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Abstract:  Extreme wind speeds, which are typically induced by tropical cyclones (TCs) in coastal regions
of tropical Australia, are an important hazard to consider in the context of climate change. Here, a range of
climate datasets based on direct observations, reanalyses and regional climate model simulations are used to
examine trends in TC-related extreme winds over coastal Eastern Australia. Wind gust speed estimates from
best-track data and automatic weather station (AWS) observations are used to calibrate reanalysis wind gusts
from the Bureau of Meteorology (BoM) Atmospheric high-resolution Regional Reanalysis for Australia
(BARRA) and from the global ERAS reanalysis. Together, these different datasets provide complementary
lines of evidence in relation to historical changes in extreme wind gust speeds.

Differences between the occurrence frequency of TC-related wind gusts reaching Category 4/5 on the
Australian TC intensity scale and the return periods of TC-related wind gusts over three decades (1990-2019)
are presented. Lognormal and Weibull curves are fitted to the extreme value wind speeds and used to provide
estimates of associated return periods. Results indicate that the East coast has likely experienced a slightly
increased frequency of extreme wind gusts from TCs over the more recent time period (2005-2019), noting
considerable uncertainties around these extremes given the limitations of the available data, including that of
rapidly evolving observational practices and short time period.

Projection results from climate models provide can provide a more homogenous evaluation of the impacts of
climate change over a longer time period than is currently available, despite having their own limitations such
as model biases and inaccurate representation of certain climate processes. The same experimental methods
applied to the observational datasets, are here applied to future projections based on several regional climate
model (RCM) simulations under high emission scenarios: NSW and ACT Regional Climate Modelling
(NARCIiM), CSIRO Conformal Cubic Atmospheric Model (CCAM) and BoM’s Atmospheric Regional
Projections for Australia (BARPA). NARCIIM results are downscaled from a selection CMIP3 models and use
a mean wind speed rather than a gust, while CCAM and BARPA results are downscaled from a selection of
CMIP5 models. Results from these projections on extreme wind speeds are generally inconclusive for climate
trends on the East coast but indicated that an increase in intensity would be more likely than a decrease in a
warmer world.

Small sample size and considerable interannual variability in landfalling severe TCs means that there are
considerable uncertainties around long-term observed trends in their occurrence. However, a small increase in
the observed occurrence frequency of severe TCs for the East coast is noted here based on observations, such
that an increase in the more damaging wind gust speeds associated with severe TCs (i.e., rare events with higher
return period values) is a plausible outcome for the future climate of Eastern Australia. For example, the return
period projections from the regional climate models generally suggest an increase is more likely than a decrease
for the most extreme wind gust speeds. We note that whether a change in long-term return periods of wind
gusts or a change in the frequency of TC landfalls of any intensity is more important is likely specific to the
region or application being considered. Although there are considerable uncertainties around this topic of
extreme wind gusts and TCs in a changing climate, our findings are intended to help contribute to the range of
guidance available in relation to managing climate risk in Eastern Australia.
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1. INTRODUCTION

Extreme weather events, such as those associated with tropical cyclone (TC) induced wind speeds can have
large impacts on coastal communities and infrastructure situated in tropical Australia. A clearer understanding
of these extreme events could be important for disaster risk management and planning, particularly in the
context of anthropogenic-induced climate change. For example, there is medium-to-high confidence (e.g.,
Mastrandrea et al. 2010) of increased globally-averaged TC intensity with projected future warming (Knutson
et al. 2020). Additionally, recent work based on observations has shown that the proportion of major TC sub-
daily intensities (i.e., Australian Category 4/5, Table 1) around the globe have fractionally increased over the
past 40 years at a statistically significant rate (Kossin et al. 2020).

