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Abstract

Various studies have given projections for how frequencies of tropical cyclones (TCs) might change under
climate change. In this study, we combine a set of such projections with uncertain estimates of frequencies of
tropical cyclones in a baseline climate to produce probabilistic projections of tropical cyclone frequencies for the
next 50 years. The novel aspect of our projections is the inclusion of baseline uncertainty. We consider
frequencies of Saffir-Simpson Hurricane Wind Scale category 0-5 and category 4-5 storms for the six major
tropical cyclone basins. We find that in several cases the means and medians of the frequency of category 0-5
storms are projected to decrease, but that increasing uncertainty nevertheless leads to increases in the likelihood
of high rates of TC activity in the future.

We then show how the variance of the distributions of uncertainty can be decomposed into terms due to
baseline uncertainty and climate change uncertainty. We use this decomposition to determine the year in which
climate change uncertainty overtakes baseline uncertainty. Over the next 20 years we find that in some basins
baseline uncertainty dominates and in other basins climate change uncertainty dominates. We are able to relate
these variations between basins to the coefficients of variation of the baseline and climate change inputs. Finally,
we quantify how climate change affects estimates of near-term TCC frequency, including the extent to which it
increases the uncertainty. These results help us understand two of the major sources of uncertainty in estimates
of tropical cyclone behaviour now and in the future, and the role climate change is playing in changing that
behaviour. They also demonstrate how estimates of TC change can be combined with observations to create
projections of future TC climate.

Key Points
1. Projections of future climate often consist of an estimate of a baseline climate plus an estimate of
change from the baseline climate. Both are uncertain.
2. We create projections of future hurricane frequencies by combining estimates of a baseline climate with
estimates of climate change.
3. Initially, baseline uncertainty dominates the total uncertainty. Later, climate change uncertainty
dominates.
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1. Introduction

There is great interest in understanding the risks
caused by tropical cyclones (TCs), both now and in
the future. Following the pioneering work of Don
Friedman (1972), there have been many studies that
have investigated how to develop models, or
components of models, for understanding TC risks.
These include Friedman (1975), Clark (1986),
Vickery et al. (2000), Jagger and Elsner (2006),
Emanuel et al (2006), Hall and Jewson (2007),
Grieser and Jewson (2012), Lee et al. (2018),
Bloemendaal et al. (2020) and Arthur (2021). In
addition, TC risk models have been developed in the
insurance industry, and aspects of those models are
described in the materials published by the Florida
Commission on  Hurricane Loss
Methodology (FSBoA, 2022).

Many researchers have also tried to understand how

Projection

TCs may be changing because of climate change.
Recent studies include those by Sun et al. (2017), Liu
et al. (2019), Bhatia et al. (2019), Stansfield et al.
(2020), Emanuel (2020), Murakami et al. (2020),
Zhang et al. (2020), Hassanzadeh et al. (2020),
Yamaguchi et al. (2020) and Garner et al. (2021).
Reviews of the possible impacts of climate change on
TC behaviour have been given by Walsh et al. (2015)
and Knutson et al. (2019; 2020). There have also been
some attempts to understand how TC risk may be
changing because of climate change, where risk is
expressed in terms of either windspeed (Bloemendaal,
et al., 2022) or in terms of financial damage (Jewson,
2023; Meiler, et al., 2023).

One major focus of TC research has been TC
frequency (Sobel, et al., 2021). TC frequency is of
particular interest to risk modellers in insurance, since
it is an exposed variable in many insurance risk
models. Users of TC risk models often adjust the
characteristics of the model by adjusting the
frequencies of different types of events (Jewson,
2022). There have been many efforts to understand
what we can say about baseline TC frequency from
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historical data, such as Elsner and Jagger (2006),
Jewson et al. (2007), Coughlin et al (2009), Villarini
et al (2012), Tolwinski-Ward (2015), Ting et al.
(2019) and Kaczmarska et al. (2022).

