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ExtremeWinds & Decadal Hurricane Wind Trends

Are tropical cyclone (TC)winds becomingmore extreme?
•Notoriously difficult to answer [1]. Many controversies.
•Observations are arguably better positioned than models.
•Calls in the literature for time series of extreme winds [2].

ASCAT-A 012
(Observations)

collocated ERA5
(ECMWF model)

Scatterometer observations give ocean surface windsU10s [3].
ASCAT-A012& 025 L3 products (CopernicusMarine Service)
with collocated ERA5 stress-equivalent model wind speeds.

What is a good in-situ reference to calibrate the observations?
OriginalU10s winds AdjustedU ∗10s winds

(buoys) (SFMR/dropsondes)
20 m/s 25.1 m/s
24 m/s 32.5 m/s
28 m/s 40.5 m/s
32 m/s 49.0 m/s
36 m/s 58.2 m/s
40 m/s 68.0 m/s

Adjusting ASCATU10s winds to a scale used at Hurricane Centers [4]

Asweworkwith percentiles, our results are little influenced by
this: another choice would associate another wind speed but
not dramatically change the trend detection procedure results.

Objective & Caveat

•We develop a method to identify changes in extremes.
•We want to look at truly extreme winds; 99th percentile
is not high enough to correspond to TC winds.
• Extremes ≡ very noisy by def.⇒ extreme value theory.

Caveat: for robust scientific conclusions about trends:
• a decade of data is not enough to assess decadal trends.
• in fact clear that even longer time series are required due
to the large natural variability (incl. El Niño/La Niña).

I. Smoothing Percentiles Above a High Threshold

The idea is to exploit extreme-value-theory techniques [5].
In practice, it involves fitting the tail of the distribution above
a high threshold – itself corresponding to a high percentile.
Beyond the threshold, percentiles are calculated using the fit.

We work at basin level in order not to compromise on either:
• incentive to lower the threshold: to keep enough data for the fit
• incentive to increase it: to be sensitive to more extreme winds

Let FX(x) be the cumulative distribution function (cdf), the prob-
ability of exceedance P (X > x), relates to the j-th percentile xj via

P (X > xj) = 1−FX(xj) = 1−
j

100
, j ∈ [0,100]. (1)

II. Estimate the Uncertainty via Block Bootstrap

Instead of losing already scarce data to make it independent,
we use bootstrapping [6] to estimate the uncertainty. To that
aim, spatial & temporal correlations must then be preserved.
Randomly resampled days
• blocks of ∼ one week.
• for each day, all swaths are

taken (asc. & dec. passes).
• preserving the seasonality

(number of days/month).

We do that e.g. 25, 50 times. 1 example resampling

III. Fitting Tails of Distributions Above the Threshold

The tail of each resampled dataset is fitted independently,
using either exponential or generalised Pareto fits.
Then, for each probability of exceedance (e.g. 10−5 or 10−6),
equiv. for each percentile value, a mean wind-speed value and
variance will then be obtained from all the fits.
Bonus: using the resampled datasets directly (no fit): a mean
wind-speed value and variance can also be empirically ob-
tained for each percentile value.

This gives us 3 cases: two where the tails are stabilised with a
fit, and a coarser one built from the resampled tail datasets.

Take-Home Message

Extreme-wind-speed percentile results are robust at basin level, without strong assumptions about the distribution tail: essentially identical whether we use fits or not up to the 99.999th percentile,
and still quite consistent within uncertainties even up to 99.9999th. Applying this method to past and future scatterometers will help assess the existence of decadal trends due to climate change.

Example of Results at Basin Level (ASCAT-A 012)

•Main result: 10−5 exceedance probability (99.999th perc.).
•Checked stability of results, under 25–150 resamplings.
•Threshold dependence investigated: from 10−3 to 10−5.
• Still quite consistent results at 10−6 exceedance probability.
•Going higher does not seem needed & too much weight
starts to be given to the specific model assumed for the tail.

