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Abstract
We assess the ability of the Bureau of Meteorology’s ACCESS-S1 dynamical forecast system to simulate and predict extreme
fire weather over Australia during austral spring (SON) and summer (DJF) on subseasonal timescales. Specifically, we focus
on the roles of the El Niño-Southern Oscillation (ENSO), Indian Ocean Dipole (IOD), Southern Annular Mode (SAM),
Madden–Julian Oscillation (MJO), and two modes of persistent high-pressure in the Australian region characterised as (i)
split-flow blocking highs and (ii) subtropical ridge Tasman highs (STRH). The observed likelihood of extreme fire weather
increases over most of Australia in association with El Niño, the positive IOD, negative SAM and low split-flow blocking,
in both seasons. These increases are generally largest in SON over the southeast. Notable increases in the likelihood of
extreme fire weather also occur north of 30° S during low STRH activity, and over the southeast during MJO phase 3. Using
retrospective forecasts at lead times of 2–3 weeks for the period 1990–2012, we show that ACCESS-S1 simulates reasonably
well the observed modulation of extreme weekly-mean fire weather by each climate driver, however the simulated changes
in probabilities are often weaker than those observed. Each climate driver plays an important role in providing predictive
skill for regions where ACCESS-S1 captures a high likelihood of experiencing extreme fire weather conditions. The results
of this study highlight windows of forecast opportunity during active climate driver phases that can be useful to regional
users in fire management, emergency services, health, national park management, and the agriculture and energy sectors.

1 Introduction
Much of Australia has experienced an increase in extreme
fire weather over the last few decades due to warmer and
drier conditions (CSIRO and Bureau of Meteorology 2015,
2020). Extreme fire weather days have become more frequent and the extratropical Australian bushfire season has
extended further into spring and autumn (Clarke et al. 2013;
Dowdy 2018). Continued warming and drying in climate
projections over the twenty-first century will lead to harsher
fire weather for southern and eastern Australia (CSIRO and
Bureau of Meteorology 2015), including many of the areas
devastated by fire activity during the recent 2018–2019 and
2019–2020 bushfire seasons.
The 2019–2020 season was the worst fire season on
record for Australia. During spring, dangerous fire weather
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across Australia led to several large wildfires that flared in
early September. These occurred during hot, dry and windy
conditions suitable for fire spread (Bradstock 2010). Fires
continued to burn into November, during which several lives
were lost and hundreds of homes were destroyed. Over 1.9
million hectares had been burnt by the end of November
2019, much of which occurred in eastern New South Wales
(1.65 million hectares) and eastern Queensland (220,000
hectares) (Bureau of Meteorology 2019c), including areas
of Queensland not usually subject to dangerous fire weather.
Each Australian State and the Northern Territory reported
damaging fire activity during the season. Smoke generated
by the fires impacted both surface air quality and global
atmospheric composition as it drifted across the Pacific
Ocean and ascended to stratospheric heights of more than
30 km, previously matched by the Mt. Pinatubo eruption
in 1991 (NASA 2020; Khaykin et al. 2020; Ohneiser et al.
2020).
Below-average rainfall since 2017 and above-average
daytime temperatures in 2019 created low soil moisture over
much of Australia (leading to dry fuels), resulting in high
fire danger from early spring 2019 (Bureau of Meteorology
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2019b). These antecedent factors combined with modes
of subseasonal to seasonal climate variability, or ‘climate
drivers’, to exacerbate the warm and dry conditions over
many parts of the country. In the second half of 2019, a
strong positive Indian Ocean Dipole (IOD; Saji et al. 1999;
Wang et al. 2020) promoted reduced rainfall and warmer
conditions across Australia (e.g. Risbey et al. 2009). Then,
during October and November 2019, a prolonged negative
phase of the Southern Annular Mode (SAM, e.g. Trenberth
1979) enhanced the dry, warm and windy environment of
New South Wales and Queensland, following an unusually
strong Sudden Stratospheric Warming event over Antarctica (SSW; Scherhag 1952; Hendon et al. 2019; Lim et al.
2021). These dangerous fire weather conditions continued
into December, which was the warmest December on record
for Australia as a whole and for all mainland States except
Victoria (Bureau of Meteorology 2020). The accumulated
fire danger for that month was also the highest recorded for
Australia as a whole, as new records were set across large
areas of the country. Fire weather conditions generally eased
back from record levels in the second half of January 2020 as
the positive Indian Ocean Dipole and the negative Southern
Annular Mode broke down (Bureau of Meteorology 2020).
Just 1 year prior, during the summer of 2018–2019, significant fires had also affected parts of eastern Queensland
(November–December), southern Tasmania and eastern Victoria (January–February), and northeast New South Wales
and southwest Western Australia (February). For Tasmania,
over 178,000 ha were burnt—representing 2.6 per cent of
the state—including 14 per cent of globally significant very
tall wet eucalypt forests and a total of 95,000 ha (6%) of the
Tasmanian Wilderness World Heritage Area (AFAC 2019),
as the air quality deteriorated across the state due to the high
concentrations of surface smoke (Bureau of Meteorology
2019a).
The widespread and devastating impacts of the recent
2018–2019 and 2019–2020 Australian bushfire seasons
highlight the importance of understanding climatic factors that contribute to extreme fire danger, including largescale climate drivers active at the time. Previous work has
linked elevated fire weather conditions in Australia to the El
Niño–Southern Oscillation (ENSO; e.g. Love and Downey
1986; Williams and Karoly 1999; Williams et al 2001; Lucas
et al. 2007; Dowdy 2018; Harris and Lucas 2019), IOD (e.g.
Harris and Lucas 2019) and SAM (e.g. Harris and Lucas
2019; Lim et al. 2019), including for fire weather extremes
(Williams and Karoly 1999; Harris and Lucas 2019).
We build on these previous studies by providing a comprehensive assessment of the impacts of six key drivers
of Australian subseasonal climate variability on extreme
fire weather, and their depiction and prediction in the
Bureau of Meteorology’s seasonal climate forecast system ACCESS-S1 (Hudson et al. 2017). This assessment
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is important for contributing to (i) the development and
understanding of operational forecasts of extreme fire
danger by identifying the role of each climate driver, and
(ii) international research efforts on improving dynamical prediction on the subseasonal timescale (e.g. Brunet
et al. 2010). We assess fire weather using the McArthur
forest fire danger index (FFDI; McArthur 1967), which
is currently the most commonly used measure for examining fire weather conditions in Australia, and the index
used by the Australian Bureau of Meteorology (BoM) for
communicating the risk of fire danger to Australian fire
management authorities. As a key tool for assessing fire
danger in Australia, the FFDI has been shown to provide
a useful indication of fire weather based predominantly
on meteorological variables and can be used as a basis for
issuing regional warnings and fire bans (e.g., Lucas 2010;
Dowdy 2018; Harris and Lucas 2019).
We define extreme fire weather to be weekly mean FFDI
above the 90th percentile (the upper decile), and we assess
impacts of the Madden–Julian Oscillation (MJO, e.g. Madden and Julian 1994) and two modes of persistent anticyclone in the Australian region (e.g. Marshall et al. 2014b)
in addition to the ENSO, IOD and SAM. These climate
drivers can influence fire extremes through their influence
on important weather variables such as extreme temperature, rainfall and wind (e.g. Kenyon and Hegerl 2008;
Arblaster and Alexander 2012; Marshall et al. 2014b,
2021; White et al. 2014). Given our ability to predict these
climate drivers on timescales from weeks to seasons ahead
(e.g. Hudson et al. 2017), improved understanding of their
impacts on extreme fire weather conditions in Australia
will help with predicting the fire potential across the country each year and thus be of great benefit to many sectors
including health, agriculture, energy, national park and
emergency management.
The focus of this study is on the extratropical Australian
bushfire season incorporating austral spring (September
to November; SON) and summer (December to February;
DJF). We note that all the climate drivers examined here
exhibit strong relationships to extreme fire behaviour yearround; their influences during the northern/tropical Australian dry season (May to October) is a topic for future
work. Section 2 of this paper provides a brief description of the ACCESS-S1 dynamical forecast system, the
retrospective forecasts (’hindcasts’) and observational
datasets and methods of analysis. The following sections
provide an assessment of the capability of ACCESS-S1
to depict (Sect. 3) and predict (Sect. 4) extreme weekly
mean fire weather conditions over Australia, highlighting
the role of each climate driver. We will also highlight areas
where further model development and improvement may
be required. A summary and conclusions are presented in
Sect. 5.
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2 Data and methods

spring (SON) and summer (DJF) seasons. This dataset will
hereafter be referred to as the observed FFDI.

