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ABSTRACT

Background. Autumn and winter Santa Ana Winds (SAW) are responsible for the largest and most
destructive wildfires in southern California. Aims. (I) To contrast fires ignited on SAW days vs
non-SAW days, (2) evaluate the predictive ability of the Canadian Fire Weather Index (CFWI) for
these two fire types, and (3) determine climate and weather factors responsible for the largest
wildfires. Methods. CAL FIRE (California Department of Forestry and Fire Protection) FRAP (Fire
and Resource Assessment Program) fire data were coupled with hourly climate data from four
stations, and with regional indices of SAW wind speed, and with seasonal drought data from the
Palmer Drought Severity Index. Key results. Fires on non-SAW days were more numerous and
burned more area, and were substantial from May to October. CFWI indices were tied to fire
occurrence and size for both non-SAW and SAW days, and in the days following ignition.
Multiple regression models for months with the greatest area burned explained up to a quarter
of variation in area burned. Conclusions. The drivers of fire size differ between non-SAW and
SAW fires. The best predictor of fire size for non-SAW fires was drought during the prior 5 years,
followed by a current year vapour pressure deficit. For SAW fires, wind speed followed by
drought were most important.

Keywords: aiutumn fires, Canadian Fire Weather Index, drought, summer fires, vapour pressure
deficit, VPD, wind speed.

Introduction

Wildfires have greatly increased in size and frequency in recent decades throughout the
western USA due to a combination of global changes including population growth, fire
management practices and climate change (Abatzoglou and Williams 2016; Syphard
et al. 2017; Liang and Hurteau 2023; MacDonald et al. 2023). Within regions such as
California, the factors driving increased fire activity vary geographically (Keeley and
Syphard 2017) and are often tied to patterns of ignitions (Peterson et al. 2011; Faivre
et al. 2014; Syphard and Keeley 2015). Climate largely influences fire activity through its
influence on biomass production and fuel aridity (Bradstock 2010; Jolly et al. 2015).
There is evidence that global warming is exacerbating fire regimes leading to larger
wildfires (Williams et al. 2019). However, anticipating future fire activity is complicated
by the complexity and interactions between weather, vegetation, and people (Flannigan
et al. 2009).

Understanding the future trajectory of fires is of extreme importance, but modelling
studies yield varying indications regarding the extent and location of changes in future
fire patterns. Findings indicate that the number and size of wildfires throughout the
western USA are linked to the climate with variations in moisture availability being the
key (Abatzoglou and Kolden 2013), and often reflected in patterns of vapour pressure
deficit (VPD) (Williams et al. 2015). However, the predictors of large fires vary regionally
(Stavros et al. 2014), and Brey et al. (2020) found that for the western USA summer fires,
other climate and weather parameters were more useful than VPD.


https://www.publish.csiro.au/
https://www.publish.csiro.au/
https://doi.org/10.1071/WF23190
www.publish.csiro.au/wf
www.publish.csiro.au/wf
mailto:jon_keeley@usgs.gov
https://doi.org/10.1071/WF23190
https://creativecommons.org/licenses/by-nc-nd/4.0/

). E. Keeley et al.

International Journal of Wildland Fire 33 (2024) WF23190

Complicating our understanding of the role of how cli-
mate and weather impact fire behaviour is the observation
that antecedent weather a week or more before the date of
ignition, as well as weather conditions for a week or more
afterward, are linked to many large fire events (Abatzoglou
and Kolden 2011; Barbero et al. 2014; Stavros et al. 2014).
One study for large fires across the western USA found that
conditions on the day of ignition were correlated with peak
fire daily growth but not final size or duration (Potter
2018b). Climate and weather before (Cayan et al. 2022)
and after ignition in particular are often critical in determin-
ing the rate of growth and ultimately fire size (Potter 2023).

Both climate changes and localised weather conditions
play a role in determining fire occurrence and behaviour,
and indices for predicting fires have been an important
means of preparing for fire events since the early part of
the 20th century (Hardy and Hardy 2007). Numerous fire
danger indices have been developed with varying success.
This is likely due to the considerable regional variation
exhibited by drivers of fire activity (Mees and Chase 1991;
Stavros et al. 2014). For example, in southern California it
was found that simple weather parameters such as tempera-
ture, relative humidity and wind alone were better predic-
tors of fire size than more complex burn indices (Schoenberg
et al. 2007, Madadgar et al. 2020). Furthermore, linear
models demonstrate that autumn precipitation is signifi-
cantly tied to the number of autumn fires, but the prior
year spring precipitation is a better predictor of area burned
(Keeley 2004). Taking an alternative lumped approach, it
has been shown that the timing and amount of autumn
precipitation plays a critical role in area burned by large
(>100 ha) autumn and early winter fires, with 89% of the
area burned occurring from fires that started before the
onset of significant precipitation (Cayan et al. 2022).