In this study, we seck to gain further understanding
of future TC frequencies and how they can be
estimated. A meta-study based on previous results
relating to possible changes in TC frequency was
described by Knutson et al. (2020) (henceforth
K2020). The studies considered by K2020 all gave
estimates of possible changes in TC frequencies due
to climate change. To use the results from these
studies to derive projections of actual future TC
frequencies requires them to be combined with
estimates of a baseline climate derived from historical
data. Projections created in this way, that project
values of actual future TC frequencies, may be more
useful for risk assessment than projections that just
give changes, and we therefore investigate how to
construct such projections. We also focus on
understanding how the uncertainties in the estimates
of the baseline climate combine with the uncertainties
in the estimates of change to generate estimates of
future uncertainty. Combining baseline and change
uncertainties is a step towards including all the readily
quantifiable uncertainties in projections of future TC
activity, which should lead to better decision making
with respect to future TC risk.

We consider the impact of climate change on TC
frequency for Saffir-Simpson Hurricane Wind Scale
category 0-5 (cat05) and category 4-5 (cat45) storms,
separately for the six major T'C basins, giving 12 cases.
We combine empirical estimates of baseline TC
frequencies, based on statistical analysis of data from
IBTrACS (International Best Track Archive for
Climate Stewardship, Knapp, et al., 2010), with
projections of possible changes in TC frequency,
derived from the K2020 meta-study results. This
allows us to create distributions of possible future TC
activity that incorporate both baseline uncertainty
and climate

change uncertainty. To further
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understand these projections, we then decompose the
variance of the uncertainty in our estimates into three
terms, which are related to baseline uncertainty,
climate change uncertainty and the interaction of the
two. This allows us to determine the point at which
climate change uncertainty overtakes baseline
uncertainty as the most important driver of the
combined uncertainty. It also allows us to evaluate the
contribution of the interaction term, and how
climate change affects estimates of near-term climate.
In Section 2 we discuss the historical data we use,
and the estimation of the baseline TC frequency
distributions. In Section 3 we discuss the climate
change information we use, and how we post-process
it for use in this study. In Section 4 we combine the
with  the

distributions of change to create projected frequency

baseline  frequency  distributions
distributions. In Section 5 we decompose the variance
of the projections and consider the implications of
our results for near future climate. In Section 6 we
discuss the uncertainties around our results and in

Section 7 we summarise and conclude.

2. Historical Data and Baseline
Frequency Uncertainty

2.1. IBTrACS Data

Our estimates of baseline climate will be derived from
the IBTrACS data set, which provides information
for global TCs from 1840 to the present. We extract
the maximum intensity of each storm during this
period for our analysis. In some cases, IBTrACS
contains multiple estimates of TC characteristics for
each storm, as produced by different agencies around
the world. We use the intensity estimates referred to as
the 'US representative agency' data. This data is from
the National Hurricane Center for the North
Atlantic and Eastern North Pacific, the Central
Pacific Hurricane Center for the central North
Pacific, and the Joint Typhoon Warning Center for
the other TC basins. If we were to use the alternative
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estimates from within IBTrACS then both the mean
numbers of cat0S and cat4S storms, and the
uncertainty around the mean, would likely be
somewhat different. Our decision to use the US
representative agency data is essentially arbitrary, and
this is therefore a source of uncertainty with respect
to the quantification of the baseline climate. This
uncertainty could be explored by repeating our
analysis with different datasets, or by weighting and
blending the different datasets. That would require
detailed exploration of the nature of and reasons for
the differences between the different datasets, and is
beyond the scope of this study.

We use the IBTrACS definitions of basin
boundaries, and data from 1980 to 2021, since 1980
is the approximate start of global monitoring of TCs
from geostationary and polar-orbiting satellites. We
will ignore the possible impact of changes in
measurement technology and reporting practice that
may have occurred during the period from 1980 to
2021, since, to our knowledge, the possible impacts of
such changes have not been well quantified.

2.2. Baseline Frequency Uncertainty

We derive our estimates of the mean baseline climate,
in terms of frequency of cat05 and cat45 storms, as
follows. First, we categorise every historical storm
from IBTrACS as cat0S and/or cat4S. We consider
cat0Ss and cat45s in order to be consistent with the
information given in K2020. As is standard, cat05 is
defined as storms with reported maximum intensity
of 34 knots or higher, and cat45 is defined as storms
with reported maximum intensity of 113 knots or
higher. The mean numbers of cat05 and cat45 storms
per year, and various other statistics that will be useful
for our subsequent analyses, are given in Table 1.