2.1 Observed fire weather using the Forest Fire
Danger Index
We represent extreme fire weather in observations using
a daily gridded FFDI dataset for Australia produced and
maintained by Climate Services at the Bureau of Meteorology and described by Lucas (2010) and Dowdy (2018).
Our FFDI formulation is based on Noble et al. (1980) but
rearranged to improve computational efficiency for large
gridded datasets. It combines daily observations of 2 m
maximum temperature (T), 2 m relative humidity (RH)
calculated from vapour pressure at 0600 UTC (near the
time of maximum temperature), 10 m wind speed at 0600
UTC (v), and a drought factor (DF) that represents an
accumulated deficit in fuel moisture based on antecedent
daily rainfall totals and 2 m maximum temperature (Eq. 1).

FFDI = exp (0.0338 T − 0.0345 RH + 0.0243 v
+ 0.243147) ⋅ DF 0.987

(1)

The temperature, vapour pressure and rainfall data are
from the Australian Water Availability Project (AWAP;
Jones et al. 2009), and the wind speed data are from the
6-hourly NCEP–NCAR reanalysis (NNR1; Kalnay et al.
1996). The AWAP analyses are an optimum interpolation
of all available daily station observations (600–800 stations daily) that provide good coverage across the continent except in parts of the Australian outback including
the Gibson Desert (central Western Australia), Great Victorian Desert (Western Australia and South Australia) and
Simpson Desert (Northern Territory, South Australia and
Queensland) where caution needs to be used (Jones et al.
2009). Thus, our key focus is on the temperate and subtropical regions of Australia, where the FFDI is also most
widely used. For calculating the FFDI, the NNR1 wind
speed data is interpolated to the 0.05° AWAP grid and calibrated (quantile–quantile matched; Bureau of Meteorology
2019d) to the wind speed produced at 0600 UTC by the
Bureau of Meteorology’s operational numerical weather
prediction model. The drought factor, a number between
0 and 10, is calculated using the Keetch–Byram drought
index (KBDI; Keetch and Byram 1968), as described by
Griffiths (1999) and Finkele et al. (2006). Further details
of the KBDI and FFDI are also provided by Lucas (2010),
Dowdy (2018) and Harris and Lucas (2019). The observed
FFDI data are available on a 0.05° horizontal grid. We
calculate 7-day means from the daily FFDI data for the
period 1990–2012 (the ACCESS-S1 hindcast period), and
anomalies relative to climatology for the climate driver
indices (detailed for each driver in Sect. 3), for the austral

2.2 Forecasts of extreme fire weather using
ACCESS‑S1
The Australian Community Climate and Earth System Simulator-Seasonal forecast system version 1 (ACCESS-S1) is the
Bureau of Meteorology’s current operational coupled model
subseasonal to seasonal prediction system (Hudson et al.
2017). Based on the UK Met Office GC2 coupled model
GloSea5 system (MacLachlan et al. 2015), ACCESS-S1 uses
the atmospheric Unified Model (UM; e.g. MacLachlan et al.
2015), the Nucleus for European Modelling of the Ocean
(NEMO; e.g. Mogensen et al. 2009, 2012), the JULES land
surface model (Best et al. 2011; Walters et al. 2017) and the
CICE sea ice model (Rae et al. 2015). ACCESS-S1 became
operational at the Bureau of Meteorology in August 2018,
replacing the low resolution model POAMA (Alves et al.
2003; Hudson et al. 2011, 2013).
The ACCESS-S1 system has a relatively high horizontal resolution of 25 km in the ocean and roughly 60 km
(N216) in the atmosphere. The stratosphere is well resolved
to above 1 hPa with 85 vertical levels in the atmosphere.
Initial conditions for the atmosphere are provided by interpolating zonal wind (u), meridional wind (v), temperature,
humidity and surface pressure from the European Centre
for Medium-Range Weather Forecasts (ECMWF)-Interim
reanalysis (ERA-I; Dee et al. 2011) onto the ACCESS-S1
atmospheric model grid. Initial conditions for sea-ice and
the ocean are provided from the NEMO variational assimilation produced at the UK Met Office (e.g. Mogensen et al.
2009, 2012; MacLachlan et al. 2015). Soil moisture is initialised with climatology (MacLachlan et al. 2015) and soil
temperatures are interpolated from ERA-I data.
The ACCESS-S1 system produces hindcasts comprising
an 11-member ensemble. Initial conditions are produced
by a simple scheme that adds randomly sampled 7-day differences from ERA-I (also rescaled to represent analysis
uncertainty) into the atmospheric initial state (Hudson et al.
2017), and model uncertainty is provided by the stochastic
backscatter scheme (MacLachlan et al. 2015). Hindcasts are
initialised on the 1st, 9th, 17th and 25th of each month for
the period 1990–2012, and we use daily- and weekly-mean
output data for the first three weeks of each hindcast. We
define a lead time of one week as the mean of the first week
of each hindcast, a lead time of two weeks as the mean of the
second week of each hindcast, and a lead time of three weeks
as the mean of the third week of each hindcast. We aggregate
the data into each season based on the validity/target date, as
opposed to the start date, for each week. Hindcast anomalies
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are formed relative to the hindcast model climatology, which
is a function of both start date and lead time, and thus a
first-order linear correction for model mean bias is made in
a similar fashion to that of Stockdale (1997).
The FFDI for ACCESS-S1 is calculated in a similar fashion to that described in Sect. 2.1 by combining daily model
output of maximum temperature, rainfall, wind speed, and
vapour pressure, calibrated to the daily AWAP analyses
using a quantile–quantile matching method applied to daily
data and downscaled from 60 to 5 km horizontal resolution
(Bureau of Meteorology 2019d; de Burgh-Day et al. 2020).
The calibration is done using leave-one-out cross validation
(leaving out the year to be calibrated). Each start date and
lead time are treated independently. For a given start date/
lead time forecast, in addition to using all ensemble members (which would give 11 × 23 points), the data for five days
before and after the target date are used (to give 11 × 23 × 11
points). This increase in sample size better captures the distribution of the data, especially at the extremes, and it is less
affected by the relatively short hindcast period.

2.3 Assessment of relationships to extreme fire
weather
Previous studies have used composite and correlation analyses for assessing relationships to fire weather in Australia.
A composite-based approach can be advantageous in allowing the positive (high) and negative (low) phases of a climate driver to be assessed separately. This is particularly
meaningful where a climate driver (such as ENSO) shows
asymmetric impacts on Australian climate (e.g. Marshall
et al. 2014b; Power et al. 2006). This asymmetry is obscured
by a correlation approach which includes all years and thus
combines low and high climate driver phases. We therefore use a composite-based approach for diagnosing how
key drivers of Australian climate variability can modulate
extreme weekly mean fire weather conditions from observations, and how well these relationships are represented in
ACCESS-S1 in weeks two and three of the forecasts. For
this we create the composite probability of occurrence of
extreme FFDI with respect to each climate driver (detailed in
Sect. 3) and assess significance using a z-score test for event
probabilities (Spiegel 1961). The probability of occurrence
of extreme weekly-mean FFDI for each mode of variability
is assumed to be significanctly different than the mean probability when the absolute value of z is greater than 1.96 (two
tailed distribution).
For the z-score test, we account for the possibility that the
weekly-mean FFDI in our composites may not be comprised
of independent samples, N, for modes of variability with
long persistence timescales (such as the IOD and ENSO) by
computing the effective sample size, Neff (≅ N 1−𝜌
), using the
1+𝜌
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lag-1 autocorrelation 𝜌 of FFDI at each grid box. (We note
that for shorter timescale drivers such as the SAM, MJO and
blocking, the weekly-mean data may be considered independent, e.g. Marshall et al. 2014b, 2021). We also account
approximately for the non-independence of ACCESS-S1
ensemble forecast members at lead times of 2–3 weeks in a
similar fashion, but by calculating the autocorrelation coefficient by correlating (as a function of hindcast start) each
ensemble member with the ensemble mean of the remaining
10 ensemble members at each grid box. The correlation
coefficients are then averaged over the 11 realisations, from
which we calculate Neff . This reduces the sample size by a
factor of about four over much of the continent. We note here
that sample sizes for the model remain notably larger than
those for the observations, and thus probability composites
for ACCESS-S1 often show a larger spatial coverage of significant ratios compared with those observed.