Another fire risk metric is the Haines Index that has been
widely utilised, but has a number of limitations including the
large spatial variation in this index across regions (Winkler
et al. 2007) and some consider it to be of limited value
(Lu et al. 2011; Potter 2018a). The Canadian Fire Weather
Index (CFWI) has proven useful for predicting North
American boreal forest fires (Stocks et al. 1989; Waddington
et al. 2012) as well as fires on other northern hemisphere
continents (e.g. Viegas et al. 1999; Dimitrakopoulos et al.
2011; Tian et al. 2011). CFWI uses hourly measures of
temperature, precipitation, relative humidity and wind
speed to produce several metrics of daily conditions assumed
to be associated with extreme fire behaviour. One of these
metrics is the Fire Weather Index (FWI), which, when
coupled with fuel type, is a quantitative measure of expected
fire intensity and is widely used as a general index of fire
danger. Another commonly used metric is the Fine Fuel
Moisture Code (FFMC) that is a rating of the moisture content
of litter and other fine fuels, indicating the relative ease of
ignition and flammability of fine fuels, with increasing fire
danger as FFMC increases.

In southern California the most damaging fires are those
that occur during autumn and winter Santa Ana Wind
(SAW) events, although most non-SAW fires occur at other
times of the year (Jin et al. 2015; Syphard et al. 2021). SAWs
are foehn-type winds that are annual events in southern
California, and similar winds are associated with extreme
fires in north coastal California (Nauslar et al. 2018) and in
Oregon (Abatzoglou et al. 2021). Recent climate model
projections suggest that SAW activity may diminish some-
what in future decades (Pierce et al. 2018; Guzman-Morales
and Gershunov 2019), but these event-specific effects may
be counteracted by warming effects and generally drier
autumn climate that could increase SAW fires, based on
the CFWI (Goss et al. 2020). Further complicating the under-
standing of how SAW winds impact fires is the observation
that different synoptic weather conditions can result in hot
SAWs or cold SAWs (Gershunov et al. 2021), and evidence
of increasing frequency of conditions conducive to hazard-
ous fires during winter months (Guirguis et al. 2023), both
of which have the potential for affecting wildfire activity.
However, these climatic influences are best evaluated along-
side other over-riding factors such as ignition sources
(Keeley et al. 2021), and thus there is need for a more
thorough understanding of the reliability of this index for
predicting fire events in southern California for both SAW
and non-SAW fires. It seems likely they differ given that
these two types of fires occur at different times of the year.

This study examines the value of these indices in predict-
ing fire outcomes for both Santa Ana Wind (SAW) driven
fires (defined as a fire that ignited on the day of a SAW
event) and fires that occur on other days (non-SAW). In
addition, we examine the independent effect of relative
humidity, mean daily wind speed, and the vapour pressure
deficit (VPD), plus antecedent seasonal and annual drought
events with data from the Palmer Drought Severity Index
(PDSI) (Dai 2011). For Santa Ana Wind days we investigated
the fire activity relative to the SAW Regional Index
(SAWRI), a metric for the regional mean wind speed during
periods of consistent northeasterly winds (Guzman-Morales
et al. 2016).

Methods

Our focus was on the southern California region defined by
Guzman-Morales et al. (2016) in generating the SAW
Regional index. We utilised weather station data for four
stations in four southern California counties (Fig. 1) that had
a long history of hourly climate data (Desert Research
Institute; https://wrcc.dri.edu/Projects/data.php). The two
stations with the longest record (1950-2020), were San
Diego International Airport in San Diego County and Los
Angeles International Airport in Los Angeles County. Two
other stations with a more limited records (1998-2020)
were selected specifically because they are more interior
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Fig. 1. South coast region in this study and the four climate stations distributed across four counties, and perimeters for fires

over 10,000 ha; yellow for non-SAW fires and dots for SAW fires. National Oceanographic and Atmospheric Administration

California Division 6.

sites; they were the Riverside Municipal Airport in Riverside
County and the Chino Airport in San Bernardino County. All
of these stations are potentially affected by Santa Ana Wind
(SAW) corridors - from north to south: Newhall Pass, Cajon
Pass, Banning Pass, and the Hwy 8 Corridor (Moritz et al.
2010; Rolinski et al. 2019).

Hourly data for temperature, precipitation, relative
humidity, and wind speed were used in calculating the
CFWI fire weather indices as described by Van Wagner
(1987) using an R package outlined in Wang et al. (2017).
The FWI is a numeric rating of fire intensity that is com-
monly used as a general index of fire danger; the FFMC is a
numeric rating of the moisture content of fine fuels and is an
indicator of ignition and flammability; and the Drought
Code (DQC), fuel moisture measure.

The Palmer Drought Severity Index (PDSI) for the NOAA
Region 6, which is approximately comparable with the
region Guzman-Morales et al. (2016) used to generate
the SAW Regional Index (SAWRI) for, was obtained from
the National Center for Atmospheric Research (NCAR)

(https://climatedataguide.ucar.edu/climate-data/palmer-
drought-severity-index-pdsi#, accessed 1 January 2023) for
the years 1950-2020.

