 
to the 2020 fire season is much thinner and has centred thus far 
on the roles of climate and weather (Higuera & Abatzoglou, 2020; 
Son et al., 2021), the health effects of wildfire smoke (Navarro & 
Vaidyanathan, 2020; Zhou et al., 2021) and the historical context of 
the fire events (Keeley & Syphard, 2021).

In contrast, many scientific studies have examined wildfire 
trends in California and the neighbouring western USA over the 
last 20– 100 years. The pattern is clear: fires are getting bigger and 
burning more intensely (Littell et al., 2009; Safford et al., 2021; Steel 
et al., 2018), and we probably should not be surprised by a year 
like 2020. But there is a debate about what is driving these trends 
and why 2020 was so big. Much of the recent literature focuses on 
the role of climate change in driving fire trends, and California has 
warmed notably in recent decades: the dry season has expanded, 
snowpack has receded, and the number and duration of drought 
events have increased (State of California, 2018). At the same time, 
burning has increased dramatically in forest- dominated northern 
California, where a century of fire exclusion has choked forests 
with live and dead fuels (Safford et al., 2021; Steel et al., 2015), 
but remained relatively steady in chaparral- dominated southern 
California, where the most profound climate warming has occurred 
(State of California, 2018; Figure 1 inset). Other factors are also at 
play, including mass bark beetle- driven tree mortality events, expan-
sion of other mortality agents, such as Phytophthora ramorum (the 
pathogen causing sudden oak death), invasion of highly flammable 
exotic grasses, and even changing fire management tactics (Safford 
et al., 2021).

F I G U R E  1  Trend in area burned by wildfires in California, 1980– 2020. Data are from CALFIRE (see main text). The dotted line represents 
the 5- year running mean. Red circles denote years with >405,000 ha (1,000,000 acres) burned. The red star indicates the area burned 
in 2021 as of 1 December (not included in the regression). Inset: Annual burned area 1980– 2020 in northern California (blue) versus 
southern California (orange; defined as Coast Ranges south of Monterey plus all lands south of the northern boundary of the Transverse 
Ranges)

R² = 0.272, 
P = 0.0005

0.0

0.2

0.4

0.6

0.8

1.0

1.2

1.4

1.6

1.8

2.0

1975 1980 1985 1990 1995 2000 2005 2010 2015 2020 2025

ah fo snoilli
M

Year

0

0.2

0.4

0.6

0.8

1.0

1.2

1.4

1970 1980 1990 2000 2010 2020

NorCal SoCal

R² = 0.483, P < 0.0001

R² = 0.061, P = 0.12

https://www.fire.ca.gov/stats-events/
https://www.fire.ca.gov/stats-events/
http://iii.org


    |  3SAFFORD et Al.

Sociopolitical, management and scientific interest in modern 
wildfire trends tends to focus heavily on a single component of the 
fire regime: burned area. Burned area is easily measured; records of 
burned area go back to the first half of the 20th century in much of 
the USA, and burned area is an easy variable to understand. The prin-
cipal measure of success in US wildfire management has long been 
the reduction of burned area. The regional drivers of burned area (or 
related variables, such as the incidence of large wildfire events) are 
also relatively well understood, with climate variables (precipitation, 
air and ocean temperatures, drought severity etc.) directly or indi-
rectly explaining much of the variance, both today and in the past 
(e.g., Littell et al., 2009; Wahl et al., 2019; Westerling et al., 2006).

An important question is whether burned area warrants so much 
attention (Kolden, 2020; Miller et al., 2009; Moreira et al., 2020). In 
the Great Basin and much of coastal and lowland California, where 
woodlands and shrublands are besieged by highly flammable inva-
sive plants and/or rampant human ignitions, reduction of burned 
area is a worthy goal. And in moist and higher- elevation forests it 
might be as well (Mallek et al., 2013; Noss et al., 2006). However, the 
bulk of the US “wildfire problem” is centred not in these ecosystems 
but in the fire- prone low-  and middle- elevation forestlands that 
dominate much of the western USA, ecosystems that experienced 
highly frequent fires before the arrival of Euroamericans and the 
imposition of fire exclusion policies (Agee, 1993; van Wagtendonk 
et al., 2018). Today, these forests have experienced a massive fire 
deficit for a century (Marlon et al., 2012; Stephens et al., 2007), with 
concomitant increases in stand densities and live and dead fuels that 
are leading to huge areas of severe burning that threaten ecologi-
cal function, biodiversity, ecosystem services and human health and 
safety. In these ecosystems, reduction of burned area is a principal 
cause of the current trends in fire severity and destructiveness, not 
a solution to them.

In this contribution, we have two main goals. First, we provide 
a wide- ranging summary of the record- breaking 2020 fire year in 
California; we consider the ecological and socio- economic impacts 
of the fire year, and we put the seemingly extraordinary numbers in 
historical and longer- term context. Second, in the interest of focus-
ing more on the ecological outcomes of the 2020 fires rather than 
on their area, we evaluate the patterns and principal drivers of fire 
severity (a measure of the ecosystem impact of fire, here defined in 
terms of tree mortality) in 2020. Given that we treat so many dif-
ferent phenomena and types of data, we combine our Results and 
Discussion, and we finish with a Conclusion centred on the broad 
management applications of our findings.

2  |  MATERIAL S AND METHODS

2.1  |  Study area

California is the third largest state in the USA, at 424,000 km2. 
Elevations range from −86 m at Death Valley to >4,400 m in the Sierra 
Nevada; annual precipitation ranges from 40 mm in desert valleys to 

>3,000 mm in the western Klamath Mountains, and seasonal mean 
temperatures range from January lows of <−12°C in high mountain ba-
sins to July highs of >45°C in the desert south- east. About two- thirds 
of California falls within the North American Mediterranean Climate 
Zone (NAMCZ; also known as the California Floristic Province), with 
the rest of the state split among the high volcanic tablelands of the 
Modoc Plateau (often included in the NAMCZ), the semi- arid Great 
Basin and the Mojave and Sonoran Deserts (Figure 2).

The climate of the NAMCZ is characterized by warm to hot, dry 
summers and cool, wet winters. As Safford et al. (2021) note, “most 
of [California] receives sufficient precipitation in the winter and early 
spring to produce a crop of fuel just in time for the hot, dry summer”. 
As a result, California is the most fire- prone state in the USA, and it 
also supports the most fire- adapted vegetation (Safford et al., 2021; 
Van Wagtendonk et al., 2018). Fire- prone vegetation in the NAMCZ 
is characterized primarily by sclerophyllous shrublands (e.g., chapar-
ral and sage scrub), oak- dominated woodlands and conifer- dominated 
forests with a broadleaf component at low to moderate elevations. 
Large grassland areas are common in drier interior landscapes, and 
meadows are widespread in the montane zone.

F I G U R E  2  California, with major geographical features 
identified. The North American Mediterranean Climate Zone 
(NAMCZ) boundary is approximated by the limits of the California 
Floristic Province; Bailey’s (1995) Mediterranean Climate Zone 
(MCZ) is identical to the NAMCZ except that it includes the Modoc 
Plateau. Map modified from Safford et al. (2021)
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Modern fire regimes have been greatly altered by fire exclusion poli-
cies, especially in northern and central Californian forests and woodlands 
at low and middle elevations, where frequent, primarily low- severity 
fire was common before Euroamerican settlement (“pre- EAS”) (Safford 
et al., 2021). Some semi- arid shrubland ecosystems in California have 
suffered the opposite fate, with modern fire regimes often supporting 
notably more fire than was common pre- EAS. In central and southern 
California, this is primarily attributable to anthropogenic ignitions in and 
around urban areas. In contrast, increasing fire frequencies in Great 
Basin shrublands are attributable to increased fine fuel continuity be-
cause of grass invasion. The same dynamic is also affecting some desert 
areas (Safford et al., 2021; Van Wagtendonk et al., 2018).