Our estimates of the mean climate average over
subseasonal, seasonal and interannual variability,
which is appropriate, since we are interested in
projections of future climate further into the future
than any of these types of variability are predictable.
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Table 1: Observed tropical cyclone (TC) statistics derived from IBTrACS data for 1980-2021, for the six main
TC basins, for category 0-5 and category 4-5 storms. Column 3 gives the observed number of storms, column 4
gives the mean number of storms per year over the 42 year period, column 5 gives the estimated standard
deviation of the number of storms per year, column 6 gives the estimated standard error of the mean number of
storms per year, column 7 expresses column 6 as a percentage of the mean and column 8 gives the dispersion,

defined as the ratio of the variance of the number of storms per year to the mean number of storms per year

NA cat05 564 13.43 5.56 0.86 6.39 2.3
NA cat45 72 1.71 1.5 0.23 [ 13.53 1.32
NWP cat05 1110 26.43 4.58 0.71 2.67 0.79
NWP cat4S 292 6.95 2.92 0.45 6.48 1.23
NEP cat05 738 17.57 4.63 0.71 4.06 1.22
NEP cat4S 129 3.07 2.46 0.38 | 12.38 1.98
NI cat05 215 5.12 1.8 0.28 5.42 0.63
NI cat45 24 0.57 0.7 0.11 | 18.99 0.87
SI cat05 686 16.33 3.35 0.52 3.17 0.69
SI cat45 119 2.83 2.13 0.33 | 11.59 1.6
SP cat05 404 9.62 3.57 0.55 5.73 1.33
SP cat4S 56 1.33 1.24 0.19 | 14.38 1.16

The sample standard deviation s of the number of  smaller than internal climate variability. We will,

storms per year p, given M years of historical storm however, consider the impact of climate change on

numbers Py Py s with sample mean p, is given the mean during the historical period in our analysis

by the usual formula: below.

We then consider how to estimate the distribution

1 " 2
Tk, - W
i=1

per year [, since it is this distribution that we will

of uncertainty around the mean number of storms
s = \/

combine with projections of climate change to derive
our projections of future climate conditions. This

We neglect the possible impact of climate change
during the historical period on this estimated
standard deviation, since the impact is likely much

distribution — the distribution of uncertainty of the
estimate of the mean - is different from the
distribution of the number of storms per year p, and
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is much narrower. To distinguish between these two
distributions, we will refer to the distribution of the
number of storms per year as the frequency
distribution, and the distribution of uncertainty of
the estimate of the mean number of storms per year as
the mean frequency distribution. The standard
deviation of the frequency distribution is given by the
equation above. The standard deviation of the mean
frequency distribution is the standard deviation of u,
rather than the standard deviation of p. We will
discuss how to estimate the standard deviation of p
below.

To illustrate the difference between the frequency
distribution and the mean frequency distribution, we
now give estimates of both for the North Atlantic.
For the frequency distribution, an
frequency distribution derived from the IBTrACS
data gives frequencies from four storms per year to 30

empirical

storms per year, with a mean of 13.4 storms per year.
The mean frequency distribution encapsulates the
idea that this mean number of storms per year is
uncertain: one of the estimates of the uncertainty that
we derive below gives it a range from around 11.8
storms per year to around 15.2 storms per year.

We do not attempt to make projections of any
aspects of the TC frequency distribution other than
the mean, since K2020 only gives projections for
changes in the mean. In the future, one might
imagine using climate models to extract projections
for changes in aspects of the TC frequency
distribution other than just the mean, such as changes
in variances of TC numbers, or changes in
correlations of TC numbers between basins.

2.3.  Estimating the Mean

Distribution

Frequency

We compare two methods for estimating the mean
frequency distribution. The first method is based on
the commonly used assumption that the TC
frequency distribution follows a Poisson distribution.
We use Bayesian statistics to derive the mean
frequency distribution from that assumption (see
Bernardo and Smith (1993), page 437).
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The second method makes no assumption about the
TC frequency distribution, and uses a method
known as the normal approximation to the posterior
distribution (see Bernardo and Smith (1993), page
287). In both cases we assume that the storm counts
in different historical years are independent. This
independence assumption is not likely to be
completely true, as it ignores long time-scale
variability in storm numbers due to either internal
climate dynamics or variations in external forcing. As
a result, our uncertainty estimates are likely to be
underestimated. However, correcting the uncertainty
estimates for long time-scale variability is not
detailed

basin-specific studies that consider the relevant

straightforward, and would require
processes driving long-term variability in each region.
We now discuss the two methods we use for
estimating the mean frequency distribution in more

detail.