SAW days for 1950-2018 were from Guzman-Morales
and Gershunov (2019), based on the daily downscaling of
the National Center for Environmental Prediction/National
Center for Atmospheric Research (NCEP/NCAR) Global
Reanalysis 1. The SAW Regional Index (SAWRI) was calcu-
lated as the regional mean wind speed during periods of
consistent northeasterly winds over the southern California
region. These data were available through 2018. For the
years 2019-2020, SAWRI was computed as the maximum
windspeed for periods with consistent northeasterly winds,
as described by Rolinski et al. (2019).

Fire history included ignitions from Santa Barbara to San
Diego counties for the years 1950-2020 from the CAL FIRE
FRAP fire history database (http://frap.fire.ca.gov/data/
frapgisdata). This region is comparable to the NOAA South
Coast Division 6, although not directly overlapping the SAWRI
area as defined by Guzman-Morales and Gershunov (2019).
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Atmospheric circulation patterns that characterise SAW days
have imposed a much larger footprint that includes much of
Division 6 (Cayan et al. 2022). FRAP is a spatially explicit

database that provides day of ignition, final fire size and cause,
and is relatively complete for this time period for fires >40 ha,
though a number of additions and corrections were made as

Table 1. Area burned by non-SAW and SAW fires in the first half and second half of the 71 year record; mean fire size was compared with a two
sample t-test.
Non-SAW SAW
1950-1984 1985-2020 1950-1984 1985-2020
N 1,239 11,509 1540 1635
Total area burned (ha) 803,470 1,299,600 593,800 867,900
Mean fire size (ha) 7 12 P =0.020 385 531 P = 0451
Unknown ignitions (%) 48 12 45 4
Lightning (%) 4 22 0 0
Equipment use (%) 3 22 <1 24
Debris burning (%) 6 46 25 1
Arson (%) 6 18 14 18
Powerline (%) 4 7 22 45
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Fig. 2. Monthly distribution of (a, c) number of fires and (b, d) area burned for non-SAW and SAW fires in

the South Coast region.
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described in Keeley et al. (2021). Here we define SAW fires as
those that ignited on a day with a SAWRI >1. This differs
from the criterion used by Cayan et al. (2022) where a SAW
day was defined as one that registered a SAWRI > 0.5, and the
day before and the day after registered SAWRI > 0. Comparing
these approaches showed that this definition included 2%
more SAW fires and 5% more area burned by SAW fires.
Although SAW fires and their area burned are defined by a
SAW event on the date of ignition, many SAW fires continue
burning for days after ignition and sometimes after the SAW
event is over. Sorting out the proportion of area burned on
SAW vs non-SAW days is not possible with the FRAP database.
Even if one could, it would be complicated by the observation
that SAW related characteristics such as extremely low relative
humidity and high temperatures, due to the dry adiabatic
warming, continue for days after the northeastern winds
have subsided (Keeley et al. 2009).

Results

SAW vs non_SAW fires

Over the period from 1950 to 2020, there were 3219 Santa
Ana Wind (SAW) days, and fires ignited on 12% of those
days. Over this same period, there were 22,704 non-SAW

San Diego r2 = 0.01 P < 0.001 Riverside r2 = 0.04 P < 0.001
6

days, and 12% of those days had ignitions. Total area burned
from ignitions on SAW days was 1.461 million ha and on non-
SAW days 2.103 million ha. Distribution of fires by size classes
showed that the majority (62%) of fires smaller than 100 ha
were during non-SAW days (Supplementary Table S1).
Although there was an order of magnitude more fires ignited
on non-SAW days, the majority (56%) of fires over 50,000 ha
started on SAW days, and these included the three largest
fires. The largest single ignition was the Thomas Fire ignited
on 4 December 2017 that burned 114,082 ha; however, four
fires ignited on the day of the 25 October 2003 SAW event
burned a substantially greater area of 194,311 ha due to the
Cedar (109,546 ha), Simi (43,533 ha), Old (37,000 ha), and
Padua (4232 ha) fires.

These large fires occurred during the last couple of dec-
ades, although during the whole period of record from 1950
to 2020, there was a highly significant (P < 0.001) decline
in mean and median fire size due to increasing numbers of
smaller fires on both SAW and non-Saw days (Supplementary
Fig. S1). Although there was a highly significant drop over
time in fire size, variability within a year was huge and so
variance in fire size was large, accounting for the very low r?
(r> = 0.08 for both SAW and non-SAW). Comparing the first
half of the record (1950-1984) with the second half
(1985-2020) showed that the total area burned for both
types of fires increased in the second half of the record and

Chino r2 = 0.02 P < 0.001 Los Angeles r2 = 0.01 P < 0.001
6 T
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Fig. 3.

Individual fires plotted by size for levels of FWI at the four climate stations; adjusted r* for bivariate regression of log ha and FWI.