In Australia, the topic of TCs and extreme wind gust speeds has received widespread attention, including in
relation to building codes and Australian structural design standards. Individual case studies have explored this
issue in depth (e.g., Mason and Haynes 2010), including comparison of wind gusts from several different
sources such as those from weather stations and satellite-derived information. Here we are not attempting to
rewrite the standard but look to employ similar established techniques that are used in this field to help in our
understanding of climate related trends for wind speed extremes The use of multiple data sources for extreme
wind speed analyses can help increase confidence in results, particularly given the degree of uncertainty around
the more extreme values and how they might potentially be changing in a warming world. In particular, rather
than just relying on a single dataset and method, a consideration to multiple lines of evidence can help lead to
a more comprehensive understanding of potential long-term changes; an approach that is followed here. Wang
et al. (2013) found that structures along the north-east coast of Australia may be already subject to higher gust
speeds than the current design standard permits, with projected changes in extreme wind gust speeds being
sensitive to TC frequency and intensity change. These findings for north-east Australia are consistent with a
recent study by Holmes (2020), who related increasing extreme wind gust speeds for this region with an
increasing frequency of Category 4/5 TCs, and suggested a “climate-change multiplier” be applied to the
standard (i.e., AS NZS 1170.2).

Table 1. The Australian TC wind scale as

defined by wind gust speed (m s™).

The simulation of extreme weather events such as peak wind

gust speeds from TCs in reanalysis products and climate models poses many Category | Gust speed
challenges, and typically, models are not fine enough to resolve the absolute

wind gust speeds of the most intense (Category 4-5) TC events (e.g., Knutson 1 24534
etal. 2020). However, it is expected that improvements in simulating extremes ’

will occur as our understanding of convective and mesoscale processes 5 34-455
improves and as more and more finer resolution models are employed. Here ’
we examine how well the BARRA (Su et a. 2019) and ERAS (Hersbach et al. 3 455-61.6
2020) reanalysis datasets represent TC-induced extreme wind gusts when

compared with direct observations [including best-track estimates of TC wind 4 61.6=77.4
speeds (Dvorak 1973; Velden et al. 2006; Velden et al. 2012) and BoM

weather station records]. Reanalysis wind gust data are calibrated to the 5 >77.4
observational data. We seek to identify any changes in the occurrence

frequency of the most damaging Category 4 and above TCs [i.e., TCs with wind gusts > 225 km h-1 (~62 m s
1, for 3-second wind gust speed] and in the trends of the associated return periods. These methods are then
applied to simulations of extreme wind speeds for the projected future climate based on three different regional
climate modelling approaches including NARCIiM (Evans and Ji 2012a,b), CCAM (McGregor and Dix 2008),
and BARPA (Su et al. 2021), to complement our results over the historical period.

2. METHODS

2.1. Data

Detailed descriptions of the data used can be found in Bell et al. (2021) available online at
(http://www.bom.gov.au/research/publications/researchreports/BRR-056.pdf).
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2.2. TC-related wind gusts

Here, measures of wind gust maxima are confined to a region
that extends ~200 km from the Eastern Australian tropical
coastline (Figure 1). We consider daily-maximum wind gusts to
be “TC-related” if on that day the centre of a TC is either
positioned inside the region or within ~220 km (2° lat) of the
region’s edge. That is, an additional ~220 km extending from 1 s
these region bounds defines the “TC-influencing region”; where

a TC must enter at some point in its lifetime; that also defines -
the boundary for weather station data. Once a TC enters this

region, it is considered “influential” over every date of its

lifetime that it is within 8° of the edge of the region. A TC is

also considered influential for an additional day after it was
determined to dissipate. This is to account for discrepancies in s
TC location and time between observed and reanalysis data; and

to also account for any limitations (e.g., premature terminations)

0°s

3508

in the TC tracking algorithm used in the climate models. This
definition does not remove days where extra-tropical transition
occurs in the BoM TC dataset.

135 E 140 E 145 E 150 E 155 E 160 E 165 E

(blue) and TC tracks (orange).
Here we define two measures of TC-related wind gust maxima:

e TC-max: The maximum TC-related region-daily-maximum wind gust (0:00 to 23:00 UTC)
experienced over a TC’s lifetime (one value per TC).

e TC day: A selection of region-daily-maximum wind gusts experienced while a TC is present (several
values per TC).