Time Series of 99.999th Percentile Wind Speeds

caribbean 99.999th percentile (50 resamplings)
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More Results
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An extreme value method to study decadal hurricane wind trends

Alexandre Payez,a Ad Stoffelen,a Cees de Valk,a and Rianne Giesena

a Royal Netherlands Meteorological Institute (KNMI), De Bilt, The Netherlands

ABSTRACT: This paper presents a method developed using techniques from extreme value theory to estimate smooth wind-speed
percentiles, allowing us to consider more extreme wind speeds while being less sensitive to the noise that stems from the scarcity of
extreme data. A reliable characterisation of wind extremes is the first required step for studying decadal trends in tropical-cyclone and
extra-tropical-cyclone winds. We develop a percentile-smoothing method using ASCAT-A Level-3 products, focusing on a number of
tropical basins (Caribbean and Atlantic), estimate the uncertainty with the block-bootstrap technique to address the issue of dependency,
and apply our method to both scatterometer winds (ASCAT-A at two different resolutions) and collocated ERA5 model data. The results
obtained are very robust at basin level, without having to rely on a strong assumption for the distribution tail: they are very consistent
whether we use exponential fits, generalised-Pareto fits, or even no fit at all, down to at least truly extreme wind percentiles such as
99.999th (main result), and remain quite consistent within uncertainties down to 99.9999th. As ensuring scientifically sound decadal-trend
conclusions would require going back sufficiently in time, spanning the lifetimes of different instruments with different characteristics
and extreme-wind statistics, a natural follow-on study would be to apply this method not only to ASCAT, but also to its predecessors on
QuikSCAT and ERS—comparing each scatterometer individually against ERA5, and also to each other as partial overlaps exist between
instruments.

SIGNIFICANCE STATEMENT: Global warming is
known for intensifying various types of extreme weather
such as heat waves and extreme precipitation, compared to
the pre-industrial era. Quantifying and providing conclu-
sive evidence of whether, how, and to what extent climate
change impacts hurricane-force winds over the ocean is a
far more difficult question to answer however. Properly
assessing the presence of geophysical trends will require
considering time series of extreme winds over multiple
decades, carefully comparing data from different instru-
ments — knowing that the first mandatory step is of course
to develop a robust method able to reliably identify changes
in extreme winds. This work provides such a method.

1. Introduction
Weather and climate extremes are duly receiving a lot

of attention, with extreme storms such as tropical cyclones
(also called hurricanes or typhoons) chiefly among them.
This is evidenced by numerous studies and series of regu-
larly updated reports about extreme storms, not least from
the World Meteorological Organization (WMO), both in
terms of observations (Knutson et al. 2019) and model pro-
jections (Knutson et al. 2020). The question of whether
and how various extremes might be affected by climate
change is obviously an important and recurrent topic in
the Intergovernmental Panel on Climate Change assess-
ment reports as well (IPCC 2023), and has in fact some-
times even been the subject of a special stand-alone IPCC
report (Seneviratne et al. 2012). The importance of ex-
tremes is also well recognised by international organisa-
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tions such as the European Space Agency (ESA), which
recently placed ‘extremes and hazards’ at the heart of its
Earth Observation Science Strategy 2040, as one of the
overarching themes (ESA 2024).

For extreme storms specifically, the question of detecting
decadal trends as well as the relation to climate change
is known to be evidently difficult however (Coumou and
Rahmstorf 2012), and has led to a number of controversial
claims. This is also evident from the WMO assessment
done by Knutson et al. (2019). Owing e.g. to their very
localised nature (both in time and in space), destructive
power, complexity which cannot be captured with a single
metric, and the large natural variability in the occurrence
of such events, the study of extreme storms comes with
additional challenges compared to some other extremes.

Atmospheric reanalyses, such as ERA5 (Hersbach et al.
2020) which is produced by the European Centre for
Medium-Range Weather Forecasts (ECMWF), are a main
vehicle to study climate trends. To help detect trends faith-
fully, one version of an atmospheric model or an Earth-
system model may be used to analyse the weather over
many decades. However, since the main input to such
analyses are global observations, one should note that the
distribution of global observations did change fundamen-
tally over past decades. The model is the same, but the
nature of the inputs and their quality have been chang-
ing. The main input to reanalyses over the last century
are in-situ observations, often surface-based, whereas over
this century satellite observations, mainly upper air, are
the main contributor to the quality of reanalyses. It is
yet unclear whether such changes in the observation input
to the reanalyses over past decades affect the properties
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