2.4 Verification for forecasts of extreme fire
weather
We assess forecast skill for predicting extreme fire danger
using the Symmetric Extremal Dependence Index (SEDI;
Ferro and Stephenson 2011). The SEDI score is recognised
for its ability to provide meaningful results when verifying extremes (e.g. North et al. 2013; Marshall et al. 2014b,
2021; White et al. 2014; Haiden and Duffy 2016; Singh
et al. 2017), where many other standard verification scores
become degenerate in dealing with rare events and small
sample sizes (Casati et al. 2008; Hogan and Mason 2012;
Ferro and Stephenson 2011). Put another way, as rarity
increases, many scores tend towards a meaningless limit,
usually zero, irrespective of whether the forecast system is
skilful or not. However, of the non-degenerate skill scores
reviewed by Hogan and Mason (2012), the SEDI score combines more desirable properties than any other, including
equitability, difficulty to hedge and base-rate independence.
Based on a 2 × 2 contingency table, the SEDI score is computed from the hit rate (H) and the false alarm rate (F) at
each grid location, using Eq. (2):

SEDI =

log F − log H − log(1 − F) + log(1 − H)
log F + log H + log(1 − F) + log(1 − H)

(2)

An FFDI forecast is a “hit” if it and the corresponding
observation both exceed a chosen threshold—the 90th percentile in our study—and a “false alarm” if the forecast
exceeds the threshold but the observed does not. SEDI
scores greater than zero indicate skill better than for random forecasts, and scores less than zero indicate worse skill.
To calculate SEDI scores, we assume that the forecasts
starting 8 days apart in each month (1st, 9th, 17th and 25th)
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are independent events, which is reasonable given that we
are verifying subseasonal forecasts using weekly-averaged
periods, and we construct the 2 × 2 contingency table using
data from both weeks 2 and 3 of the forecast. The ensemble
members are pooled, and each individual ensemble member
adds to the counts in the contingency table before the SEDI
score is calculated (Marshall et al. 2014b). We have found
this to be more appropriate than (i) using the ensemble mean
forecast for the contingency table (which leads to underestimation of event frequency) and (ii) calculating SEDI scores
for each ensemble member and averaging the result (which
leads to undefined SEDI scores where one or more entries in
the contingency table equals zero.) The confidence interval
of the SEDI is estimated using the formula for the standard
error (SSEDI; Ferro and Stephenson 2011), which is computed at each grid location from the hit rate, false alarm rate,
sample size n and base rate p (the relative frequency with
which extreme fire danger is observed to occur),
|
|
2H
2| (1−H)(1−F)+HF
log[F(1 − H)] + 1−H
log[H(1 − F)]|
| (1−H)(1−F)
|
sSEDI =
H{log[F(1 − H)] + log[H(1 − F)]}2
√
H(1 − H)
pn

(3)

where pn = a + c is the total number of observed events
which we obtain from the contingency table (see Table 1 in
Ferro and Stephenson 2011). We compute the 95% confidence intervals at each grid point as SEDI ± 2*SSEDI (where
SSEDI estimates the standard deviation) and we consider
SEDI scores to represent useful forecast skill (i.e. better than
a random forecast) when confidence intervals comprise positive values only.

3 Climate driver impacts on extreme fire
weather over Australia
3.1 Event probability thresholds
We define extreme fire danger based on weekly-mean FFDI
values exceeding the 90th percentile, which is a commonly
accepted threshold in assessing climate extremes on subseasonal to seasonal timescales including extreme temperature
and rainfall (Alexander and Arblaster 2009; Perkins et al.
2012; Marshall et al. 2014b, 2021; White et al. 2014). This
inherently assumes the persistence of extreme fire weather
over several consecutive days, rather than the occurrence of a
single daily event. Figure 1 shows the 90th percentile threshold for weekly-mean FFDI from observations (left column),
and from ACCESS-S1 calibrated hindcasts for lead times of
2 and 3 weeks formed using individual ensemble members
(right column), for SON (top row) and DJF (bottom row).

Observed FFDI threshold values above 50 (the level
where human impacts of bushfire rapidly increase, e.g.
Blanchi et al. 2010) typically occur over the subtropical
inland regions of Australia where daytime temperatures are
generally high and humidity is low, while thresholds are
relatively low closer to the more temperate coastal regions.
In particular, the lowest FFDI threshold values of less than
10 occur around the southwest and southeast Australian
coasts, with orographic enhancement of low values (green
shading) apparent along the Great Dividing Range in eastern
Victoria and southern New South Wales. The large variation in threshold values across Australia in Fig. 1 shows
how extreme fire conditions do not pertain to a single FFDI
value or category, but rather significant fire activity occurs
across a range of values depending on the location of interest. This points to the appropriateness of a percentile-based
fire danger rating system as a future alternative to the current system which categorises fire danger based on absolute
values of the FFDI. (We also note the absence of vegetation
types and state in the calculation of FFDI as another area
for future improvement). Comparing the thresholds from
ACCESS-S1 with those observed indicates remarkably good
agreement both in spatial distribution and magnitude. We
expect this agreement in magnitude because we are using
calibrated data, while the spatial detail partly reflects the
high model resolution and relatively good depiction of the
relevant dynamics and circulation.
Based on exceedance of the 90th percentile thresholds displayed in Fig. 1, we create the composite probability of occurrence of extreme FFDI with respect to the
ENSO (Sect. 3.2), IOD (Sect. 3.3), SAM (Sect. 3.4), MJO
(Sect. 3.5), and two modes of persistent high pressure system
in the Australian region (Sect. 3.6). Detailed definitions of
each regime are provided in the subsections below. We consider covarying relationships between climate drivers (e.g.
the relationship of the IOD with ENSO; Meyers et al. 2007)
by using linear regression to remove residual driver signals
from the analyses (e.g. Lim et al. 2019). In doing so, we
find little contamination by covarying drivers on the weekly
timescale (e.g. Marshall et al. 2014a). Probability composites are computed by counting the number of instances at
each grid location for which the weekly-mean FFDI value is
greater than the event threshold value as displayed in Fig. 1,
and then dividing by the total number of samples in the composite. We display probability composites as ratios relative
to the mean decile probability of occurrence (nominally 0.1),
so that probabilities greater than one indicate an increased
likelihood of an upper decile event, and probabilities less
than one indicate a decreased likelihood.
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Fig. 1  90th percentile thresholds of weekly-mean FFDI for
observations (left column) and
for ACCESS-S1 for lead times
of 2–3 weeks (right column), in
SON (top row) and DJF (bottom
row)