2.2  |  Statistical summary of 2020 fires

We first summarized the burning conditions, spatial extent and 
socio- economic impact of the fire season by fire for fires that burned 
>10,000 ha (see Table 1). We downloaded 2020 fire perimeter data 
and burn date, fire weather, modelled fuel moisture, fatality, prop-
erty damage and suppression cost data from public data sources 
(see Supporting Information Appendix S1). The data included re-
cords of “red flag days”, which are declared by the National Oceanic 
and Atmospheric Administration National Weather Service (NWS) 
during critical combinations of low relative humidity and high winds 
and/or when dry lightning is predicted (for criteria, see: https://
www.weath er.gov/gjt/firew xcrit eria).

We then summarized vegetation types and fire history for 2020 
fires >10,000 ha (Table 2). Fire return interval departure (FRID) mea-
sures, in years, the difference between modern (since 1908) fire fre-
quencies and estimated pre- EAS fire frequencies by presettlement 
fire regime (PFR) type (Safford & Van de Water, 2014; Van de Water & 
Safford, 2011). The PFRID is the percentage departure of modern fire 
frequencies from estimated pre- EAS frequencies. The following vari-
ables were derived by overlaying fire perimeters on the California FRID 
database (https://www.fs.usda.gov/detai l/r5/landm anage ment/gis/): 
dominant potential vegetation types (based on PFR); percentage of fire 
area occupied by each vegetation type; percentage of fire area previ-
ously burned and unburned; area- weighted mean time since last fire 
(TSLF; with the different TSLF values weighted by their area within the 
fire perimeter); and area- weighted mean PFRID. We identify in the text 
when further sources were consulted. We also collected data on geo-
graphical areas, size, cause and duration; structures and lives lost; and 
suppression costs for all 2020 wildfires between 405 (1,000 acres) and 
10,000 ha. These are listed in the Supporting Information (Table S1).

2.3  |  Fire severity analysis of 2020 fires

2.3.1  |  Fire selection and fire severity

We extracted the 40 largest 2020 fire perimeters (all >2,420 ha) 
from the California Fire Perimeter Database (https://frap.fire.ca.gov/

frap- proje cts/fire- perim eters/; accessed 7 May 2021). The final sam-
ple size for this analysis was 38 owing to imagery, location and fire 
perimeter constraints with two smaller fires (Mountain View and 
Bond). We used initial assessments (Key & Benson, 2006) of the rela-
tive differenced normalized burn ratio (RdNBR; Miller & Thode, 2007) 
to estimate fire severity (extended assessments are not available until 
≥1 year after the fire). Given that fire- caused tree mortality contin-
ues for some time (Miller et al., 2016), our fire severity estimates are 
likely to be lower than estimates made with 1- year postfire data, but 
the overall difference in accuracy between the two methods is low 
(Lydersen et al., 2016; Miller & Quayle, 2015). We obtained 30- m 
resolution RdNBR estimates for our fires from the US Forest Service 
(USFS) Rapid Assessment of Vegetation Condition After Wildfire 
(RAVG; https://fsapps.nwcg.gov/ravg/) and from a modification to 
the Google Earth Engine approach developed by Parks et al. (2018) 
(Supporting Information Appendix S1).

We considered any pixel with an initial RdNBR severity estimate 
≥641 as “high- severity fire” (Lydersen et al., 2016), corresponding 
to a composite burn index of 2.25– 3.0 (Key & Benson, 2006) and 
an approximate field- measured basal area mortality in yellow pine 
and mixed conifer (“YPMC”) forest types of 95– 100% (Lydersen 
et al., 2016). Thresholds relating initial RdNBR assessments to field- 
based estimates of fire severity in shrubland ecosystems have yet to 
be developed; hence, our estimates of the extent of high- severity 
burning in shrublands might be less accurate.

2.3.2  |  Inferring burn date and fire weather

We obtained the date of burning for each 30- m pixel within each fire 
perimeter by spatially interpolating between satellite thermal anomaly 
(“hotspot”) point detections using the “weighted by mean and dis-
tance” method of Parks (2014) (Supporting Information Appendix S1).

We estimated fire weather by extracting c. 4- km resolution gridMET 
weather data (Abatzoglou, 2013; http://www.clima tolog ylab.org/gridm 
et.html) occurring within each 30 m pixel on the associated burn date 
using bilinear interpolation. We selected vapour pressure deficit (VPD; 
in kilopascals) and wind speed (in metres per second) to represent imme-
diate fire weather, and we selected modelled 1,000- h fuel moisture (as 
a percentage) to capture longer- term moisture conditions more related 
to seasonal aridity. The 1,000- h fuels correspond to “coarse woody de-
bris” (branches and logs >7.6 cm in diameter), which are not present in 
all the vegetation types we evaluated. However, we included this term 
in order to account for the important seasonal/lagged weather effect 
often observed in systems with coarse fuels (van Wagtendonk, 2018), 
with the expectation that this predictor would have less influence in 
vegetation types lacking substantial large- diameter fuels.

2.3.3  |  Extracting biophysical data

In addition to fire weather, our models incorporated information 
about time since the last fire (TSLF; in years), drought mortality and 

https://www.weather.gov/gjt/firewxcriteria
https://www.weather.gov/gjt/firewxcriteria
https://www.fs.usda.gov/detail/r5/landmanagement/gis/
https://frap.fire.ca.gov/frap-projects/fire-perimeters/
https://frap.fire.ca.gov/frap-projects/fire-perimeters/
https://fsapps.nwcg.gov/ravg/
http://www.climatologylab.org/gridmet.html
http://www.climatologylab.org/gridmet.html
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vegetation type. To approximate fuel levels and recent fire history, 
we used TSLF from the 2019 FRID Database (see above). Pixels 
with higher TSLF are likely to have increased fuel loadings (Steel 
et al., 2015). An additional source of fuel loading in 2020 in the Sierra 
Nevada was extensive tree mortality resulting from the 2012– 2016 
drought and associated bark beetle outbreaks (Stephens et al., 2018; 
Young et al., 2020). We estimated mortality using the USFS Aerial 
Detection Monitoring surveys from 2012– 2016, in which aerial 
observers denote polygons with observed tree mortality (https://
www.fs.usda.gov/detai l/r5/fores t- grass landh ealth/ ?cxml:id=fsbde 
v3_046696; Supporting Information Appendix S1).

To account for variation in fire severity attributable to vege-
tation type, we obtained California Wildlife Habitat Relationship 
System (CWHR) vegetation types from the Forest Service Existing 
Vegetation dataset (EVeg; https://data.fs.usda.gov/geoda ta/edw/
datas ets.php). In this analysis, we used CWHR instead of PFR be-
cause the FRID database does not cover the Californian deserts or 
portions of the central Coast Ranges and because CWHR types are 
“existing vegetation” and therefore capture successional changes at-
tributable to disturbance, which can be important for fire behaviour. 
We lumped similar CWHR types into 14 “CWHR groups” that were 
correlated closely with the PFR types.

For statistical summarization and modelling purposes, we cre-
ated a 90- m grid across each burned area and extracted each vari-
able at each grid point. For TSLF, mortality and vegetation type, we 
extracted the point value for each grid point. We used bilinear inter-
polation to extract RdNBR fire severity estimates and fire weather. 
For our fire severity × vegetation type tabular and graphical sum-
maries, we thinned the dataset to a 180- m grid. For our statistical 
modelling (see next subsection), we removed the majority of the 
fine- scale spatial autocorrelation in our dataset by thinning the 
90- m point grid by a factor of 10 to yield a 900- m grid (sensu Kane 
et al., 2015; Supporting Information Appendix S1; Figure S1).