2.4. Bayesian Analysis with Poisson Assumption
The Poisson distribution is often used to model
annual TC numbers (see, for example, Tippett et al.
(2011)) and has the benefit of being convenient to
use. Based on a Poisson assumption, we apply
standard Bayesian methods to derive a posterior
distribution for the Poisson parameter. This posterior
distribution is an estimate of the mean frequency
distribution that we require. The Poisson distribution
is one of the few distributions for which there is an
uncontroversial and unique objective Bayesian
method for deriving posterior distributions. The
method uses an objective prior which is proportional
to one divided by the square root of the unknown
frequency, and results in a posterior for the mean
frequency that is gamma distributed. Bernardo and
Smith (1993), page 437, gives expressions for the prior
and exact closed-form expressions for the posterior for
the parameter. The latter corresponds to the mean

The

frequency distributions are illustrated in Figure 1, for

frequency  distribution. resulting mean

our 12 cases of cat05 and cat4S5 storms, for six basins.
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Figure 1: Two estimates for the distributions of uncertainty around the mean frequency of TCs, for each of cat05 (panel (a))
and cat4s (panel (b)), and for each of the six TC basins: North Atlantic (NA), North West Pacific (NWP), North East Pacific
(NEP), North Indian (NI), South Indian (SI), South West Pacific (SWP). The two estimates are based on a Poisson
assumption for the underlying frequencies (darker grey, left of each pair), and a normal approximation to the posterior (lighter
grey, right of each pair). The box-and-whiskers, from bottom to top, show 5%, 25%, 50%, 75% and 95% quantiles of the mean
[frequency distribution. All estimates are calculated from IBTrACS data, 1980-2021

2.5. Limitations of the Poisson Approach

The exact closed-form expression available for the
mean frequency distribution from the Poisson
analysis is very convenient. However, the Poisson is
not entirely accurate as a model for annual storm
numbers, and this may lead to errors in the mean
frequency distribution. We evaluate whether the
Poisson assumption is appropriate as follows. For the
Poisson distribution, the population variance is
always equal to the population mean, by definition.
In Table 1, column 8, we tabulate the observed ratio
of the variance to the mean, a ratio known as the
dispersion. For Poisson data we would expect the
dispersion to be close to one, and values greater than

one are referred to as overdispersed. We see that for
eight out of 12 of our cases the observed dispersions
exceed one, seven of them exceed 1.2, and three of
them exceed 1.5. This indicates that the Poisson is not
a good fit in several of these cases. It may be possible
to find distributions that fit the observed TC
frequencies better than the Poisson. Good candidates
the

distributions, although in our experience even these

are negative binomial and ComPoisson
more flexible distributions are not entirely realistic
models for TC frequency. Another possibility would
be to model the frequencies as Poisson, but with the
Poisson parameter a function of appropriate
sea-surface indices

temperature using Poisson
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regression. For all of negative binomial, ComPoisson
and Poisson regression cases, applying the same kind
of Bayesian analysis as we have used for the Poisson
would be possible, but complex. One of the
difficulties is that there would no longer be a unique
objective prior, in the way that there is for the
Poisson. Another difficulty is that numerical methods
would be required to compute the posteriors. The
statistical complexity this would introduce to our
analysis does not seem justified given that the
resulting posterior distributions would still not be
entirely realistic, and given the many uncertainties in
the overall analysis.

2.6. Normal Approximation to the Posterior
Distribution

The second method we use for estimating the mean
frequency distribution is to assume that the posterior
is normally distributed with a standard deviation
given by the estimated standard error of the mean
frequency. The use of a normal distribution is
reasonably well justified since theoretical results show
that parameter posteriors converge to normal
distributions as the sample size increases (see
Bernardo and Smith (1993), page 291). Given our
sample size of 42 years, we can hope that we have
achieved relatively good convergence. We estimate the
standard error from the data using the standard
formula, in which the standard error is the estimated
standard deviation divided by the square root of the
sample size:

Estimated standard error = %
Estimated standard errors for our 12 cases are shown
in Table 1, columns 6 and 7. We consider the normal
approximation method to be an improvement on the
Poisson method, since the standard error is derived
from the variance of the actual annual counts, and
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therefore accounts for the

possibility  of

overdispersion in the data.