3.2 Event probabilities associated with ENSO
Several indices can be used to characterise ENSO, including the atmosphere-based Southern Oscillation Index
(SOI; formulated as the Darwin minus Tahiti anomalous
sea level pressure difference) and the ocean-based Niño-3,
Niño-3.4, Niño-4 indices which capture ENSO events with
their strongest surface signal in the eastern Pacific Ocean.
ENSO events that have their strongest signal in the central
Pacific are characterised using the Modoki Index (Ashok
et al. 2007). Here we use Niño-3.4, a popular index used for
measuring ENSO strength, which is formulated by averaging sea surface temperature anomalies over the box domain
5° S–5° N and 170°–120° W. Previous work has found that
all ENSO indices accord well in their relationships to Australian rainfall variability (e.g. Risbey et al. 2009), although
the sensitivity of the response can vary by location and season depending on the index used (e.g. Taschetto and England
2009), and thus future work should explore any differences
in their relationships to fire weather variability and extremes.
We construct the Niño-3.4 index for observations using sea
surface temperature data from the global optimum interpolation analyses of Reynolds and Smith (1994), and we
calculate the observed and hindcast indices as anomalies
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relative to their respective climatologies. We identify El
Niño episodes when index anomalies are greater than one
standard deviation above the mean, and La Niña episodes
when index anomalies are less than one standard deviation
below the mean.
Figure 2 shows a predominant increase in the observed
likelihood of extreme fire weather over Australia in SON and
DJF in association with El Niño. The increases are largest
in SON over southeastern Australia where up to three times
the normal likelihood of extreme fire conditions is observed.
These results are complementary to previous studies that
link El Niño to fire danger (e.g. Love and Downey 1986;
Williams and Karoly 1999; Williams et al 2001; Verdon
et al. 2004; Long 2006; Lucas et al. 2007) and fire activity
(Felderhof and Gillieson 2006; Nicholls and Lucas 2007;
Harris et al. 2008, 2014; Mariani et al. 2016) in Australia.
The signal is weaker in DJF than in SON over many areas,
particularly in South Australia where a decrease in extreme
fire weather frequency occurs during El Niño. This is consistent with earlier studies (e.g. Dowdy 2018; Harris and
Lucas 2019) where a weak and non-significant relationship
to upper decile FFDI has been identified at the seasonal
timescale using longer datasets. The El Niño relationship to
fire weather occurs concomitant with reduced rainfall and
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Fig. 2  Ratio of probabilities
of upper decile weekly FFDI
events for El Niño in SON (top
row) and DJF (second row),
and for La Niña in SON (third
row) and DJF (bottom row),
for observations (left column)
and ACCESS-S1 at lead times
of 2–3 weeks (right column).
Ratios are calculated relative
to the mean decile probability (nominally 0.1), and bold
contours indicate regions where
the ratio is significantly different from one at 95% confidence
using a z-score test for event
probabilities. The sample size n
is indicated for each figure panel
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enhanced daytime temperatures (e.g. Nicholls et al. 1996;
Meyers et al. 2007), although reduced relative humidity
is shown to be the FFDI parameter that is most strongly
affected by ENSO (Williams and Karoly 1999).
The relationship to extreme fire weather is reversed during La Niña with broadscale decreases observed over most
of the continent (Fig. 2), concomitant with enhanced rainfall,
reduced daytime temperatures and increased relative humidity (Nicholls et al. 1996; Williams and Karoly 1999; Meyers
et al. 2007). These appear strongest in the north and east
during SON, and in the east and west during DJF, where the
likelihood of extreme fire conditions is less than half of the
normal occurrence. Again, we see some areas that do not
follow this relationship, notably near the southwestern coast
of western Australia where increases of up to double the
normal likelihood are observed in SON in association with
La Niña (also noted by Williams and Karoly 1999). These
highlight asymmetries in the extreme fire weather responses
to El Niño and La Niña, possibly due to non-linearities in the
ENSO relationships to FFDI parameters including rainfall
(e.g. Power et al. 2006; Cai et al. 2010; King et al. 2013;
Chung and Power 2017).
ACCESS-S1 neatly reproduces the observed relationships of ENSO to extreme fire weather over Australia. This
includes the peak increase in extreme fire weather likelihood over southeastern Australia in SON during El Niño, the
decrease over South Australia in DJF during El Niño, and
the increase over southwestern Western Australia in SON
during La Niña. There are some areas where the model fails
to adequately reproduce the observed relationships however, particularly when observed probabilities of extreme
fire conditions are high. These include (i) over parts of the
northwestern Australia in SON, (ii) along parts of the southern coastline including in Tasmania in DJF, and (iii) along
a coastal strip straddling the Queensland/New South Wales
border during El Niño in SON. In spite of these examples
of where the ENSO teleconnection is underdone, our results
show that ACCESS-S1 generally depicts well the Australian
circulation response to ENSO during the first 2–3 weeks of
the hindcast.

3.3 Event probabilities associated with the IOD
Variability in the IOD is commonly measured using the
dipole mode index (DMI; Saji et al. 1999), formulated as the
difference in SST anomaly averaged over a box domain in the
tropical western Indian Ocean (10° S–10° N and 50°–70° E)
and the tropical southeastern Indian Ocean (10° S–equator
and 90°–110° E). We construct the DMI for observations
using sea surface temperature data from the global optimum
interpolation analyses of Reynolds and Smith (1994), and
we calculate the observed and hindcast indices as anomalies
relative to their respective climatologies. The high index (or
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positive phase) of the IOD occurs when index anomalies are
greater than one standard deviation above the mean, and the
low index (or negative phase) occurs when index anomalies
are more than one standard deviation below the mean. We
perform our analysis for SON only, due to the seasonal phase
locking of the IOD from about June to December with its
peak activity in austral spring (Saji et al. 1999).
Figure 3 shows an increase in the observed frequency of
extreme fire weather during the positive IOD phase, and a
decrease during the negative IOD phase, over much of Australia. These relationships appear strongest across tropical
northern Australia and in the southeast, where the observed
frequency of occurrence is doubled when the IOD is positive
and halved when the IOD is negative, compared to normal.
By contrast, the relationships appear weakest in Western
Australia for the positive IOD phase, and in parts of central
Australia. Similar results were found by Harris and Lucas
(2019) for upper decile FFDI at the seasonal timescale. The
IOD relationship to extreme fire weather occurs concomitant
with a predominant decrease in Australian rainfall during the
positive IOD and increase in Australian rainfall during the
negative IOD (e.g. Meyers et al. 2007; Risbey et al. 2009).
ACCESS-S1 reproduces the observed relationships of the
IOD to extreme fire weather over Australia but with a clear
underestimation of the high probability ratios during the
positive IOD phase. The observed relationship for the negative IOD phase is, however, captured by the model reasonably well. As such, a non-linearity is apparent in the model’s
response to the IOD over much of southern Australia where
the IOD shows its strongest relationship to rainfall (Meyers
et al. 2007; Risbey et al. 2009). We therefore suggest that
this model shortcoming may be related to rainfall and SST
biases across the Indian Ocean in ACCESS-S1 (a wet bias
over the central-western Indian Ocean and a dry bias over
the eastern Indian Ocean), both of which are prominent in
SON, develop rapidly and intensify with lead time (Zhou
et al. 2015; Lim et al. 2016). It is likely that these biases
negatively impact the teleconnection between the Indian
Ocean and Australian climate (Lim et al. 2016).

3.4 Event probabilities associated with the SAM
We represent the SAM using an index that captures the variability of mean sea level pressure (MSLP) due to the SAM
(e.g. Marshall et al. 2012, 2014b). Weekly SAM indices are
obtained from the principal component time series of the
leading empirical orthogonal function (EOF) of weeklymean zonal-mean MSLP computed between 25° S and
75° S, which we compute separately for observations using
NNR1 data and for the ACCESS-S1 hindcasts. Before computing the EOFs, the seasonal cycle is removed and grid
points are weighted by the square root of the cosine of latitude (to compensate for the geographical decrease in grid

Subseasonal drivers of extreme fire weather in Australia and its prediction in ACCESS‑S1 during…
Fig. 3  Same as Fig. 2 but for
the positive IOD phase (top
row) and negative IOD (bottom
row) in SON

size towards the pole). The EOF analysis is conducted on
the base period 1990 to 2012 and each EOF is based on
the covariance matrix. For ACCESS-S1 we calculate EOFs
using each ensemble member for each lead time. The weekly
observed and modelled SAM indices are normalised by their
respective standard deviations. The high index (or positive
phase) of the SAM occurs when the pressure anomaly is low
on the pole and the midlatitude westerly jet is shifted poleward, with index values exceeding one standard deviation
above the mean. The low index (or negative phase) occurs
when the pressure anomaly is high on the pole and the midlatitude westerly jet is shifted equatorward, with index values of more than one standard deviation below the mean.
An increase in the observed likelihood of extreme fire
weather occurs over much of Australia during the negative
SAM phase in SON and DJF (Fig. 4), concomitant with
enhanced temperatures and reduced rainfall, particularly
over the east and south-east (Hendon et al. 2007; Marshall
et al. 2012, 2014b; Min et al. 2013). These increases are
generally largest in SON, with more than double the normal
likelihood of extreme fire conditions observed over eastern
and southern Australia including near the border of Western
Australia and South Australia, parts of eastern Queensland
and Victoria, and most of New South Wales. These results