2.3.4  |  Statistical analysis

We fitted two statistical models to assess the influence of TSLF, 
drought mortality, VPD, windspeed and 1,000- h fuel moisture on 
the likelihood of a location burning at high severity: (1) a fire model, 
and (2) a vegetation model. Both models included fixed effects for 
all five environmental predictor variables. For the fire model, we as-
sessed how these predictors differed among fires by allowing slope 
parameters to vary by fire identity (ID) as random effects; in the 
vegetation model, slope parameters varied by vegetation type. Both 
models included random intercepts for fire ID and vegetation type 
to account, in part, for spatial clustering of sample points, but vary-
ing slopes with respect to fire and vegetation were modelled sepa-
rately to avoid confounding parameter estimates. Model response 
variables were binary, indicating whether a sample location burned 
at high severity. Models were fitted using a Bernoulli error struc-
ture and a logit link. Continuous predictor variables were standard-
ized with a mean of zero and standard deviation of one. Models 

were fitted using the brms and rstan packages (Bürkner, 2017; Stan 
Development Team, 2020) in R (R Core Team, 2020). The full model 
was fitted using rrms default uninformative flat priors for slope pa-
rameters and weakly regularizing priors for variance parameters. 
Models were run with four chains, each for 2,000 samples, with a 
warm- up of 1,000 samples and 4,000 total post- warm- up samples. 
Traceplots and R- hat values were assessed for proper mixing and 
model convergence. Bayes R2 values for the fire and vegetation mod-
els were 0.22 and 0.20, respectively. The derivative dataset used 
for analyses of fire severity patterns is archived on OSF (https://osf.
io/8mw9e/ ?view_only=66325 d85b8 2d41d ab40a 231e7 16aec2e), 
and the code used for analyses is available at https://github.com/
akpau lson/2020_Fires_GEB.

3  |  RESULTS AND DISCUSSION

3.1  |  The 2020 fire year in numbers

9,917 fires were registered in 2020, with a total burned area of 
c. 1.74 million ha, 4.2% of the surface area of California. This is 2.2 
times more than the previous historical record, set in 2018; 2020 and 
2021 (1.035 million ha; https://www.fire.ca.gov/incid ents/2021/) 
together burned more area than the previous 7 years combined and 
only slightly less than the total burned in the 20 years between 1980 
and 1999 (Figure 1). The rapid rise in burned area over recent dec-
ades has attracted much attention from the media, federal and state 
fire management agencies and scientists. However, estimates of pre- 
EAS burning rates in California suggest that c. 1.8 million ha burned 
in an average year before 1800 (Stephens et al., 2007); 2020 is thus 
the first year since reliable records were kept in California (beginning 
in the early 1900s) when burned area has come anywhere close to 
this baseline.

Overall economic losses attributable to wildfire in 2020 were 
estimated at c. $19 billion, with insured losses of c. $10 billion 
(Aon, 2021). Approximately 11,116 structures were destroyed (>50% 
damaged; K. Kovanda, CALFIRE, pers. comm.), and 33 people lost 
their lives (CALFIRE Incident Archive; https://www.fire.ca.gov/incid 
ents/2020/) (Table 1). Trends in insured economic losses and num-
bers of destroyed structures were relatively static between 2003 
and 2014 (Figure 3), except for blips in 2003 and 2007, which were 
years of destructive fire outbreaks in southern California (Keeley 
et al., 2009). Insured economic loss ($2,020) averaged c. $0.86 bil-
lion between 2003 and 2014, and an average of 908 structures were 
lost each year (Figure 3). In 2015, there was a change in trends in 
both variables. Since that year, insured economic losses have aver-
aged $8.5 billion per year, and an annual average of 8,374 structures 
have been destroyed (Figure 3).

In addition to economic losses, recent fire seasons in California 
have been characterized by extraordinary declines in air quality, 
especially in the northern half of the state (Supporting Information 
Figure S2). According to CALFIRE (2020), the 2020 fires released 
nearly 112 million Mg of C and 1.2 million Mg PM2.5 (suspended 

https://www.fs.usda.gov/detail/r5/forest-grasslandhealth/?cxml:id=fsbdev3_046696
https://www.fs.usda.gov/detail/r5/forest-grasslandhealth/?cxml:id=fsbdev3_046696
https://www.fs.usda.gov/detail/r5/forest-grasslandhealth/?cxml:id=fsbdev3_046696
https://data.fs.usda.gov/geodata/edw/datasets.php
https://data.fs.usda.gov/geodata/edw/datasets.php
https://osf.io/8mw9e/?view_only=66325d85b82d41dab40a231e716aec2e
https://osf.io/8mw9e/?view_only=66325d85b82d41dab40a231e716aec2e
https://github.com/akpaulson/2020_Fires_GEB
https://github.com/akpaulson/2020_Fires_GEB
https://www.fire.ca.gov/incidents/2021/
https://www.fire.ca.gov/incidents/2020/
https://www.fire.ca.gov/incidents/2020/
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particulate matter ≤2.5 microns in diameter), >120 times greater 
than the combined emissions of all Californian cars, trucks and buses 
in the same year. In 4 of the last 5 years, wildfire smoke episodes in 
northern California have exposed tens of thousands of people an-
nually to dangerous levels of PM2.5 (Cleland et al., 2020). More than 
half of the population of California experienced air quality index 
(AQI) levels of unhealthy, very unhealthy or hazardous for 1 month 
or more in 2020, and the highest 5 days of average air pollution ever 
recorded in California were all in 2020 (CALFIRE, 2020). An as yet 
unpublished study by Stanford researchers (http://www.g- feed.
com/2020/09/indir ect- morta lity- from- recent.html) used relation-
ships between increasing PM2.5 concentrations and human mortality 
rates from the study by Deryugina et al. (2019) to estimate that the 
extreme wildfire- driven PM2.5 values measured in August and early 
September in California caused between 1,200 and 3,000 “excess” 

deaths among the elderly (age ≥65 years). This estimate is likely to 
be an underestimate of all excess mortality because: (1) it ignores 
mortality rates among younger people; (2) it was not informed by 
more recent work by Aguilera et al. (2021), which demonstrated that 
wildfire- source PM2.5 is notably more injurious to human health than 
standard PM2.5; and (3) it does not consider interactions with coro-
navirus disease 2019 infections (Zhou et al., 2021). Although the 
2020 fires generated an extreme level of air pollution, the north- 
west USA (including northern California) has been experiencing a 
positive wildfire smoke- driven trend in PM2.5 (c. +2% per year) since 
at least the late 1980s, in contrast to the general decrease in PM2.5 
across the rest of the USA (McClure & Jaffe, 2018).

Twenty- four fires burned >10,000 ha (24,700 acres) in 2020 
(Tables 1 and 2), accounting for 90% of burned area (1.566 million ha) 
in California. An additional 51 fires burned >405 ha (1,000 acres; 

TA B L E  1  Californian wildfires >10,000 ha in size in 2020, with data on geographical areas, size, cause and duration; number of red flag  
days and 10- h fuel moisture measurements; structures and lives lost; and suppression costs

Fire
Counties (in order of 
fire area) Region Size (ha) Cause Start date Containment date

Duration 
(days)

Number of red 
flag days

Mean 10- h fuel 
moisture (fire 
duration)

Minimum 10- h 
fuel moisture 
(first 5 days)

Structures 
destroyed

Lives 
lost

Suppression 
cost ($ millions)

Suppression cost 
per hectare ($)

August Complex Trinity, Tehama, 
Mendocino, Glenn, 
Lake, Shasta

North Coast Ranges 418,097 Lightning 16 August 12 November 88 19 6.4 4.7 935 1 264.1 631.67

SCU Santa Clara, Stanislaus, 
Alameda, San 
Joaquin

Central Coast Ranges 160,485 Lightning 17 August 1 October 45 10 5.6 3.1 222 0 69.4 432.44

Creek Fresno, Madera Sierra Nevada 153,798 Probably 
lightning

4 October 24 December 81 2 7 3 856 0 193 1,254.89

North Complex Plumas, Butte, Yuba Sierra Nevada 129,060 Lightning 17 August 3 December 108 20 7 3 2,455 16 179 1,386.96

Hennessy (LNU) Napa, Yolo, Solano, 
Lake

North Coast Ranges 123,624 Lightning 17 August 2 October 46 10 5 3 1,491 6 94.6 765.22

Castle (SQF) Tulare Sierra Nevada 69,088 Lightning 19 August 15 October 57 5 5 4 228 0 122.3 1,770.20

Slater Siskiyou, Del Norte Klamaths 63,737 Lightning 8 September 16 November 68 11 8 2 419 2 55 862.92