(a—d) Non-SAW fires in blue for the four climate stations, and (e—h) SAW in red for the four stations.
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the mean fire size for non-SAW fires was significantly greater
in the second half of the record (Table 1). Also, the ignition
sources changed over the early vs late periods. During the
last 35 years, there was a marked increase in the known
cause of fires. In the past 36 years, a major cause of area
burned by fires ignited on non-SAW days was lightning,
however, this was not a cause of fires on SAW days.
During the recent period for non-SAW and SAW fires, equip-
ment use and arson were important ignition sources.
Powerline failures accounted for the bulk of area burned
on SAW days but was a minor cause on non-SAW days.

Non-SAW fires occurred in all months of the year, peak-
ing in June through September, whereas SAW fires were
rare in March through June, absent in July and August, but
peaked in October through December (Fig. 2a, c). The bulk
of the area burned by fires ignited on non-SAW days was
during the months of June to September (Fig. 2b), whereas
on SAW days it was September to December (Fig. 2d), with
substantially greater area burned in October than other
months. September was a month of substantial burning
that occurred more or less equally on SAW and non-SAW
days. In addition to being temporally separated, non-SAW
and SAW fires tended to be somewhat different in their
spatial distribution, with more area burned from large
non-SAW fires in more interior areas than large SAW
fires (Fig. 1).

San Diego r? = 0.02 P < 0.001

Riverside r2 = 0.02 P < 0.001

Fire weather indices

Considering only those days when an ignition occurred,
there was a highly significant relationship between the
FWI and fire size for non-SAW days at all four climate
stations (Fig. 3a—d); however, due to the extreme range in
fire sizes in all years, the variance ) explained by these
models was low, i.e. the FWI had limited predictive value for
fire size. For SAW days, there was also a significant relation-
ship between FWI and fire size, and the r? value was slightly
higher for the two interior stations (Fig. 3f, g).

The Fine Fuel Moisture Content (FFMC) for ignitions on
non-SAW days was significantly related to fire size at all
stations (Fig. 4a—d), but for SAW days, it was significant at
only two stations (Fig. 4e-h). The Drought Code (DC) was
significantly related to fire size ignited on non-SAW days at
three stations, and slightly significant on SAW days at three
stations (Fig. 5).

To examine these CFWI parameters at a finer temporal
scale we investigated FWI, FFMC and DC by month for both
non-SAW and SAW days at all four climate stations. First,
using a two-sample t-test, we asked is there a significant
difference in these two indices for days when no fire was
initiated and those days when a fire was ignited
(Supplementary Table S2). The pattern was similar across
all four climate stations. FWI was significantly different on

Chino r? = 0.02 P < 0.001 Los Angeles r? = 0.01 P < 0.001
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San Dlego r’= 0 03 P < 0.001 Riverside r2 = 0.03 P< 0.001
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Fig. 5. Individual fires plotted by size for levels of DC at the four climate stations; adjusted r* for bivariate regression of log ha and DC.

(a—d) Non-SAW in blue for the four stations, and (e—h) SAW in red for the four stations.

days with a fire in all months for non-SAW fires, and for the
months October-February for SAW fires. The FFMC was also
significantly different on days with fire relative to non-fire
days, however, during the months of greatest area burned for
non-SAW (June-September) and SAW (October—December)
fires, the difference was only around 1-2%. The DC showed
some significant differences between fire and non-fire days
but not in most of the months when the greatest area was
burned.

We then asked the question does the FWI, FFMC or DC
provide a clue as to whether fires will be large (>10,000 ha)
or small (<1000 ha), and using a two-sample t-test, the
answer was no. For all four climate stations for the months
with the highest area burned there was no significant differ-
ence in the FWI, FFMC and DC between large and small fires
as defined here (data not shown).

When we focused on megafires (>25,000 ha) relative to
much smaller fires (100-999 ha) for the two long term data
sets at Los Angeles and San Diego (Table 2), these indices
did illustrate some useful associations. As part of our analy-
sis, we investigated these indices on the day of ignition, and
the average for the week prior to ignition, and the week
after ignition. For non-SAW days these indices did not pro-
vide much of an indicator of megafires. However, as shown
in Table 2, for SAW days there were many indicators using

the index on the day of ignition, the week before and the
week after.

Other climate and weather factors

Climate and weather parameters beyond the CFWI metrics
were compared using a two sample t-test between days
without and with fire for both non-SAW and SAW days
(Table 3). For non-SAW days there was generally a highly
significant difference in temperature. This was not always
the case with SAW days. Daily average windspeed was
generally not significantly different on days when fires
ignited on both non-SAW and SAW days.

It is generally considered that one of the strongest drivers
of fire activity in the western USA is the vapour pressure
deficit (VPD), and this was significantly related to fire size
on non-SAW days but not on SAW days (Fig. 6). However,
on a monthly basis, VPD was significantly higher on days
when fires ignited vs days with no fire for non-SAW in
nearly all months; for SAW days, this was significant for
both winter and autumn months (Table 3).