are consistent with Harris and Lucas (2019) and Lim et al.
(2019), who show the negative SAM to be a key influence
for elevated fire weather across much of the country, particularly in Queensland and NSW, during austral spring. In
DJF, the likelihood of extreme fire conditions occurring is
up to double the normal likelihood over much of the east,
south and the tropical north. Notable exceptions are the
southwestern coastal strip south of the Ningaloo Reef in
SON and much of Victoria in DJF. Conversely, the positive
phase of the SAM acts to decrease the observed probabilities
over much of Australia in both seasons, particularly for the
eastern two thirds of the country in SON and in the southeast in DJF where the likelihood of extreme fire conditions
is less than half of the normal occurrence. This is consistent with the impact of the positive SAM to enhance rainfall
and reduce the daytime warming, related to enhanced cloud
cover and reduced insolation (e.g. Jones 1991; Nicholls et al.
1997; Power et al. 1998; Jones and Trewin 2000) in addition to adiabatic cooling through induced upward motion
in the subtropics (Hendon et al. 2013; Lim et al. 2013). We
note the approximate symmetry between the positive and
negative SAM impacts on extreme fire conditions, seen most
clearly in SON.
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Fig. 4  Same as Fig. 2 but for
the high SAM phase in SON
(top row) and DJF (second row),
and for the low SAM phase in
SON (third row) and DJF (bottom row)
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ACCESS-S1 reproduces the observed relationships to
extreme fire weather over much of Australia, although the
strength of the teleconnections is generally weaker than
observed. ACCESS-S1 emphasises the relationships over
eastern Australia where they appear strongest in observations. There is room for improvement in the depiction over
southern Australia for the negative SAM phase in DJF,
which may reflect biases in the model’s depiction of SAM
circulation anomalies to the south of Australia during the
first 2–3 weeks of the hindcast under the influence of its
drifting basic state (Marshall et al. 2012, 2014b; Lim et al.
2016).

3.5 Event probabilities associated with the MJO
The state of the MJO is depicted using the Real-time Multivariate MJO (RMM) indices from Wheeler and Hendon
(2004). The two RMM indices, RMM1 and RMM2, capture
the eastward-propagating large-scale structure of the MJO
in zonal wind and convection along the equator to provide a
measure of the strength and phase of the MJO. We form the
observed RMM index by projecting daily anomaly data onto
the leading pair of EOFs of the combined standardised fields
of equatorially-averaged (15° N–15° S) outgoing longwave
radiation (OLR), 850 hPa zonal wind, and 200 hPa zonal
wind from NNR1. This leading pair of EOFs are derived
from data that are not subject to any band pass filtering and
so can be used to assess both real time evolution of the MJO
and its prediction with forecast data.
For ACCESS-S1 we create predicted RMM1 and RMM2
indices by projecting the model’s predicted anomalies of
equatorially averaged outgoing longwave radiation and zonal
winds at 200 and 850 hPa onto the observed EOF pair, as
described by Rashid et al. (2011). Prior to projecting the
daily observed and predicted anomalies onto the observed
EOF pair, interannual variability is removed by subtracting
the previous 120-day mean. For the ACCESS-S1 hindcasts
this involves subtracting a 120-day mean that is created for
lead time n days as the mean of the previous 120-n days of
observations up to the start of the forecast plus the n days
of the forecast. RMM1 and RMM2√
may equivalently be
expressed as a daily amplitude ( = RMM12 + RMM22 )
and phase ( = tan−1 (RMM2∕RMM1) ), which is useful for
the construction of MJO composites. We use the same eight
phases as defined by Wheeler and Hendon (2004), with the
MJO deemed to be in an active cycle when the RMM index
amplitude is greater than one.
Figures 5, 6, 7 and 8 show the probability composite maps for each active MJO phase. An increase in the
observed frequency of extreme fire weather during SON
occurs across much of northern and eastern Australia in
MJO phase 1 (Fig. 5), southern Australia in phases 2 and 3
(Fig. 5), and much of the country in phases 7 and 8 (Fig. 6).

The largest increase occurs in phase 3 when a tripling of the
likelihood of extreme fire weather occurs concurrent with a
strong increase in the likelihood of extreme heat (Marshall
et al. 2014b) and a decrease in the likelihood of above average (Wheeler et al. 2009) and extreme rain (Marshall et al.
2021). At this time, when the convective phase of the MJO
is active over the Indian Ocean, the probability of weeklymean rainfall is low in conjunction with a strong anticyclonic anomaly in the midlevel circulation and subsidence
over southern Australia (Wheeler et al. 2009). Conversely,
an observed decrease in extreme fire weather frequency
across most of Australia in MJO phase 5 and eastern Australia in phase 6 (Fig. 6) occurs concurrently with enhanced
rainfall probabilities and low geopotential height anomalies
(Wheeler et al. 2009).
The likelihood of extreme fire weather in DJF is also
observed to change in various MJO phases throughout Australia, reflecting the importance of both the local and remote
impacts of the MJO (e.g. Wheeler et al. 2009). An increase
in the frequency of extreme fire weather over northern Australia in phases 8, 1 and 2 occurs as a direct response to the
suppressed convective phases of the MJO (when the MJO is
active in the western hemisphere), while a substantial reduction during phases 4, 5 and 6 occurs as a direct response to
the active convective phases of the MJO. This again follows the MJO relationships to extreme heat (Marshall et al.
2014b) and extreme rain (Marshall et al. 2021). The opposite
signal to that over the north can be seen across southern
Australia in many phases—in particular, high probability
ratios in phases 5 and 6 and low probability ratios in phases
8 and 1. This occurs coincident with warm northerly and
cool southerly low-level wind anomalies respectively over
southern Australia (Wheeler et al. 2009). High probability
ratios occur over much of eastern Australia in phases 6–7
(from southern Queensland to Tasmania) and phase 8–1
(Queensland and New South Wales).
ACCESS-S1 is often able to capture both the tropical and
extratropical signals. Given the ability of ACCESS-S1 to
predict the MJO to lead times of 25 days in DJF and 30 days
in SON (Marshall et al. 2021), this gives promise for predicting extreme fire weather events 2–3 weeks ahead when
teleconnection to the MJO is strong. Yet there is notable
room for improvement in some MJO phases when the model
does not adequately capture the remote signal observed over
parts of southern Australia—for example phases 4 and 6 in
SON and phases 5–7 in DJF. There is also an underestimation of the peak magnitude for phase 3 in SON when the
MJO shows its strongest observed relationship to extreme
fire weather. These highlight examples where improved representation of the MSLP/circulation response to the MJO is
needed (e.g. Wang and Hendon 2020).
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Fig. 5  Same as Fig. 2 but for
MJO phases 1 (top row) to 4
(bottom row) in SON
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Fig. 6  Same as Fig. 2 but for
MJO phases 5 (top row) to 8
(bottom row) in SON
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Fig. 7  Same as Fig. 2 but for
MJO phases 1 (top row) to 4
(bottom row) in DJF
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Fig. 8  Same as Fig. 2 but for
MJO phases 5 (top row) to 8
(bottom row) in DJF
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3.6 Event probabilities associated with persistent
anticyclones in the Australian region
3.6.1 Split‑flow blocking
Persistent anticyclones are recognised as having important
influences on Australia’s agricultural districts and water
catchments. Marshall et al. (2014b) show there are two distinct modes of persistent anticyclone that have contrasting
impacts on subseasonal climate variability and extremes
over Australia. The mode that blocks and separates the midlatitude westerly airstream into two branches, defined as
’split-flow blocking’, is represented by a simple index that
describes the degree of splitting of 500 hPa zonal winds
over the Australian continent (Pook and Gibson 1999). This
splitting occurs at latitudes that are well poleward of the
sub-tropical ridge (Eq. 4).
)
(
blocking = 0.5 U25 + U30 − U40 − 2U45 − U50 + U55 + U60
(4)
where Uy represents the total 500 hPa zonal wind at latitude
y° S. A high split-flow blocking index describes enhanced
500 hPa westerly flow at high and low latitudes with reduced
flow at mid-latitudes, whereas a low index describes the
opposite situation with enhanced flow at mid-latitudes.
Periods of split-flow blocking typically result in a reduction
in orographically-derived rainfall in western Tasmania, and
increased rainfall in eastern Tasmania, due to the anomalous
absence of westerly and south-westerly wind streams (Pook
and Gibson 1999). As this occurs, a smaller cyclonic component forms on the equatorward side of the blocking high
which breaks away to create a cutoff low pressure system
(Coughlan 1983) and brings significant rainfall to southeast
mainland Australian (Pook et al. 2006).
Here we evaluate impacts of split-flow blocking at
140° E, which is regarded as a typical longitude for blocking in the Australian region to influence rainfall over much
of Australia and over the southeast in particular (e.g. Pook
et al. 2006; Risbey et al. 2009). We construct the split-flow
blocking index for observations using weekly-mean 500 hPa
zonal wind data from NNR1, and we calculate the observed
and hindcast indices as anomalies relative to their respective
climatologies. Episodes of high blocking activity are identified when index anomalies are greater than one standard
deviation above the mean, and low blocking activity when
index anomalies are less than one standard deviation below
the mean (e.g. Marshall et al. 2014a).
Figure 9 shows an increase in the observed frequency of
extreme fire weather over southern Australia when blocking activity is low (when the mid-latitude westerly flow is
enhanced), and a decrease over southern Australia when
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blocking activity is high (when the mid-latitude westerly
flow is reduced), corresponding to the local rainfall and
500 hPa geopotential height responses to blocking at midlatitudes (Marshall et al. 2014a). Probabilities maximise
over southeastern Australia during episodes of low blocking,
where extreme fire conditions are up to two and a half times
more likely than normal in both seasons. The teleconnection
to northern Australia shows a mixed signal that varies by
season. The relationship is reversed in the far north (more so
in DJF during the northern wet season) and in parts of southern Queensland where an increase in extreme fire weather
frequency occurs during episodes of high split-flow blocking. ACCESS-S1 broadly reproduces the observed spatial
patterns reasonably well, although again there is a general
underestimation of the peak magnitudes, and the model is
unable to capture the relationship to low blocking in DJF
over the southeast. This is an area for further investigation as
it may suggest a model issue in representing the strong seasonal cycle of split-flow blocking in the Australian region,
which shows a minimum frequency of occurrence in austral
summer (Pook et al 2013; Marshall et al. 2014a).
3.6.2 Subtropical Ridge Tasman Highs
A second mode of persistent anticyclone was differentiated from the split-flow blocking mode by Marshall et al.
(2014b) when they discovered that the relationship of each
regime to Australian heatwaves was distinctly different.
When high pressure systems persist over the Tasman Sea
in the vicinity of the subtropical ridge, about 10° north
of the split-flow blocking region, they provide northerly
anomalous flow to southeastern Australia, increasing the
likelihood of an extreme heat event over much of southern
Australia and reducing the likelihood over much of northern Australia. Importantly, the 500 hPa westerly airstream
does not split over the Australian continent as is the case for
split-flow blocks. Marshall et al. (2014b) devised a simple
index for these events, dubbed the Subtropical Ridge Tasman High (STRH) index, using weekly-mean MSLP data
averaged over the box region defined by 150° E–165° E and
y° S ± 7.5°, where y° S is the climatological central latitude
of the subtropical ridge determined for each month (ranging
from 27.5° S in August to 40° S in February). We construct
the STRH index for observations using NNR1 data and again
calculate the observed and hindcast indices as anomalies
relative to their respective climatologies. Episodes of high
STRH activity are identified when index anomalies are
greater than one standard deviation above the mean, and
low STRH activity when index anomalies are less than one
standard deviation below the mean (e.g. Marshall et al.
2014b).