Red Salmon Trinity, Humboldt, 
Siskiyou

Klamaths 58,233 Lightning 27 July 17 November 112 13 6 4 0 0 111.6 1,916.43

Dolan Monterey Central Coast Ranges 50,416 Unknown 18 August 31 December 135 4 5.5 3.2 14 0 70 1,388.45

Bobcat Los Angeles Southern California 46,963 Powerline 6 September 6 October 30 4 3.7 3 170 0 100 2,129.35

CZU Santa Cruz, San Mateo Central Coast Ranges 35,042 Lightning 16 August 22 September 37 7 6 3 1,490 1 55.9 1,595.22

W−5 Cold Springs Lassen, Modoc NE Great Basin 34,339 Lightning 18 August 6 September 18 3 5.8 4.5 0 0 10.3 299.95

Caldwell Siskiyou, Modoc South Cascades 32,884 Lightning 22 July 20 August 29 9 6.3 3.9 0 0 34.5 1,049.14

Glass Napa, Sonoma North Coast Ranges 27,321 Unknown 27 September 20 October 23 3 6 4.1 1,555 0 59.9 2,192.42

Zogg Shasta, Tehama North Coast Ranges 22,809 Powerline 27 September 13 October 16 2 5 3 204 4 31 1,359.12

Walbridge (LNU) Sonoma North Coast Ranges 22,352 Lightning 17 August 2 October 45 6 8.8 4.2 560 0 See Hennessy

River Monterey Central Coast Ranges 20,330 Lightning 16 August 4 September 19 6 7.4 4.3 30 0 24.5 1,205.14

Loyalton Sierra, Lassen, Plumas Sierra Nevada 18,915 Lightning 14 August 14 September 31 7 6 3 35 0 8.2 433.51

Dome San Bernardino Desert 17,899 Lightning 15 August 1 September 17 0 4 2 0 0 2.2 122.91

Apple Riverside Southern California 13,445 Human 31 July 18 November 110 13 6.1 3.4 12 0 56.4 4,194.89

Lake Los Angeles Southern California 12,550 Unknown 12 August 28 September 47 3 4.4 3.5 12 0 4 318.72

Mineral Fresno Central Coast Ranges 12,011 Unknown 13 July 29 July 13 0 4.4 2.9 7 0 25.7 2,139.72

Sheep Lassen, Plumas Sierra Nevada 11,960 Lightning 17 August 9 September 23 5 5 4 26 0 21.6 1,806.03

Slink Alpine, Mono Sierra Nevada 10,831 Lightning 29 August 8 November 71 5 4.1 3.8 0 0 15 1,384.94

Note: Fires are listed in order of final size. See main text for data sources.

http://www.g-feed.com/2020/09/indirect-mortality-from-recent.html
http://www.g-feed.com/2020/09/indirect-mortality-from-recent.html
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see Supporting Information Table S1), accounting for a further 7% 
of 2020 burned area. Of these 75 fires, 59% were caused by hu-
mans (arson, vehicles, powerlines, campfires, etc., and unknown 
causes, which are nearly always human) and 41% by lightning (in-
cluding one designated as “probably lightning”), but the area burned 
by lightning- ignited fires in 2020 was more than five times greater 
than the area burned by human- caused fires [1.403 million ha (84%) 
vs. 0.270 million ha (16%); Table 1]. This is in contrast to most pre-
vious years. For example, in 2019, 84% of burned area in California 
was caused by humans, and 94% in 2018. Stephens (2005) found 
that between 1940 and 2000, an average of 64% of burned area on 
USFS lands in California was caused by humans. Before 2020, the 
most recent exception to the rule was 2008, when 76% of burned 
area was attributed to lightning ignitions. In 2020, 65% of the area 
burned by wildfire in California was ignited by lightning strikes 

between 16 and 19 August, during an incursion of unstable tropical 
air from Tropical Storm Fausto (CALFIRE, 2020); fires that burned a 
total of 586,000 ha were not ignited by this event. Earlier notewor-
thy California fire seasons were influenced by similar mass lightning 
events (e.g., 1977, 1987, 2008), but none of them approached the 
scale of the 2020 event.

Of the 75 fires >405 ha (Table 1; Supporting Information 
Table S1), the average time to full containment was 35 days (me-
dian = 23 days, SE = 4.09 days). This continues a trend that has 
seen average fire duration for fires >405 ha increase by c. 80% 
(r2 = 0.375, p < .001) since the early 2000s, from c. 19 days be-
tween 2000 and 2004 to >34 days between 2016 and 2020. Eight 
2020 fires burned for >3 months (four of these were smaller fires 
managed for resource benefit by the National Park Service; Table 1). 
As expected, fire duration was correlated with fire size (r = 0.430, 

TA B L E  1  Californian wildfires >10,000 ha in size in 2020, with data on geographical areas, size, cause and duration; number of red flag  
days and 10- h fuel moisture measurements; structures and lives lost; and suppression costs

Fire
Counties (in order of 
fire area) Region Size (ha) Cause Start date Containment date

Duration 
(days)

Number of red 
flag days

Mean 10- h fuel 
moisture (fire 
duration)

Minimum 10- h 
fuel moisture 
(first 5 days)

Structures 
destroyed

Lives 
lost

Suppression 
cost ($ millions)

Suppression cost 
per hectare ($)

August Complex Trinity, Tehama, 
Mendocino, Glenn, 
Lake, Shasta

North Coast Ranges 418,097 Lightning 16 August 12 November 88 19 6.4 4.7 935 1 264.1 631.67

SCU Santa Clara, Stanislaus, 
Alameda, San 
Joaquin

Central Coast Ranges 160,485 Lightning 17 August 1 October 45 10 5.6 3.1 222 0 69.4 432.44

Creek Fresno, Madera Sierra Nevada 153,798 Probably 
lightning

4 October 24 December 81 2 7 3 856 0 193 1,254.89

North Complex Plumas, Butte, Yuba Sierra Nevada 129,060 Lightning 17 August 3 December 108 20 7 3 2,455 16 179 1,386.96

Hennessy (LNU) Napa, Yolo, Solano, 
Lake

North Coast Ranges 123,624 Lightning 17 August 2 October 46 10 5 3 1,491 6 94.6 765.22

Castle (SQF) Tulare Sierra Nevada 69,088 Lightning 19 August 15 October 57 5 5 4 228 0 122.3 1,770.20

Slater Siskiyou, Del Norte Klamaths 63,737 Lightning 8 September 16 November 68 11 8 2 419 2 55 862.92

Red Salmon Trinity, Humboldt, 
Siskiyou

Klamaths 58,233 Lightning 27 July 17 November 112 13 6 4 0 0 111.6 1,916.43

Dolan Monterey Central Coast Ranges 50,416 Unknown 18 August 31 December 135 4 5.5 3.2 14 0 70 1,388.45

Bobcat Los Angeles Southern California 46,963 Powerline 6 September 6 October 30 4 3.7 3 170 0 100 2,129.35

CZU Santa Cruz, San Mateo Central Coast Ranges 35,042 Lightning 16 August 22 September 37 7 6 3 1,490 1 55.9 1,595.22

W−5 Cold Springs Lassen, Modoc NE Great Basin 34,339 Lightning 18 August 6 September 18 3 5.8 4.5 0 0 10.3 299.95

Caldwell Siskiyou, Modoc South Cascades 32,884 Lightning 22 July 20 August 29 9 6.3 3.9 0 0 34.5 1,049.14

Glass Napa, Sonoma North Coast Ranges 27,321 Unknown 27 September 20 October 23 3 6 4.1 1,555 0 59.9 2,192.42

Zogg Shasta, Tehama North Coast Ranges 22,809 Powerline 27 September 13 October 16 2 5 3 204 4 31 1,359.12

Walbridge (LNU) Sonoma North Coast Ranges 22,352 Lightning 17 August 2 October 45 6 8.8 4.2 560 0 See Hennessy

River Monterey Central Coast Ranges 20,330 Lightning 16 August 4 September 19 6 7.4 4.3 30 0 24.5 1,205.14