We addressed the question of whether average tempera-
ture, VPD and average wind speed differed on days when
fire ignitions resulted in megafires (>25,000 ha) vs much
smaller fires (100-999 ha) for the two long term data sets at
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Table 2.

t-tests for difference between megafires (25,000 ha) and small fires (100-999 ha) on a day of ignition and the prior 5 days (-week) and

the following 5 days (+week) for the two sites with long term records (1950-2020); for FWI, FFMC, and DC. Only months with sufficient number
of large fires presented; (0) is the day of ignition, (1,2,3,4,5) is a day or days before or after the day of ignition, (wk) is average of day of ignition
and prior 5 days or following 5 days; NS = P > 0.05, * = P < 0.05, ** = P < 0.01, *** = P < 0.001.

FWI FFMC DC
-Week +Week -Week +Week -Week +Week
San Diego
Month Non-SAW Non-SAW Non-SAW
7 NS NS NS NS NS NS
8 NS 5* NS 5* NS NS
9 NS NS NS NS NS NS
SAW SAW SAW
9 NS NS NS NS NS NS
10 NS NS NS NS T*2*3*5*wk* 2¥3%4*wke*
n Q*** Q**rgx QFFA]ERRG R QFFA]HRRG R NS NS
12 Tr*5* NS T** T** NS NS
Los Angeles
Month Non-SAW Non-SAW Non-SAW
7 NS NS NS NS NS NS
8 NS NS NS NS NS NS
9 NS NS NS NS NS NS
SAW SAW SAW
9 NS T*2*3*wk* NS 1*2*wk* O*1*2*3%4*Sxywl* O*1*2*3*4*5*wi*
10 ikl A" NS NS NS O*1*2*3*4*5*wk* 0*1*2*3*4*5*wk*
n % DRIk QRHG | Lk Teax DRFRYRHG IR |k NS NS
12 * TrrQxEIRE Ry R NS T*2* 3 *pwk* NS NS

San Diego and Los Angeles (Table 4). We investigated these
indices for the day of ignition, the average for the week
prior to ignition, and the week after ignition. The more
southerly station, San Diego, showed no significant differ-
ences in temperature for the day of ignition or the week
before or after for both non-SAW and SAW days. However,
for Los Angeles for non-SAW days there was a highly signifi-
cant difference for temperature the week prior to fires in
July and the week after in September. On SAW days the only
significant effect of temperature was in the week following
ignition.

In the week prior to ignition, average wind speed did
show a significant effect on fires ignited on non-SAW days.
but no such effect was found for fires ignited on SAW days.
However, during the week following ignitions occurring on
SAW days, average wind speed was significantly higher than
the control group. Unlike this average wind speed from the
four stations data, the SAWRI (the regional mean wind
speed during periods of consistent northeasterly winds),
was strongly tied to the fire size in some months, as deter-
mined by using t-tests comparing megafires (>25,000 ha)

vs small fires (<1000 ha) (data not shown, but summarised
here). For October (the month with the greatest area burned)
(Fig. 2), there was a significant difference (P < 0.05) of the
average SAWRI between small vs megafires for the week prior
to ignition, a highly significant difference (P < 0.001) of the
SAWRI on the day of ignition, and significant differences of
SAWRI on the day after ignition (P < 0.05), and average over
the week after (P < 0.01). For November and December the
average of this index for the week after ignition was also
significantly higher (P < 0.05) for megafires than small fires.
Annually, there are many SAW events without a fire
ignition. Throughout the period 1950-2020, the probability
of a fire during a SAW event (i.e. the number of SAW fires/
SAW events) increased during this period with a P < 0.050
(r* = 0.051). Thus, there was a significant trend in increas-
ing likelihood of a fire during a SAW event, though the
annual variability was huge, resulting in a rather low 2.
Vapour pressure deficit (VPD), which was significantly
related to fire size (Fig. 6) on non-SAW days, showed only a
slightly significant effect on megafires for the month of
September (Table 4). Ironically, for SAW days when there

8



www.publish.csiro.au/wf

International Journal of Wildland Fire 33 (2024) WF23190

Table 3. t-test between days without fire and those with fire by month on non-SAW days and SAW days for mean temperature, average wind speed and vapour pressure deficit;
NS = P > 0.05, * = P < 0.05, ** = P < 0.01, *** = P < 0.001.
Temperature Wind speed VPD
Non-SAW SAW Non-SAW SAW Non-SAW SAW

Month No-fire Fire No-fire Fire No-fire Fire No-fire Fire No-fire Fire No-fire Fire

San Diego
1 16.5 18.7 * 18.7 20.7 *x NS NS 0.9 13 * 14 18 *x
2 16.9 18.9 * 19.6 21.6 * NS 14.0 15.8 * 0.8 12 * 2.0 15 *
3 17.5 20.5 ikl 20.4 24.2 *x NS NS 0.9 14 ikl 15 24 *
4 18.5 215 ek NS NS NS 0.9 15 il NS
5 19.2 20.8 ikl NS NS NS 0.9 11 ekl NS
6 204 218 ok NS 0.8 1.0 ok
7 227 235 i 16.5 17 *x 0.9 1.0 ok
8 237 24.4 Fork NS 1.0 11 roxk
9 233 25.0 ek NS NS NS 11 13 il NS
10 21.8 238 roxk 237 254 roxk NS NS 11 15 roxk 18 23 ohk
1l 19.4 21.6 ok 212 23.8 ok NS NS 1.0 15 ok 17 23 Foxk
12 17.0 19.1 ok 18.4 212 ok NS NS 0.9 13 *x 13 2.0 ok