Subseasonal drivers of extreme fire weather in Australia and its prediction in ACCESS‑S1 during…
Fig. 9  Same as Fig. 2 but for
high split-flow blocking activity
at 140° E in SON (top row) and
DJF (second row), and for low
split-flow blocking activity at
140° E in SON (third row) and
DJF (bottom row)

Figure 10 shows an increase in the observed frequency of
extreme fire weather over the southern Australian temperate
zone (south of about 30° S) and around some coastal regions

to the north when STRH activity is pronounced in SON and
DJF. Further inspection (of extreme temperature and rainfall
probabilities; not shown) suggests that the southern Australian
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Fig. 10  Same as Fig. 2 but for
high STRH activity in SON (top
row) and DJF (second row), and
for low STRH activity in SON
(third row) and DJF (bottom
row)
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signal results from the northerly advection of warm subtropical
air into the south (Marshall et al. 2014b) where the likelihood
of drier conditions is also increased. Subsequently, the flow of
heat away from the subtropics (with increased onshore flow)
is reflected in the reduced likelihood of extreme fire weather
observed there, most pronounced over southern Queensland
and northern New South Wales in the proximity of the Tasman Sea (Fig. 10). The enhanced signal over the northern
coastal regions, particularly during the DJF north Australian
wet season, may suggest anomalous drying via transport of
moist tropical air away from these regions, thus increasing the
likelihood of elevated fire weather conditions occurring.
During episodes of low STRH activity (i.e. anomalous low
pressure over the Tasman Sea), the opposite picture emerges in
SON with an increase in the observed frequency of extreme fire
weather in the Australian subtropics, maximised over southern
Queensland, and a decrease at temperature latitudes further
south (Fig. 10). This signal is confined to the east in DJF and a
reduction in extreme fire weather frequency is seen elsewhere
across the country. This pattern largely reflects the STRH relationship to extreme heat during DJF (Marshall et al. 2014b),
influenced by the development of the monsoon trough over central and northern Australia (e.g. Hendon and Liebmann 1990).
ACCESS-S1 captures the observed relationship to
extreme fire weather in some areas but not in others.
Observed relationships are generally better simulated over
the southern and eastern regions than they are over north
and west, again highlighting challenges in capturing remote
teleconnections. However, for eastern Australia, the model
underestimates the peak magnitudes and is unable to capture
the observed relationship to low STRH activity in DJF. This
likely points to biases in the model’s representation of negative MSLP anomalies found to the southeast of Australia
during the first 2–3 weeks of the hindcast under the influence of its drifting basic state, which may also be a source of
error in the depiction of extreme fire weather over southern
Australia for the negative SAM phase in DJF (Sect. 3.4).

4 Prediction of extreme fire weather
over Australia
4.1 Overall prediction
The ability of ACCESS-S1 to predict extreme fire weather
in association with each climate driver is related to the
model’s ability to (i) predict the climate driver and (ii)
simulate the relationship between the climate driver and
extreme fire weather over Australia. Given that ACCESSS1 provides skilful prediction of the climate drivers
assessed here on timescales from weeks to seasons ahead,
based on the correlation and root mean square error statistics in Hudson et al. (2017), we now turn our attention
to the ability of the model to predict extreme fire weather
events in association with each climate driver at lead
times of 2–3 weeks. Using the SEDI metric described in
Sect. 2.3, we begin by scoring weekly-mean forecasts for
weeks 2 and 3 combined, using all available forecasts for
SON and DJF, to examine the spatial distributions of skill
for predicting extreme fire weather irrespective of any
particular climate driver (i.e. the average climate driver
activity is weak/neutral across all forecasts). Pleasingly,
Fig. 11 shows that the SEDI is positive almost everywhere over the continent, with the largest values seen over
central, southwestern and southeastern regions in SON,
and over northern and eastern regions in DJF. These skill
maps will form the basis for assessing the role of each climate driver in the prediction of extreme fire weather for
the remainder of this paper. Specifically, we compute the
difference in SEDI for hindcasts stratified by the phase
of a given climate driver, relative to when the climate
driver is weak, at the verification time to gain insight into
how and when each driver modulates predictive skill; this
occurs where SEDI differences are significantly greater
than zero in the analyses that follow (Figs. 12, 13, 14, 15,
16, 17 and 18).