Loyalton Sierra, Lassen, Plumas Sierra Nevada 18,915 Lightning 14 August 14 September 31 7 6 3 35 0 8.2 433.51

Dome San Bernardino Desert 17,899 Lightning 15 August 1 September 17 0 4 2 0 0 2.2 122.91

Apple Riverside Southern California 13,445 Human 31 July 18 November 110 13 6.1 3.4 12 0 56.4 4,194.89

Lake Los Angeles Southern California 12,550 Unknown 12 August 28 September 47 3 4.4 3.5 12 0 4 318.72

Mineral Fresno Central Coast Ranges 12,011 Unknown 13 July 29 July 13 0 4.4 2.9 7 0 25.7 2,139.72

Sheep Lassen, Plumas Sierra Nevada 11,960 Lightning 17 August 9 September 23 5 5 4 26 0 21.6 1,806.03

Slink Alpine, Mono Sierra Nevada 10,831 Lightning 29 August 8 November 71 5 4.1 3.8 0 0 15 1,384.94

Note: Fires are listed in order of final size. See main text for data sources.
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p = .011). The long duration of non- wilderness fires was largely at-
tributable to lack of availability of sufficient fire- fighting resources 
to deal with many high- priority fires at once (CALFIRE, 2020). Similar 
extreme effects of strained fire- fighting resources on fire response 
times and delayed containment have occurred in previous big fire 
years in California, such as 1987 and 2008 (Miller et al., 2012; see 
Haight & Fried, 2007).

Of the 24 fires >10,000 ha (Table 1), all but two experienced at 
least one red flag day. For most fires, red flag conditions were co-
incident with their ignitions, which is not surprising given that me-
teorological conditions at the time of ignition are a major driver of 
fire spread and escape from initial attack. The number of red flag 
days was also correlated with fire duration (r = 0.539, p = .01), and 
many of the longer and larger 2020 fires experienced at least one 
wind- driven reactivation of rapid spread and intense burning many 
days or weeks after ignition (e.g., the North and August Complexes). 

Minimum daily 10- h fuel moistures (FMs) during the first 5 days of 
burning averaged 3.44% (median = 3.3%, SE = 0.143%), and across 
the entire duration of the fire, mean daily FMs averaged 5.77% (me-
dian = 5.9%, SE = 0.253%) (Table 1). Overall, these are extremely low 
FMs (S. Stephens, UC- Berkeley, pers. comm.), especially considering 
that the mean values include nighttime readings. As expected, the 
lowest FMs were measured in dry desert and interior Coast Range 
sites (e.g., Dome and Mineral Fires), whereas higher values were 
measured in montane and coastal sites.

Fire suppression costs in the USA have been skyrocketing 
(NIFC, 2021). Overall fire suppression costs in California in 2020 
approached $2.1 billion (NIFC, 2020). Based primarily on the NIFC 
year- end report (NIFC, 2020), the 75 largest fires cost c. $1.9 bil-
lion to extinguish. Overall, the most expensive fires were the big-
gest (i.e., August Complex, Creek, North Complex and Castle), but 
the average cost per unit area varied widely. Overall mean cost per 

F I G U R E  3  Loess curves fitted to insured economic loss (top panel) and structures destroyed by wildfire (bottom panel) in California, 
2003– 2020. The first year for which reliable data were available for both variables was 2003. Curves were fitted using a span parameter of 
0.75 and second- degree polynomials. Data from: Insurance Information Institute (https://www.iii.org/fact- stati stic/facts - stati stics - wildf ires); 
and Cal Fire annual incident summaries (https://www.fire.ca.gov/incid ents/)

https://www.iii.org/fact-statistic/facts-statistics-wildfires
https://www.fire.ca.gov/incidents/
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hectare was $2,454 (median $1,388, SE = $313), with a maximum 
of $12,716 per hectare (Oak Fire, Mendocino County) and a min-
imum of $44 per hectare (Rattlesnake Fire, Tulare County, which 
was managed for resource benefit) (Table 1; Supporting Information 
Table S1). A comparison of the 10 most costly fires per unit area with 
the 10 least costly fires per unit area from Table 1 and Supporting 
Information Table S1 shows that the most costly fires tended to be 
in or near to heavily or moderately populated areas, were mostly 
human ignited (8 of 10), resulted in evacuations of hundreds to tens 
of thousands of people (only the Fork Fire in Eldorado County did 
not force evacuations), and burned for an average of 30 days. These 
fires also killed two people, and half of the fires resulted in destroyed 
structures. The 10 least costly fires per unit area were mostly light-
ning ignited (6 of 10, with 3 human and 1 unknown), primarily in 
wilderness (4 fires were resource benefit fires) or rural settings, 
and burned for an average of c. 59 days. Only two of these fires 
forced evacuations (Grant, Sacramento County, and Laura 2, Lassen 
County), and there were no deaths.

The 24 fires >10,000 ha burned a wide variety of vegetation types 
(Table 2; Supporting Information Table S2). The most commonly 
burned PFR types were Douglas- fir/mixed evergreen (17.9%), moist 
mixed conifer (16.6%), chaparral and serotinous conifers (14.7%), 
and dry mixed conifer (11.2%). Combined, the yellow pine and mixed 
conifer (“YPMC”) types, which are ecologically related (Safford 
& Stevens, 2017), accounted for 34% of burned area. Conifer- 
dominated vegetation accounted for 58.3% of burned area, shrub- 
dominated vegetation contributed 23.8%, hardwood- dominated 
vegetation (mostly oak) accounted for 9.9%, and undefined types 
(largely grasslands and meadows, pastures and agricultural lands) 
totalled 8% (Supporting Information Table S2).

Although the 2020 fires burned through a wide spectrum of 
previous fire histories, the fires can be split readily into two groups 
(Supporting Information Table 2): Group 1 (above the horizontal 
blue line) includes those fires that burned mostly forest- dominated 
landscapes that had remained largely unburned during the previous 
112+ years, whereas Group 2 (below the blue line) includes those 
fires that burned predominantly previously burned, chaparral- 
dominated landscapes. All fires in Group 1 are characterized by 
strongly positive PFRID values, underlining how 100+ years of fire 
suppression have drastically reduced fire frequencies in Californian 
conifer forests, especially in the widespread YPMC systems (Safford 
& Stevens, 2017; Van Wagtendonk et al., 2018). All fires in Group 2, 
except for the mostly forested Red Salmon, are characterized by low 
and very low mean PFRID values, underlining the fact that most cen-
tral and southern Californian chaparral landscapes are being burned 
more frequently, mostly by human ignitions, than under probable 
pre- EAS conditions (Safford & Van de Water, 2014).

The extent of prior burning (since 1908) within the 2020 fire pe-
rimeters was closely related to vegetation composition. For example, 
across all fires the percentage of the landscape composed of chap-
arral and sage scrub was strongly correlated with the percentage of 
the landscape burned before 2020 (r = 0.701, p < .001). In California, 
chaparral and sage scrub habitats tend to burn under two scenarios 

(Safford et al., 2018): (1) spring and summer fires generally occur 
in conditions characterized by relatively higher fuel moistures and 
moderate onshore winds, conditions in which fuel age/fuel loading 
plays an important role in limiting burning and fire control actions 
have success in limiting fire size; and (2) autumn and winter fires 
that escape initial attack tend to ignite and spread during hot, dry 
spells influenced by strong offshore föhn winds from the north or 
east (e.g., the “Santa Ana” winds in southern California), conditions 
in which fuel age/loading might be nearly irrelevant and fire control 
is difficult. The 2020 fires provided excellent examples of both sce-
narios (Figure 4).