Riverside
1 NS NS NS 137 223 *x NS 19 23 *x
2 16.6 20.8 *x NS NS NS 11 19 *k NS
3 19.3 229 i 226 26.9 * NS NS 14 2.0 *x 23 32 *
4 215 259 ikl NS NS NS 17 27 ikl NS
5 235 27.2 ok NS 1.8 131 * NS 1.8 27 okk NS
6 271 29.6 ok n9 12.8 * 23 2.8 i
7 311 32.8 ok NS 3 35 ok
8 319 334 ok NS 33 37 ok
9 299 32.2 rork NS NS NS 31 3.6 rrx NS
10 253 281 rxk NS 9.0 4 *x 124 18.4 *x 23 3.0 ok 31 3.6 *
il 20.8 247 il 228 259 *x NS NS 17 25 il 23 3 rx

(Continued on next page)
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Table 3. (Continued)

Temperature Wind speed VPD
Non-SAW SAW Non-SAW SAW Non-SAW
Month No-fire Fire No-fire Fire No-fire Fire No-fire Fire No-fire Fire No-fire Fire
12 16.5 19.5 * 18.8 20.3 * NS 14.5 19.9 * 11 17 * 18 2 *
Chino
1 NS 20.2 225 * NS NS NS 18 23 xk
2 17.0 211 *x 214 243 * 10.6 14.3 * NS 11 18 *x 21 2.7 *
3 19.6 233 *x 231 273 * NS NS 14 2.0 *x NS
4 22.0 26.9 ikl NS NS NS 17 29 ikl NS
5 243 279 ikl NS NS NS 19 27 roxk NS
6 27.6 30.1 il NS 23 3.0 ikl
7 31.6 33.6 ikl 14.2 15 * 3.0 3.6 skl
8 327 34.1 Fokk NS 34 3.8 Fokk
9 30.7 333 ikl NS NS NS 31 39 ekl NS
10 26.1 29.1 ok NS NS 13.9 19.3 *x 23 32 roxk NS
1l 213 25.2 skl 233 272 *x NS NS 17 25 skl 23 32 sl
12 16.9 20.5 el 19 21.6 il NS 13.6 19.3 * 11 18 ** 17 2.2 whx
Los Angeles
1 16.0 194 * 19.3 21.8 okl n.9 12.6 NS 10.2 1.6 NS 0.8 1.6 *x 1.6 21 el
2 16.4 19.1 *x 20.2 229 *x 147 137 NS 12.4 10.8 NS 0.8 13 *x 1.6 22 ok
3 171 19.8 ikl 20.9 23.8 * 17.8 16.1 * 15.3 20.9 NS 0.8 13 *x 17 23 NS
4 18.3 212 ikl 234 27.6 NS 19.7 20.3 NS 19.7 17.7 NS 0.9 14 ool 21 3.0 NS
5 19.4 211 il 271 25.8 NS 194 19.5 NS 0.9 12 skl 2.0 24 NS
6 20.7 219 ikl 18.4 18.8 NS 0.9 11 roxk
7 229 234 Fokk 18.1 18.6 xk 11 12 ok
8 235 24.0 ikl 183 18.3 NS 11 13 skl
9 23.0 245 okk 26.9 295 NS 17.6 17.7 NS 18.7 17.3 NS 11 15 ok 27 33 NS
10 21.6 237 ikl 24.9 27.1 skl 16.4 16.7 NS 15.4 13.9 * 11 17 skl 2.2 3.0 sl
|l 193 21.8 okk 22.2 251 okok 13.9 13.9 NS n.2 1.6 NS 11 17 ook 2.0 2.7 ok
12 16.7 19.6 Fokk 18.9 217 Fokk 1.9 n.9 NS 10.7 1.6 NS 0.9 15 *x 15 21 Fkk
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Fig. 6.

Individual fires plotted by size for levels of VPD at the four climate stations; adjusted r* for bivariate regression of log ha and VPD.

(a—d) Non-SAW in blue for the four stations, and (e—h) SAW in red for the four stations.

was little relationship between VPD and fire size (Fig. 6),
there was a significantly higher VPD before and after days of
ignition for megafires (Table 4).

The effect of the Palmer Drought Severity Index (PDSI) on
fire size, considering PDSI vs monthly area burned for non-
SAW and SAW days is illustrated in Fig. 7. For fires ignited
on non-SAW days, bivariate regression analysis showed PDSI
explained a substantial amount of variation in area burned,
particularly in the months of January and February. For fires
ignited on SAW days, there were significant effects of PDSI
on fire size for the months from October to January.