Fig. 11  SEDI skill scores for
ACCESS-S1 forecasts of upper
decile weekly FFDI events in
SON (left) and DJF (right) at
target lead times of weeks 2 and
3 combined. Unshaded (white)
areas indicate where skill scores
are not significantly different
from zero at 95% confidence
using the SEDI standard error
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Fig. 12  SEDI skill scores for
ACCESS-S1 forecasts of upper
decile weekly FFDI events for
El Niño (left column) and La
Niña (right column) in SON
(top row) and DJF (bottom
row), shown as differences from
when ENSO is weak, at target
lead times of weeks 2 and 3
combined. Unshaded (white)
areas indicate where skill scores
are not significantly different
from zero at 95% confidence
using the SEDI standard error

Fig. 13  Same as Fig. 12 but for
the positive (left) and negative (right) IOD phase in SON,
shown as differences from when
the IOD is weak

4.2 Event prediction associated with ENSO
ACCESS-S1 shows improvements in SEDI skill for predicting extreme fire weather over parts of eastern and northern
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Australia in SON during episodes of El Niño, compared to
when ENSO is neutral (Fig. 12). These regions coincide
with where the odds of extreme fire weather are elevated
during El Niño (Fig. 2), highlighting a window of forecast

Subseasonal drivers of extreme fire weather in Australia and its prediction in ACCESS‑S1 during…
Fig. 14  Same as Fig. 12 but for
the high (left column) and low
(right column) SAM phase in
SON (top row) and DJF (bottom
row), shown as differences from
when the SAM is weak

opportunity when reduced rainfall over Australia occurs in
conjunction with an increase in broad-scale surface pressure (e.g. Risbey et al. 2009). There is little role for El Niño
in improving the prediction of fire weather extremes over
southwestern and central Australia, nor in a coastal strip
straddling the Queensland/New South Wales border where
the model does not capture the observed increase in extreme
fire weather frequency during El Niño (Ref. Fig. 2). Impressively during La Niña however, an improvement in skill
occurs near the southwest West Australian coast (Fig. 12)
where the probability of extreme fire weather occurring is
elevated in SON (Fig. 2). Improvements in skill during El
Niño and La Niña also occur over broad areas in DJF, most
notably in central northern Australia during El Niño when
probabilities of occurrence are high. These results highlight
an important role for ENSO in providing predictive skill
over many regions likely to experience extreme weather conditions during the September–March Southern Australian
bushfire season.

4.3 Event prediction associated with the IOD
The IOD provides improved skill for predicting extreme fire
conditions in SON over much of Australia during its high
and low phases (Fig. 13). This includes large parts of eastern Australia where the observed frequency of extreme fire
weather is elevated during the positive IOD phase (Fig. 3),
thus indicating usefulness in the forecasts at these times.
We note that the role of the positive IOD for improving
forecast skill is reduced over part of southeast Queensland
and northeast New South Wales. For Tasmania, improved
skill is achieved over the east and north of the state where
the model captures the observed signal during the positive
IOD. When the IOD is negative, forecast skill is improved
over a larger area of Australia compared to when the IOD
is positive, which likely reflects the model’s better overall
depiction of the IOD relationship to extreme fire weather
during the negative phase. We therefore suggest that further
improvements to the skill for predicting extreme fire weather
related to the IOD may be achieved by improving the SST
and rainfall biases over the Indian Ocean in ACCESS-S1
(Lim et al. 2016).
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Fig. 15  Same as Fig. 12 but for
MJO phases 1–8 in SON, shown
as differences from when the
MJO is weak
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Fig. 16  Same as Fig. 12 but for
MJO phases 1–8 in DJF, shown
as differences from when the
MJO is weak
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Fig. 17  Same as Fig. 12 but
for high (left column) and
low (right column) split-flow
blocking activity at 140° E in
SON (top row) and DJF (bottom
row), shown as differences from
when split-flow blocking activity is weak

4.4 Event prediction associated with the SAM

4.5 Event prediction associated with the MJO

In SON, improvements in prediction skill occur over large
parts of eastern and northern Australia during both the high
and low SAM phases, in southwest Western Australia during
the high SAM phase, and near the central-south coast during the low SAM phase (Fig. 14). Importantly, this includes
key regions in the southern half of the country where the
odds of extreme fire weather are elevated when the SAM is
in its negative phase (concurrent with higher temperatures,
reduced rainfall and enhanced westerlies) (Fig. 4). Notably,
there is room for model improvement over parts of eastern
Queensland during the low SAM phase when there is no
clear role for the SAM in improving the prediction of fire
weather extremes. During DJF, the largest skill improvements occur in the southeast in association with the SAM,
including areas where likelihood of extreme fire conditions is nearly twice the normal occurrence (Fig. 4). These
improvements extend up the east coast of Queensland and
along the Australian northwest coast during the low SAM
phase, and thus the SAM also provides skill for predicting
extreme fire conditions over these regions.

The role of the MJO in improving the prediction of extreme
fire weather varies regionally by MJO phase and season. In
SON (Fig. 15), notable improvements in skill include over
eastern Australia in phase 1, southern Australia in phases 2,
3 and 4, and southwestern Australia in phases 6 and 7, where
the chances of extreme fire weather are elevated when the
MJO is strong in these phases (Figs. 5, 6). Improvements in
skill are also seen over parts of eastern Australia in phases 4,
5 and 6 when the MJO acts to decrease the chances. During
DJF (Fig. 16), improvements in skill for predicting extreme
fire weather due to the MJO are seen in eastern Australia in
phase 1 and northern Australia in phases 1, 2 and 3 when
the MJO acts to increase the chances of extreme fire weather
in both the observations and the model (Figs. 7 and 8).
Improvements in skill also occur in phases 4–7 over parts
of southern Australia where the MJO acts to increase the
frequency of extreme fire weather in observations, but where
the model underperforms in its representation of the frequency of those extremes in relation to the MJO (Sect. 3.5).
Windows of forecast opportunity are therefore seen across
a range of MJO phases and geographical regions in each
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Fig. 18  Same as Fig. 12 but
for high (left column) and low
(right column) STRH activity in
SON (top row) and DJF (bottom
row), shown as differences from
when STRH activity is weak

season; most impressively over southern Australia in phase
3 during SON, and over northeastern Australia in phase 1
during DJF, when the MJO shows its strongest seasonal relationships to extreme fire weather in association with anomalous dry and warm conditions (e.g. Wheeler et al. 2009;
Marshall et al. 2014b, 2021).

4.6 Event prediction associated with persistent
anticyclones in the Australian region
4.6.1 Split‑flow blocking
Figure 17 shows more widespread improvements in prediction skill when split-flow blocking activity is low, compared to when activity is high, in SON and DJF. Notably,
these improvements coincide with the increases in extreme
fire weather frequency over much of eastern Australia during episodes of low blocking (Fig. 9). Prediction skill is
also improved over northwestern Australia in DJF where
the likelihood of extreme fire weather is reduced during
low blocking activity. During episodes of high split-flow
blocking activity in SON, we see notable improvements in
prediction skill near the Gulf of Carpentaria and over parts
of southern Queensland where the odds of extreme fire

weather are elevated, despite the model’s underestimation
of the observed magnitudes (Fig. 9). Overall, ACCESSS1 appears to perform most favourably in SON over the
Australian extratropics where the impacts of low split-flow
blocking on fire weather extremes are most pronounced.
4.6.2 Subtropical Ridge Tasman Highs
In SON, improvements in prediction skill occur over large
parts of eastern and northern Australia during episodes of
both high and low STRH activity (Fig. 18). Although somewhat patchy, these areas generally correspond to where the
observed likelihood of extreme fire weather is reduced during high STRH activity and enhanced during low STRH
activity (Fig. 10). In DJF, improvements in skill correspond
to where the observed likelihood of extreme fire weather
is enhanced over parts of coastal northern Queensland and
Victoria during high STRH activity, and parts of southern
Queensland/northern New South Wales during low STRH
activity. Elsewhere the improvements in skill generally
coincide with reduced odds of extreme fire weather, during episodes of both high and low STRH activity in DJF.
We note that there is little improvement in skill in either
season near the southern coasts of Western Australia and
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South Australia, where the model falls short in capturing the
observed increases in extreme fire weather frequency during
episodes of high STRH activity (Fig. 10).
In summary, when considering persistent anticyclones in
the Australian region as a source of subseasonal predictability for extreme fire weather in ACCESS-S1, the greatest
benefits are generally seen over parts southern Australia in
association with low split-flow blocking activity, and eastern
Australia in association with low STRH activity, where their
impacts on fire weather extremes are most pronounced.