2.3. Calibration of data

Quantile-quantile (Q-Q) scaling is used to calibrate each reanalysis dataset to the observations. Reanalyses
provide wind gust estimates across regions (i.e., grid cells) rather than point locations, which means they cannot
be directly compared at coarse resolutions without calibration. Wind gusts measured from two sources act as
the “truth”: weather stations (AWS) and best track estimates of TC wind gust speeds. Sampling differences
between these two observational sources result in very different extreme wind gust distributions over the past
30 years such that gusts rarely exceed 50 m s! for the station data and reach up to 100 m s! in the best track
data (Figure 2). The RCM data are not calibrated. Thresholds used for the raw BARRA data (Fig. 2b) can give
a reasonable estimate for severe category wind speeds in the CCAM and BARPA data, as these datasets share
a common resolution (~12 km). The finer scale resolution of BARPA (BARPA-C) can be considered almost
fully resolved, as there are wind gusts up to 100 m s™! (Fig. 2j), similar to the satellite observation dataset (Fig.
2b). The much coarser NARCIiM data (~50 km) shows expectedly lower absolute values of winds, also noting
that NARCIiM uses a mean wind speed in comparison to the other datasets in which a 3-second wind gust or
otherwise instantaneous wind speed is used. These facts generally make the NARCIiM results more difficult
to compare to the others. The slight bi-modal distribution of the best-track data (Fig. 2b; Lee et al. 2016)
appears not to be simulated by any other dataset with exception of CCAM (Fig. 2j) in which it appears to be
greatly exaggerated; likely due to a too aggressive convection parameterisation scheme resulting in an
underrepresentation of intermediate wind speeds around 55 m s,

2.4. Extreme value modelling

The lognormal and Weibull functions best modelled the tails of our wind gust distributions in comparison to
other functions (such as generalised extreme value and Gumbel; not shown) and the parameter estimation
method of maximum likelihood was preferred in comparison to other parameter estimation methods (e.g., L-
moments, Hosking 1990). In cases where the lognormal function did not provide a good fit to our data (mostly
for cases with tail-heavy distributions) and often resulted in a 25-year return period curve estimate exceeding
a theoretical maximum wind gust intensity of ~120 m s!, the Weibull distribution was used instead.
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Figure 1. Wind speed hazard study region
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Figure 2. Daily maximum wind gusts frequency distributions (log-scale y-axis) affecting coastal tropical
eastern Australia for several datasets. Calibrated reanalysis data are denoted by the subscript ¢ (e-f).,
including with calibration applied (e-f). Uncalibrated RCM data are also shown (g-j). A vertical black line
denotes the wind gust speed corresponding to a Category 4 (Cat 4) TC in the raw and calibrated reanalysis
datasets (c-f).

3. RESULTS BASED ON OBSERVATION AND REANALYSIS DATA

Return period curve estimates for two periods (1990-2004 and 2005-2019) are plotted over geometric
representations of TC-wind gust maxima (i.e., the strongest wind gust value is expected to occur once over a
15-year period) for the TC-max and TC day representations of wind gust maxima (Figure 3). Return period
curves of TC-max wind gusts for the East coast indicate some evidence of stronger wind gusts occurring over
the second period (red curves) as these are all displaced upward relative to the earlier period curves (blue),
although only the AWS and best-track were significant at the generous 80% confidence level (the curves shown
are the upper and lower estimates of the actual fit). Notably, the TC day curves are calculated from more values
in comparison to the TC-max curves, enabling the TC day curves to have a narrower range under the same
confidence level. Caution is stressed for interpretation of the AWS curves, as the second period (2005-2019)
has a large differential in station availability (not shown) as well suffering from continued under-sampling,
resulting in a somewhat unfair comparison. Overall, the observation-only data (AWS and best-track) are
indicative of more substantial increases in wind gust extremes as compared to the calibrated reanalysis datasets.
These conclusions are further complicated by some sometimes inadequate fitting of extreme value curves over
the short time period analysed.
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Figure 3. Return period curve estimates of Au st wind gust extrema (blue and red lines
~80-90% confidence estimates) and geometric extrema (blue and red dots). Horizontal
black lines indicate a Category 4 or proxy equivalent wind gust.