Many fires that burned through forested landscapes (Group 1 in 
Table 2) showed marked spatial limitation by recently burned areas, 
which are likely to have supported lower fuel loads and/or fuel con-
tinuity (e.g., Collins et al., 2009). This was especially the case for 
areas previously burned ≤10– 12 years before 2020. The fire return 
interval in mixed conifer and yellow pine forests in pre- EAS condi-
tions averaged 11– 16 years across California (median = 7– 12 years; 
Van de Water & Safford, 2011). Given that these forest types sup-
ported a fuel- limited fire regime (Safford & Stevens, 2017; Steel 
et al., 2015), this frequency should represent roughly the length 
of time for which fire- driven fuel reduction can resist reburning (at 
least in historical climate conditions, which were less conducive to 
burning than today; Parks & Abatzoglou, 2020). In a modern land-
scape, Collins et al. (2009) found that fuel reduction from wildfires 
in Yosemite National Park mixed conifer forests persisted for up to 
c. 9 years after fire, at which point new fires encountered enough 
fuel to burn in severe fire- weather conditions (high winds and tem-
peratures, low humidities). Both conditions are exemplified by the 
2020 fires. The Castle and Slater Fire perimeters were strongly con-
strained by reduced fuels in recent burns (≤5 years old in 2020), and 
the Red Salmon Fires largely followed the same pattern (constrained 
by fires ≤7 years old) but also burned an area of more diverse fire 
history, including some areas 15, 12 and 7 years old (Figure 5). 
The North Complex Fire was either constrained or not by a series 
of 12- year- old fires, depending on weather conditions at the time 
(Supporting Information Figure S3).

3.2  |  Fire severity patterns and drivers in 2020

The percentage of area burned at high severity, as measured on our 
180- m grid, varied by vegetation type (Figure 6). About 70% of points 
occupied by sagebrush, chaparral and sage scrub types burned at 
high severity, and slightly more than half of the montane chapar-
ral (which is generally successional to conifer forest and typically 
moister and more resistant to burning than lowland chaparral) points 
burned at high severity (Figure 6). The prevalence of high- severity 
burning in shrub types is driven by the lack of vertical separation 
between the ground surface and canopy fuels and by horizontal con-
tinuity between shrub canopies (Keeley & Safford, 2016). Postfire 
recovery is generally rapid (unless sites have been degraded by, e.g., 
frequent burning, air pollution, invasive grasses) in chaparral and 
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sage scrub vegetation, in which the dominant species all resprout 
and/or generate seeds whose germination is cued by fire (Keeley & 
Zedler, 1978). On the contrary, most dominant species in the sage-
brush types lack resprouting capacity, and fire- cued germination is 
absent (Sawyer et al., 2009).

In the montane forest types (yellow pine, mixed evergreen, 
mixed conifer and red fir) the percentage of grid points burned at 
high severity ranged from 30 to 39% (Figure 6). For the YPMC types, 
this is three to six times more high- severity burning than in prob-
able pre- EAS reference conditions (Bohlman et al., 2021; Safford 
& Stevens, 2017). In all montane forest types, burning in 2020 was 
exceptionally severe in comparison to the average high- severity 
percentage from the period 1984– 2008 (Miller et al., 2009, 2012). 
In 2020, yellow pine, mixed conifer and red fir forests experienced 
43– 76% relative increases (12– 14% absolute increases) in the area 
burned at high severity versus the 1984– 2008 averages, and mixed 
evergreen forests in 2020 burned at nearly quadruple the proportion 
of high severity measured by Miller et al. (2009, 2012) (Figure 6). In 
these forest types, there are no specific adaptations to high- severity 
fire among the dominant conifer species (Keeley & Safford, 2016). 

Postfire regeneration at a given site depends primarily on the sur-
vival of nearby adult trees, which is increasingly impacted by the 
growing extent of high- severity burning (Shive et al., 2018; Stevens 
et al., 2017).

We ranked the 38 fires we assessed in our fire severity anal-
yses in descending order with respect to their areal percent-
age of high- severity burning (Supporting Information Table S3). 
The highest- severity fires were generally those with extensive 
areas of shrubland. Total landscape cover of shrublands of all 
types within the fire perimeter was a strong univariate predic-
tor of high- severity burning (r2 = 0.582, p < .001; Supporting 
Information Figure S4). Fire severity was poorly predicted for 
a set of wind- driven fires with relatively low shrub cover that 
experienced higher than expected fire severity (Blue Ridge, 
North Complex, Sheep, Slater and Zogg; Supporting Information 
Figure S4). The lowest- severity fires were either in moist for-
est types that did not experience major wind events (Devil, 
Red Salmon and Walbridge) or in higher- elevation sites (Bluejay 
and Rattlesnake, both of which were managed for resource 
benefit in National Parks) (Supporting Information Table S3). 

F I G U R E  4  Fire perimeters of four 
chaparral- dominated 2020 fires in 
southern California, overlaid on time since 
last fire (TSLF). The Bobcat and Lake 
Fires occurred in the summer and were 
largely fuel limited (except during a few 
days of high winds) and occurred in areas 
dominated by TSLF >61 years. The Blue 
Ridge and Silverado Fires burned during 
a Santa Ana wind event in the autumn 
and spread rapidly through younger 
fuels, in areas with TSLF between 0 and 
15 years
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F I G U R E  5  Fire perimeters of three conifer- dominated 2020 fires in northern and central California, overlaid on time since last fire (TSLF). 
(a) Castle Fire, southern Sierra Nevada. (b) Slater Fire, northern Klamath Mountains (fire return interval departure data lacking north of 
California– Oregon border). (c) Red Salmon Fire, Klamath Mountains. All subfigures are at the same spatial scale; north is towards the top of 
the page

F I G U R E  6  Percentage of the 180- m 
sampling grid that burned at high severity, 
by vegetation type. Only types with 
>5,000 points are shown. Values are 
compared with averaged area- weighted 
values (orange bars) for four forest types 
also estimated by Miller et al. (2009, 2012) 
for the period 1984– 2008. “Sagebrush” 
combines all sagebrush types; “SC” = 
serotinous conifers; “Mixed conifer” 
includes both dry and moist mixed 
conifer
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Forest- dominated fires with <20% shrub cover burned at an av-
erage of 33.4% high severity.

In our vegetation model for fire severity, VPD and wind speed 
on the day of burning were positively associated with increasing 
probability of high- severity fire for all of the vegetation types 
(Figure 7a,b); all but three vegetation types with >95% probabil-
ity (Supporting Information Figure S5). TSLF also had a positive 

influence on high- severity probability for most of the vegetation 
types, especially for Douglas- fir/mixed evergreen, YPMC, and 
chaparral and sage scrub (Figure 7c). Steel et al. (2015) studied 
the relationship between fire severity and TSLF in Californian 
forests for the period 1984– 2011. They found a similar positive 
influence of TSLF on the proportion of high- severity fire to the 
2020 patterns, but the mean 2020 high- severity values are 1.5– 2 

F I G U R E  7  Modelled marginal effects of our five predictor variables on the probability of high severity across the thinned 900- m 
sampling grid for five of the most widely distributed vegetation types. “Lowland chaparral” = chaparral + serotinous conifers + sage scrub. 
Dashed lines: modelled fire severity × time since last fire prediction for Douglas- fir/mixed evergreen forests (black line) and yellow pine 
and mixed conifer forests (purple line) for the period 1984– 2011, from the study by Steel et al. (2015)
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times greater than the 1984– 2011 values. As TSLF increased, the 
proportion of area burned at high severity for the lowland chap-
arral group increased from 40– 55 to 75– 80% (Figure 7c). This 
pattern was probably driven both by increasing live biomass in 
chaparral stands (W. Oechel, San Diego State University, pers. 
comm.) and by accumulation of dead fuels owing to the death of 
short- lived obligate seeders (Keeley & Zedler, 2009). In addition, 
in 2020 relatively little area in the lowland chaparral group was 
burned by late season fires in Santa Ana wind conditions, which 
can overwhelm fuel age/loading limitations. Redwood forest and 
grassland/meadow were the only vegetation types where the 
high- severity probability exhibited a credible negative relationship 
to TSLF (Figure 7c; Supporting Information Figure S5). This might 
stem from the fact that areas in these types that have escaped 
burning the longest might be the most fire resistant (e.g., maritime 
climate influence or moist edaphic microsites, both common for 
these vegetation types).