Regression models of log area burned (Table 5) were
developed on a monthly basis using all of the variables
examined in this study. For fires ignited on non-SAW days
in months with substantial area burned, variance accounted
for between 0.05 and 0.16. Across all months the most
important driver of fire size from non-SAW day ignitions
was the extent of drought (PDSI) in the prior 5 years. For
SAW days during October, the month with the largest area
burned, the model was highly significant with an r? of 0.23
and the major driver was the SAWRI measure of wind speed.
For the other 3 months with substantial area burned, the
model for September did not yield significant results, but the
models for November and December models were signifi-
cant with the SAWRI also being the strongest driver.

Discussion

In southern California SAW fires are responsible for the largest
and most destructive wildfires (Syphard et al. 2021;
Abatzoglou et al. 2023), however, as shown here, fires ignited
on non-SAW days account for many more fires than SAW fires
(seven times as many) and more (30%) area burned. The
proportion of non-SAW to SAW fires has varied somewhat
over time, with some studies reporting more equal levels of
burning for these two types of fire (Jin et al. 2014, 2015;
Kolden and Abatzoglou 2018). Of particular interest is that
extreme SAW events are not a good predictor of extreme fire
events since they are entirely dependent on the coincidence of
an extreme event with a human ignition, most commonly a
powerline failure (Keeley et al. 2021). As noted here, the
probability of a SAW event leading to a fire has increased
significantly over the last 71 years. Since these fires are
dependent on human ignitions, it is possible this increase is
due to increased population growth and associated increase in
the electrical grid. Global warming could be an explanation
for this pattern except that climate attributes are not strongly
tied to SAW fires (Keeley et al. 2021).

Non-SAW fires are often referred to as summer fires
as the bulk of area burned occurs during the summer months
June-August; however, much more area burned in September

n
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Table 4.

t-tests for difference between megafires (>25,000 ha) and small fires (100-999 ha) on day of ignition and the prior 5 days (-week) and

the following 5 days (+week) for the two sites with long term records (1950-2020); for temperature, VPD, and average daily wind speed. Only
months with sufficient number of large fires presented; (0) is the day of ignition, (1,2,3,4,5) is a day or days before or after the day of ignition, (wk)
is average of day of ignition and prior 5 days or following 5 days; NS = P > 0.05, * = P < 0.05, ** = P < 0.01, *** = P < 0.001.

Temperature Wind speed VPD
-Week +Week -Week +Week -Week +Week
San Diego
Month Non-SAW Non-SAW Non-SAW
7 NS NS NS 5** NS 5*
8 NS NS 3*wk* ™ NS NS
9 NS NS NS NS wk* NS
SAW SAW SAW
9 NS NS NS wk* NS NS
10 NS NS NS NS ™ NS
il NS NS NS NS Q**x* NS
12 NS NS NS 5** Liialeo Nl wk*
Los Angeles
Month Non-SAW Non-SAW Non-SAW
7 SxH* NS NS 3* NS NS
8 NS NS NS NS NS NS
9 NS whk** 3**wk* NS NS 4*5%
SAW SAW SAW
9 NS NS NS NS NS wk*
10 NS NS NS 2% * NS
n NS QF*rY*GHE NS NS Q**** QF*TrrR
12 NS 3% wk* NS DA Skl NS 3*

is due to non-SAW fires than SAW fires. SAW fires dominate
in October through December. Although the frequency of
non-SAW fires tends to be greatest in more interior land-
scapes (Kolden and Abatzoglou 2018), the distribution of
large fires over 10,000 ha shows the main differences to be
that SAW fires dominate in the southern part of the south-
ern California region and non-SAW fires in the northern
portion (Fig. 1).

Predicting the likelihood of both fire types is critical to
providing sufficient fire protection and it appears the best
predictors differ between these two types of fires. The CFWI
has been used to predict fire conditions for SAW fires (Goss
et al. 2020), and here we evaluated several indices derived
from the CFWI to assess their relative utility for predicting
both non-SAW and SAW fires. The Fire Weather Index (FWI)
is commonly used as a general index of fire danger, and
although it is significantly related to fire size for both non-
SAW and SAW days (Fig. 2), its utility for predicting fire size
is limited. This is because both non-SAW and SAW fires vary
by 4-5 orders of magnitude annually, and models derived
from the FWI explain very little of this year-to-year variance.

In other words, despite the statistical association, indices such
as FWI provide limited predictive value in southern California
(Schoenberg et al. 2007). On the other hand, for all months
with substantial area burned (June-September for non-SAW
fires, October-December for SAW fires), days with an ignition
have a FWI significantly greater than non-fire days in that
month. Thus, at a monthly temporal scale, the FWI is a
reliable indicator of fire potential for both types of fire.