4. RESULTS BASED ON CLIMATE MODEL DATA

The following results are regional downscaled climate model projections based on CMIP3 (NARCIiM) and
CMIP5 (CCAM and BARPA) models. The A2 emission scenario is applied in the CMIP3 models (IPCC, 2000)
while the RCP8.5 emission scenario (van Vuuren et al. 2011) is applied in the CMIP5 models.

Median return period curves are used for the NARCIIM and CCAM regional downscaling ensembles (that is
the ranked 6™ and 7™ ensemble curves are averaged to obtain the median curve for NARCIiM and the 3" ranked
ensemble curve is used for CCAM) to interpret results. Overall, results (Figure 4) range from no detectable
change to a slight upward trend present in the BARPA products between the given sample periods. For the
BARPA-C (convection permitting scale) simulation, there are only half as many severe TCs over the second
period (RCP8.5), however three of these simulated TCs reached a maximum wind gust speed of greater
magnitude (i.e. >80 m s™') than any TCs simulated over the earlier period (not shown). These events enabled a
larger upper bound of the second period return curve in the TC-max metric. Similarly, these events supplied
enough very intense TC days for both the upper and lower bounds of the second return period to almost exceed
the first period in the TC day metric. A similar difference in return period is noted for the default resolution
BARPA (BARPA-R), although more very severe (Category 4/5) TCs were identified over this second period
in contrast to the BARPA-C results (not shown); albeit the longer 70-year period as compared to the 20-year
sample of the convection scale runs (BARPA-C is nested within BARPA-R) is perhaps a stronger indicator of
TC frequency related trends. Different regional climate modelling approaches were unable to support the notion
of stronger, more frequent TC-related extreme wind speed events as seen in the BARPA products, and the
observations for the region analysed.
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Figure 4. Regional climate model projections of return period curve estimates of Australia tropical East coast
wind gust extrema (blue and red lines ~80% confidence estimates). For NARCIiM and CCAM these are the
median return curves (individual model curves are represented by dashed lines).

5. DISCUSSION AND CONCLUSION

Our findings have provided new lines of evidence in relation to climatological trends of the intensity and
frequency of TCs impacting the East coast of Australia, including based on observations and modelling
approaches. It is interesting to compare the climatological trends of TCs noted in previous studies with the
results presented in this here. Chand et al. (2019) provide statistics on trends in TCs affecting the East
Australian coast between the years of 1960-1989 and 1980-2009, allowing for a fair comparison for the East
coast region analysed historically here.

Overall, the Chand et al. (2019) study showed TC frequencies have decreased overall for the East coast
although this did not translate to a clear change in the frequency of TCs that made landfall. Severe TC
frequencies were actually shown to have increased, while noting considerable interannual variability, and the
number of severe TCs that made landfall was unchanged. In the context of findings from the present study,
such as an increased frequency of historical Category 4/5 wind gust events as well a potential shortening in the
return periods of the most extreme TC-max and TC day wind gusts, these results are supportive of other recent
observational studies showing TCs impacting on the East coast are likely to have become somewhat more
intense and increased in frequency over recent decades.

Projections in this study (from NARCIiM, CCAM and BARPA) were somewhat supportive of this trend, with
the single ensemble BARPA-related products supporting the historical finding of somewhat more intense on
average extreme wind gusts continuing as we approach the 22nd century.In the context of long-term climate
change TC frequency projections (e.g., Bell et al. 2019), the historical results noted here (i.e., Section 3) are
consistent with historical trends noted over the past 30 years as no clear change was found for the East coast,
as compared to other parts of Australia where a clear decrease was noted. In the context of earlier historical
changes noted since the 1870s, Callaghan and Power (2011) found landfalling TCs to have decreased on the
East coast, although this finding was attributed to weakening of the Walker circulation and a more El-Nifio
dominated era rather than global warming in itself. Although there are considerable uncertainties around the
topic of TC-induced extreme wind gust speeds in a changing climate, we have collated a broad range of datasets
with the aim of providing a comprehensive assessment of available information for examining climate trends
in TC-related extreme winds for Eastern Australia.
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