Drought mortality was related to increased probability of high- 
severity fire with high model confidence (≥95% probability) in the 
white fir (part of the mixed conifer PFR) and montane hardwood 
(mixed evergreen PFR) CWHR types, and with moderate model 
confidence (≥90% probability) for yellow pine, mixed conifer and 
red fir (Figure 7d; Supporting Information Figure S5). Chaparral 
types (montane and lowland) and grassland showed negative 
relationships between drought mortality (which was measured 
in trees) and high- severity probability (Supporting Information 
Figure S5). Modelled 1,000- h fuel moisture, which represents 
more long- term effects of seasonal or annual aridity (assuming 
large- diameter woody fuels are present), showed a strong inverse 
relationship with high- severity probability in Douglas- fir/mixed 
evergreen and mixed conifer forests, especially below 8– 10% 
fuel moisture, but showed little importance for other vegetation 
types, particularly chaparral, grassland and oak woodland, where 
1,000- h fuels are usually absent or only a minor component of 
the fuel load (Figure 7e). Overall, the probability of high- severity 
burning in our vegetation- based model was influenced primarily 
by a combination of short- term meteorological conditions (VPD 
and wind) and TSLF, which is a surrogate for fuel accumulation 
(very little of the state has experienced fuel reduction not ac-
complished by wildland fire), with contributions from longer- term 
drought- related variables, such as 1,000- h fuel moisture and tree 
mortality, in some of the montane forest types.

Our fire model estimated credibly positive effects of VPD, 
wind speed and TSLF on burn severity and uncertain effects of 
1,000- h fuels and drought mortality at the population level (i.e., 
among all fires; Supporting Information Table S4). However, the 
strength of these effects varied greatly among individual fires 
(Table 3; Supporting Information Figure S6). Table 3 compares 
median odds ratios for the occurrence of high- severity fire across 
our 900- m sampling grid for 38 large fires from 2020. Odds ratios 
are relative to the 2020 sample, where values above one repre-
sent greater than average likelihood of high- severity effects given 

the conditions of an individual fire and those below one repre-
sent below average likelihood of high severity. For 10 fires, high- 
severity effects were credibly more likely than average given the 
TSLF of a fire [95% odds ratio credible/confidence interval (CI) did 
not include one], with an 11th also likely to be above the 2020 
mean (90% CI did not include one; Table 3). For example, high- 
severity fire was 55% more likely (odds ratio of 1.55) in the Slater 
Fire than the 2020 mean owing to its TSLF condition. Fires that 
burned large areas of previously unburned (since 1908) forest 
were especially prone to expansive high- severity burning. Three 
of these (Castle, Slater and North Complex) are shown in Figure 5 
and Supporting Information Figure S2. CZU and Hennessey 
showed credibly lower likelihood of high- severity fire attributable 
to TSLF than average. High- severity burning in CZU was wind 
driven (but in older fuels), and Hennessy burned a highly human- 
altered region, where almost 40% of the landscape had burned in 
the previous 10 years (Table 2).

The two meteorological variables were also important driv-
ers of high- severity fire occurrence. Vapour pressure deficit was 
a highly credible driver of high- severity effects in seven fires and 
wind speed in six (Table 3). The fires with strong effects of VPD 
on high- severity burning were found almost entirely at low to mid-
dle elevations in the Coast Ranges or southern California (Bobcat, 
Glass, Hennessey and SCU) or in other parts of the state charac-
terized by hot, dry conditions in mid- summer (North Complex and 
Loyalton); the Slater Fire is the anomaly in this group. Shrub, grass-
land and agricultural landscapes were also characteristic of many 
of these fires (Table 2; Supporting Information Table S3). Wind 
speed had a monumental impact on burning on the CZU Complex 
(high severity was 159 times more likely than average), such that 
essentially all high- severity pixels were burned on a handful of very 
windy days (Table 3).

Although 1,000- h fuel moisture was not a consistently import-
ant driver of high severity across fires, three lightning complex fires 
showed a highly credible effect of this variable: the North Complex, 
SCU and August (Table 3; Supporting Information Figure S6). All 
three fires began in mid- August and burned in northern and central 
Californian regions that were in severe drought conditions by the 
second half of August (US Drought Monitor; https://droug htmon 
itor.unl.edu).

Drought mortality effects on high- severity occurrence were 
mostly weak and credible intervals very wide. The only fire with a 
highly credible effect of drought mortality was the Castle Fire, with 
the Creek Fire showing a moderately credible effect (Table 3). This 
was not surprising, because the Castle and Creek Fires were the only 
large fires to burn in areas heavily impacted by tree mortality stem-
ming from the 2012– 2016 drought (Young et al., 2017).

To summarize: fuels and weather variables both make import-
ant contributions to high- severity fire, but their relative contribu-
tions vary notably among vegetation types and fires; 2020 gives 
us some specific examples of when severity was predominantly 
driven by fuels (e.g., Apple and Mineral Fires, in addition to Castle 

https://droughtmonitor.unl.edu
https://droughtmonitor.unl.edu
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and Creek Fires with an important contribution of prefire drought 
mortality) versus predominantly driven by weather (e.g., CZU, 
Hennessey and Dolan Fires), but many fires showed a combination 

of fuels, weather and other variables that was contingent on spatial 
and temporal variation in the burn environment (e.g., Slater, North 
and SCU Fires).

TA B L E  3  Odds ratios for five predictor variables and their influence on the occurrence of high- severity fire, from statistical model fitted 
to the 900- m point grid

Fire TSLF VPD Wind speed 1,000- h fuel moisture
Drought 
mortality

Number of highly 
credible factors

Apple 1.109 1.062 0.938 0.998 0.96 1

August Complex 1.217 0.86 0.869 1.028 1.019 4

Blue Ridge 0.779 0.902 1.02 1.81 0.996 0

Bluejay 0.962 0.728 0.889 1.003 1.047 0

Bobcat 0.975 1.037 0.978 0.462 1.009 2

Caldwell 1.157 1.054 0.93 0.178 0.999 2

Carmel 1.088 0.936 4.892 0.682 1.015 0

Castle 1.344 0.875 0.721 0.406 1.314 5

Creek 1.108 0.512 0.974 0.662 1.208 4

CZU 0.677 0.991 158.845 0.893 1.162 2

Devil 0.71 0.672 0.735 1.081 1.016 0

Dolan 0.878 0.951 1.135 0.985 1.015 2

Glass 1.223 2.195 0.964 0.959 1.018 2

Gold 1.088 1.024 0.747 1.004 1.021 0

Hennessey 0.822 1.944 1.084 0.818 1.035 4

Hog 1.13 1.075 0.923 1.016 0.997 0

Lake 1.182 2.09 0.805 1.096 0.99 0

Loyalton 1.403 1.031 0.966 1.005 0.941 2

Mineral 1.304 1.26 0.861 1.006 1.009 2

North 1.194 1.078 0.911 1.021 0.987 0

North Complex 1.168 1.082 1.702 1.991 0.983 4

Rattlesnake 1.319 0.268 0.56 1.795 0.964 1

Red Salmon 0.982 0.826 0.899 0.709 1.045 3

River 1.026 1.001 1.001 1.26 1.045 0

SCU 1.117 1.166 1.116 1.025 1.045 3

Sheep 1.036 0.679 1.368 0.986 0.989 2

Silverado 0.823 0.677 1.052 2.542 1.003 0

Slater 1.551 1.582 1.157 0.98 0.912 4

Slink 0.794 1.804 0.998 0.991 1.11 0

Snow 0.976 1.049 1.309 0.243 1.035 0

Stagecoach 1.089 0.968 1.217 1.03 0.954 0

Valley 0.987 2.097 1.081 0.719 1.008 0

W- 5 Cold Springs 1.217 0.737 0.978 1.728 0.948 1

Walbridge 1.073 0.666 1.613 0.612 1.052 1

Zogg 1.111 1.1 0.609 1.123 0.978 1

Note: Odds ratios are relative to the expected value for the 2020 fires assessed, where values greater than one represent greater than average 
effects of a given predictor and those less than one represent below average effects. Odds ratios are listed side by side for each of the five predictor 
variables. Values in the orange cells represent effects that are credibly higher than one (which represents the mean across all pixels in all fires for 
each variable) at a credibility/confidence interval (CI) of 95% (we call these “highly credible”). Bold values in these cells identify the most important 
credible driver of fire severity for the fire indicated. Yellow cells represent effects that are credibly higher than one with a CI of 90% (we call these 
“moderately credible”). Green cells pertain to effects that were less [with high credibility (CI 95%)] than the average across all fires, and blue cells 
represent effects that were less than the average with moderate credibility (CI 90%).
Abbreviations: TSLF, time (in years) since last fire; VPD, vapour pressure deficit.
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3.3  |  Conclusions