Of particular value to fire managers is the capacity to
predict conditions likely to lead to large fires, which are
defined and labelled differently by researchers; very large
wildfires (VLWF), extreme wildfire events (EWE), fires of
unusual size (FOUS), and megafires are examples (Stavros
et al. 2014; Tedim et al. 2018; Potter 2023; Linley et al.
2022, respectively). We prefer the latter term, in part because
it doesn’t carry an initialism. The threshold over which fires
are categorised as large varies markedly with different
regions, partially because the presence of contiguous fuels
varies geographically and is an important contributor to
potential fire size. Here we consider megafires as those
>25,000 ha (61,775 ac), which in southern California is
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Fig. 7. Monthly distribution from January to December of the adjusted r” for bivariate regression of log ha and PDSI for each season, and
average of annual PDSI plus PDSI for the prior year (2 years drought index), and prior 2 years (3 years drought), prior 3 years (4 years drought),
and prior 4 years (5 years drought). *indicates P < 0.05, **P < 0.01, ***P < 0.001.

Table 5. Best regression models for all the parameters investigated here for SAW and non-SAW days for those months with a substantial area
burned; day 0 = day of ignition; coefficients for the independent variables have been omitted.
Non-SAW
Month
5 Log ha burned = Drought prior 5 years + temperature (day 0); r* = 0.12, P < 0.001
6 Log ha burned = Drought prior 5 years; r* = 0.05, P < 0.001
7 Log ha burned = Drought prior 5 years + VPD (day 0); r* = 0.07, P < 0.001
8 Log ha burned = Drought prior 5 years + VPD (day 0) + Sum PDSI, Spring PDSI; r* = 0.06, P < 0.001
9 Log ha burned = Drought prior 5 years + VPD (day 0); r* = 0.16, P < 0.001
10 Log ha burned = Drought prior 5 years + VPD (day 0); r* = 0.1, P < 0.001
SAW
Month
10 Log ha burned = RiDindex (day 0) + Spring PDSI + Summer PDSI; r? = 0.23, P < 0.001
1 Log ha burned = RiDindex (day 0) + Drought prior 4years; r* = 0.29, P < 0.001
12 Log ha burned = RiDindex (day 0) + Spring PDSI; r* = 0.1, P < 0.01

generally associated with the most destructive fires (Syphard
et al. 2021). Conditions on the day of an ignition are impor-
tant, but our results show that conditions in the days before
and after ignition also need to be considered. For non-SAW
fires, the FWI is of little value in discerning when fires would
become megafires; however, FWI may be a good predictor of
megafires during the SAW season (Table 2). In general, the
FWI on the day of ignition is less useful than this index in the
days before and after ignition.

The Fine Fuel Moisture Code (FFMCQ), is a numeric rating
of the moisture content of dead fine fuels and is inversely
tied to fire danger. This metric is significantly greater on
days when a fire occurs, than on non-fire days, year round
for non-SAW days and autumn and winter months for SAW
days. In short, FFMC was greater on days when an ignition
occurred; however, for most months the difference was
rather subtle; typically just a few percent. As a metric for
predicting megafires, it is of limited value for non-SAW days;
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however, late fall and early winter SAW fires showed this
had a significant effect on megafires, and this is consistent
with the role of precipitation on these fires (Cayan et al.
2022). It would seem that this effect is primarily on dead fine
fuels as fuel moisture in live fuels in autumn is frequently at
its lowest point for living chaparral biomass in most years
(Keeley et al. 2009). FFMC in the days following SAW fire
ignition has the most consistently significant effect.

The Drought Code (DC) as a predictor of fires varies with
location and length of the record. The present study showed
that on non-SAW days it was generally greater on days when
an ignition occurred, but for SAW days that was only the case
for autumn months in the long-term data sets from San Diego
and Los Angeles, and not for the more recent years for
Riverside and Chino. As a predictor of megafires it is not
significant for fires that ignite on non-SAW days, but it is
significant for fires that ignite on SAW days in early autumn
months. Models using the Palmer Drought Severity Index
(PDSI), and temperature, average wind speed and VPD
showed that long term drought was the most important
determinant of fire size on non-SAW days. For SAW days,
drought was an important factor, but the greatest impact was
the SAW Regional Index. In short, drought appears to be the
most important factor for non-SAW days and Santa Ana wind
speed for SAW days (Table 5).

Vapour pressure deficit (VPD), has been shown to be
highly correlated with area burned in the southwest USA
(Mueller et al. 2020; Balch et al. 2022). In southern
California VPD appears to be linked to megafires in July
and September for non-SAW days and October-December
on SAW days, but is not the overriding factor (Table 5).

In summary, when using the CFWI to predict fire occur-
rence potential in southern California, the FWI may be the
most useful for both SAW and non-SAW fires, although using
it in combination with the FFMC and DC may provide a more
robust prediction. None of the three indices were valuable for
predicting fire size overall, nor were they helpful in predicting
megafires on non-SAW days. However, all three showed some
potential for predicting SAW megafires in some months,
although the effect was greater for the days before and after
a fire. Of course, if used to predict the potential for a megafire,
the weeks before the event would be the most useful to
monitor for fire danger. In addition, long term drought
needs to be considered in evaluating fire danger and the
potential for human ignitions (Keeley et al. 2021).

Supplementary material

Supplementary material is available online.
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