5 Summary and conclusions
This study provides a comprehensive assessment of the role
of key modes of subseasonal climate variability on extreme
fire weather in Australia, and their depiction and prediction in the Bureau of Meteorology’s ACCESS-S1 seasonal
prediction system, during the austral spring (SON) and summer (DJF) Australian bushfire season. These modes of variability, or climate drivers, include the ENSO, IOD, SAM,
MJO, and persistent high-pressure systems in the Australian region. (We assess the role of the IOD in SON only,
due to its rapid demise from December.) We represent their
relationships to extreme fire weather on the subseasonal
timescale using the upper decile of weekly-mean FFDI for
observations and for ACCESS-S1 hindcasts in weeks two
and three. All climate drivers assessed here act to modulate
the occurrence of extreme fire weather throughout Australia,
and thus each driver is a potential source of multiweek predictability. The influence of each climate driver varies by
location and season.
In SON, the observed likelihood of extreme fire weather
increases over most of Australia in association with El Niño,
the positive IOD, negative SAM, and low split-flow blocking. The prevalent climate conditions associated with these
driver phases, and favourable to extreme fire conditions,
include increased temperatures, reduced rainfall, enhanced
wind speeds and lower relative humidity (Williams and
Karoly 1999; Meyers et al. 2007; Risbey et al. 2009; Marshall et al. 2014a). The increases in extreme fire weather
frequency are generally largest over the southeast where two
to three times the normal likelihood is observed in association with these drivers. The role of the STRH is similar to
that of split-flow blocking over subtropical latitudes (north
of about 30° S) where an increase in extreme fire weather
frequency occurs when STRH activity is low. When STRH
activity is pronounced however, the southern Australian
temperate regions experience warm airflow from the north
(Marshall et al. 2014b) and the likelihood of extreme fire
weather increases. One must therefore exercise caution
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when identifying persistent anticyclones in the Australian
region as they can have very different impacts on extreme
fire weather conditions for a given location, depending on
their dynamical characteristics and location. The role of the
MJO also varies by phase, with the largest observed impact
during SON occurring in MJO phase 3 when a tripling of the
likelihood of extreme fire weather occurs concurrent with
hotter and drier conditions (Marshall et al. 2014b, 2021).
In DJF, the driver relationships to extreme fire weather
are broadly similar to those in SON, but with some notable exceptions. The peak increases are often observed to
be weaker in DJF, especially over the southeast during El
Niño, the negative SAM phase and MJO phase 3, and over
eastern Australia when STRH activity is low. ACCESS-S1
simulates the observed modulation of extreme weekly-mean
fire weather by each climate driver reasonably well in SON
and DJF. However, the variation of the model’s extreme
fire weather event probabilities is often weaker than those
observed in association with the SAM, MJO and persistent
highs. There are also some instances where the model misses
some of the observed high probability ratios, such as during
the positive IOD phase in SON (possibly related to rainfall
and SST biases across the Indian Ocean) and during the
negative SAM phase in DJF (possibly due to biases in the
model’s depiction of SAM circulation anomalies). These
highlight examples where the model’s drifting mean state
can adversely affect the driver teleconnections to Australia
in the first few weeks of the hindcast.
To gain an indication of the relative influences of each
climate driver on extreme fire weather at each location and
in each season, we compare the drivers according to the
magnitude of their probability ratios following the method
of Risbey et al. (2009). In Fig. 19 we show only the driver
with the highest probability ratio at each grid point. This
may be considered a crude estimate of their relative influences, keeping in mind that two or more drivers may have
a similar influence at a particular grid point, but only the
driver with the highest probability ratio will be shown. We
also realise that the interplay between climate drivers can
complicate the picture (e.g. Meyers et al. 2007; Risbey et al.
2009). Thus, the figure is intended to provide a qualitative
overview of where and when each driver is most influential. We conduct the analysis for both observations and the
model, to also gauge the relative influence of each climate
driver as depicted by ACCESS-S1. Specifically, we are interested to see how the underestimated strength of the driver
teleconnections in the model (discussed above) may impact
their relative influences on extreme fire weather, compared
to observations.
Figure 19 shows the MJO to be the leading observed
driver of extreme fire weather in SON, in terms overall

Subseasonal drivers of extreme fire weather in Australia and its prediction in ACCESS‑S1 during…
Fig. 19  Each map shows the
climate driver with the highest
probability of upper decile
weekly FFDI at each grid point
in SON (top row) and DJF (bottom row), for observations (left
column) and ACCESS-S1 at
lead times of 2–3 weeks (right
column)

spatial coverage. As deduced from Figs. 5 and 6, this primarily comes from the strong teleconnection in phase 3 over
southern Australia including Tasmania, and from the suppressed convective phases 7, 8 and 1 over northern Australia. ENSO (El Niño) tends to dominate over the southeast
mainland, central north and parts of the west coast, while
the STRH (low phase) dominates over the central east. The
IOD (positive phase), SAM (low phase) and blocking (low
phase) each dominate extreme fire weather frequency in
different parts of the country, although their footprints are
relatively small and thus their signals appear largely masked
by the other drivers. By comparison, the leading driver of
extreme fire weather in ACCESS-S1 during SON is clearly
ENSO (El Niño), in terms its widespread coverage across
much of Australia. This highlights the model’s weaker than
observed representation of probability ratios in association
with the other climate drivers. There appears to be better
general agreement between observations and ACCESSS1 for the DJF analysis, although the model’s weaker than
observed signals are evident in blocking (low phase) over the
southeast, the SAM (low phase) over the southwest, and the
STRH (low phase) over the central east where these drivers
dominate in the observations (Fig. 19).

In this study we use the SEDI deterministic skill score
for binary events to assess prediction skill for forecasting
extreme weekly-mean fire weather in association with each
climate driver out to 2–3 weeks lead time. Each driver plays
an important role in providing predictive skill for regions
where ACCESS-S1 captures the high likelihood of experiencing extreme fire weather conditions during the spring
and summer seasons, highlighting windows of forecast
opportunity at lead times of 2–3 weeks that can be useful to
regional users. For SON, this constitutes parts of the north
(El Niño, low STRH), east (El Niño, MJO phase 1, low
STRH), and south (negative SAM, MJO phases 2–4, low
blocking) including the southwest (La Niña, MJO phases
6–7) and southeast (positive IOD). For DJF, this constitutes
parts of the north (El Niño, MJO phases 1–3, negative SAM)
and east (MJO phase 1, low blocking, low STRH), including
the northeast (high STRH) and southeast (El Niño, negative SAM, high STRH). We note, however, that there are
instances where SEDI skill is reduced across some regions
during active climate driver phases (Sect. 4), partly related
to model biases and systematic errors in the depiction of
climate driver teleconnections to Australia (Hudson et al.
2017; Marshall et al. 2021). As such, these areas of reduced
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skill often occur where the model is unable to capture the
observed relationships to extreme fire weather, including
over parts of the central east during the positive IOD (SON)
and far south during high STRH activity (both SON and
DJF). Thus, we see scope for improvement for ACCESS-S
in its ongoing development with the Bureau of Meteorology
partner the UK Met Office (e.g. Walters et al. 2017).
The next version of the prediction system, ACCESS-S2,
is soon to be released. Improvements over ACCESS-S1,
outlined in Hudson et al. (2017), include a larger hindcast
ensemble and improved initialisation. Future extensions
of our work will explore the depiction and prediction of
climate driver impacts on fire weather variability and
extremes in ACCESS-S2, using the upcoming new Australian Fire Danger Rating System (AFDRS) (Matthews
et al. 2018). This work could include an investigation of
relationships with variables that the FFDI does not use,
such as vegetation state. It could also include an assessment of ENSO, IOD, and SAM related impacts on the seasonal timescale, particularly important for austral spring
when extended prediction of the SAM is possible through
its connection with ENSO and with variability in the
Southern Hemisphere stratospheric polar vortex (Lim et al.
2019). Longer timescale impacts on extreme fire weather
over Australia from projected trends in the SAM (e.g.
Christensen et al. 2013) and split-flow blocking (Grose
et al., 2012) are also of interest for future investigation.
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