Although the 2020 fire season was an eye- opener for human par-
ticipants and observers, it continued a trend of progressively more 
extensive and severe burning that has been ongoing for the last 
20 years or more. The unexpected occurrence of a 3- day light-
ning storm along the coast in the usually dry heat of August and 
the magnitude of the jump in burned area between 2019 and 2020 
(>16 times) were perhaps the most surprising phenomena, but the 
subsequent extent of burning in 2021 (which would have been the 
record year if it were not for the August 2020 lightning outbreak) un-
derlines that 2020 was not a fluke. Nothing we've seen suggests that 
current trends will abate, and all credible models of projected future 
fire activity, area and behaviour agree that: (1) California is in for a 
very smoky future, and (2) the continued resilience and even persis-
tence of numerous terrestrial ecosystems is not assured (Restaino & 
Safford, 2018; Safford et al., 2012; Serra- Diaz et al., 2018). In addi-
tion, socio- economic impacts and the underappreciated effects of 
large- scale severe burning on human health will continue to accrue.

Taking the long view, 2020 was the first fire year since records 
have been available (first half of the 20th century) when burned area 
has come anywhere close to pre- EAS estimates. Considering cur-
rent trends, it seems reasonable to wonder whether we are seeing a 
long- overdue rebound to more normal levels of burning after a cen-
tury of spectacular “success” in erasing fire as an ecological force in 
much of the state. The problem is that much of the burning we are 
seeing is not restorative but destructive (Mallek et al., 2013; Safford 
et al., 2021). Fuel reduction on large landscapes will be necessary in 
order to realize the ecological and fire- safety benefits of the inevi-
tably broader extents of burning that will occur in Californian for-
ests in coming years. Management agency focus continues to be on 
active fuel management (mechanical and hand thinning), but this is 
severely limited by agency budgets and capacity, the lack of saw-
mills and other economic outlets, and the fact that only 30– 40% of 
the Forest Service land base (and much less of the National Park 
land base) in California is even treatable owing to logistical, jurisdic-
tional and topogeographical constraints (North et al., 2012). Interest 
in prescribed fire has experienced a major increase in California, 
with agencies, tribes and private citizens all expanding their train-
ing, planning and implementation activities (Safford et al., 2021), 
but even tripling or quadrupling the area of prescribed burning in 
California would constitute a drop in the bucket compared with the 
need (North et al., 2012). The importance of recent fire history in 
influencing fire spread and fire severity underlines the key role that 
wildfire can and must play in reducing fuels on large landscapes. Like 
it or not, the vast bulk of burning that occurs in California will al-
ways occur in areas that have not experienced active fuel reduction 
activities. Assuming constant fuels, the most severe burning occurs 
during periods of extreme fire- weather, which occur on only 5– 10% 
of the days. This leaves much of the fire season (with the size of 
the window admittedly shrinking as the climate warms) available for 
management of wildfires for resource benefits and fuel reduction. 
Successful managed wildfire programmes in the Californian national 

parks have always been a beacon for fire use across the state (van 
Wagtendonk & Lutz, 2007). Recently, the Forest Service has used 
advanced fire risk assessments (Thompson et al., 2016) to designate 
large areas in recent land and resource management plans (LRMPs) 
in the southern Sierra Nevada as fire maintenance or fire resto-
ration zones, where naturally ignited fires will be permitted to burn 
in appropriate weather conditions (USDA, 2019). Additionally, the 
national forests in north- western California are in the initial stages 
of LRMP revision, and a fire risk assessment for that region is getting 
underway.

Much more concerning than the area of burning during the 
2020 fire season was the exceptional severity of burning that 
forest ecosystems experienced. The proportion of high- severity 
burning in montane forests in 2020 averaged 43– 76% higher than 
the 25- year average between 1984 and 2008 and was three to six 
times higher than under pre- EAS reference conditions (2021 was 
also a year of very severe burning). In these forest types, such se-
vere burning can have major ecosystem consequences, including 
increased soil erosion and stream sedimentation, enduring impacts 
on biogeochemical cycles, massive emissions and carbon loss, and 
negative effects on many biota (CALFIRE, 2020; Dove et al., 2020; 
Jones et al., 2021; Safford et al., 2021; Scott et al., 2009; State of 
California, 2018). In addition, postfire regeneration of the domi-
nant conifers (none of which is serotinous) in these ecosystems is 
greatly hampered by the loss of adult trees over large areas. Welch 
et al. (2016) found that areas of montane forest experiencing ≥75% 
fire- caused mortality did not generally support seedling densities 
that met Forest Service stocking guidelines, and in areas experi-
encing ≥90% mortality the median seedling density 5 years post-
fire was zero. The area of high- severity burning (≥95% basal area 
mortality in our definition) in 2020 in Californian montane forests 
approached 300,000 ha, with hundreds of thousands more hect-
ares between 75 and 95% mortality. Replanting will be necessary 
to restore conifer forests in much of this area, but the need for re-
planting is orders of magnitude greater than the current maximum 
production capacity of combined Forest Service and CALFIRE 
nursery and planting programmes in California (J. Sherlock, US 
Forest Service, pers. comm.). Postfire competition with shrubs, 
the warming climate and the potential for short- interval reburning 
are all major impediments to success in restoring conifer forests in 
California (Coppoletta et al., 2016; Safford & Vallejo, 2019; Steel 
et al., 2021; Stewart et al., 2021; Tepley et al., 2017), and dealing 
with them will require new ways of doing business. These include 
reducing planting densities, planting a greater variety of seedling 
genotypes, better tailoring of planting to local microenvironments, 
replacing conifers with native broadleaf species in some areas, and 
developing alternatives to the standard timber- production focus 
of reforestation (North et al., 2019).

Five decades ago, the US federal land and resource manage-
ment agencies made a much- acclaimed transition from full fire sup-
pression to “ecological fire management” (Stephens & Ruth, 2005), 
yet today the gulf between fire operations and resource man-
agement in the agencies is arguably as wide as it has ever been. 
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Agency success in managing fire is still gauged as a function of re-
ducing the area burned, although we have known for half a century 
or more that the artificial reduction of burned area in frequent- fire 
forests leads inexorably to stand densification and fuel accumu-
lation (Safford et al., 2021; Steel et al., 2015). Thirty years after 
the move to ecological fire management, the 2000 National Fire 
Plan redirected federal agencies to emphasize human asset pro-
tection (Botti & Nichols, 2021). In the years since, steady erosion 
has occurred in the resource management capacities of federal 
and many state agencies, such that fire operations budgets have 
ballooned (with little apparent effect on national wildfire trends), 
but fuel reduction, fire prevention and reforestation/restoration 
budgets have dwindled. Today, we find ourselves in a “firefighting 
trap”, where our short- term “successes” are leading to long- term 
losses, as fires grow in intensity and size beyond our ability to 
stop them, and the environment and its human beneficiaries pay 
the price (Moreira et al., 2020; North et al., 2015). In ecosystems 
such as these, focus should not be on reducing burned area (in-
deed, the opposite is true) but rather on reducing the severity of 
burning when it occurs and on restoring key ecosystem functions 
where severe burning has transpired. Recent developments in 
California, including the signing of a memorandum of understand-
ing between the State and the Forest Service, which seeks to in-
crease fuel reduction activities greatly, and the recent California 
Wildfire and Forest Resilience Action Plan (Safford et al., 2021; 
State of California, 2021) suggest that the message is finally get-
ting through, but there is no time to lose.
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