2.7.  Comparison
Distributions

of Mean Frequency
The mean frequency distributions calculated using
the normal approximation are shown in Figure 1, and
can be compared with the gamma distributed mean
frequency distributions from the Poisson analysis.
They are relatively similar. For the eight out of 12
the observed TC counts are
Table 1), the

approximation mean frequency distributions are

cases in which

overdispersed  (see normal
wider than the gamma distributed mean frequency
distributions. Since the gamma mean frequency
distributions seem to be underestimating the
uncertainty, we will use the normal approximation
mean frequency distributions in our subsequent
analysis.

Figure 2a shows the ratio of the standard error to
the mean frequency, plotted versus the mean
frequency. We will refer to this ratio as the Coeflicient
of  Variation of the baseline uncertainty
(CoV-Baseline). CoV-Baseline gives a dimensionless
indication of how uncertain the estimated mean
frequency is, and we will see later that it relates to
whether baseline or climate change uncertainty

dominate our projections.

Figure 2a shows that there is a clear relationship such
that higher mean frequency typically leads to lower
values of the CoV-Baseline. In other words, when
there is more data, the mean is estimated more
accurately, as would be expected. For this reason,
cat05 mean frequencies are generally better estimated
than cat45 mean frequencies. This relationship
between mean frequencies and CoV-Baseline arises
from the properties of the Poisson distribution and
the standard error.
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Figure 2: panel (a), horizontal axis: the mean frequency of TCs, estimated from IBTrACS data for the six main TC basins,
for Saffir-Simpson Hurricane Wind Scale categories 0-5 (black) and 4-5 (red). Panel (a), vertical axis: the ratio of an estimate
of the standard error around the mean frequency to the mean frequency (the CoV-Baseline). Panel (b): all values are derived
from the Knutson et al. (2020) projections of TC frequencies, using the post-processing described in the text. Bars show the ratio
of the standard deviation of the TC projections to the mean deviation of the TC projections from 1 (the CoV-Climate-Change),
for each of the six TC basins. Ratios for category 0-5 storms are shown on the left of each pair, in grey, and ratios for category

4-5 storms are shown on the right of each pair, in red.

3. Climate Change Projections

We derive our projections of climate change from
K2020. K2020 collected results from a large number
of studies by different authors and generated
distributions for how the frequency of cat05 and
cat45 TCs may change. The K2020 results are
uncertain for many reasons, as the authors discuss.
For instance, many of the models on which the
K2020 results were based would likely not have
simulated particularly realistic TC climates, and so
one might doubt their ability to simulate changes in

TC climate under climate change in a realistic way.
The K2020 summary results were also derived using
various subjective decisions, such as the decision to
put equal weights on all the different models
considered, even though the models would likely have
varied in terms of their ability to simulate the climate.
However, in spite of these uncertainties, we have used
the K2020 projections because we are not aware that
any more credible sets of multi-model projections of
future TC frequencies exist at this time. The width of
the K2020 distributions represent an estimate of the
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Figure 3: TC frequency projections from Knutson et al. (2020), after applying the post-processing described in the text, for the
six major TC basins, as mean frequency multipliers. Panel (a) shows category 0-5 mean frequency changes and panel (b) shows

category 4-5 mean frequency changes. The box and whiskers show, from bottom to top, 5% quantile, 25% quantile, median,

mean, 75% quantile, 95% quantile.

model uncertainty, based on the set of models they
consider. The changes given by K2020 correspond to
a 2°C increase in global mean surface temperature
(GMST), and are presented using a number of
quantiles. We will post-process these distributions to
prepare them for our analysis, as follows.

3.1. Post-processing the K2020 Projections

In the first step of post-processing the K2020
projections we fit log-normal distributions to the
cat05 and cat45 quantiles to allow us to draw a large
number of samples. We fit the distributions using the
algorithm described in Jewson (2022). This algorithm
ensures that the distributions fitted to the K2020
frequency and mean intensity changes are consistent
with respect to the inherent relationships between

cat05 frequency, cat45 frequency and mean intensity.

The distributions of change for cat05 and cat45
frequencies resulting from the distribution fitting
process described above are shown in Figure 3. These
distributions are similar to the original K2020 results,
as shown in figures 1b and 2b in that paper. Small
differences between the quantiles of our distributions
and the original K2020 quantiles arise from the
adjustments we have made in order to reconcile the
K2020 frequency and intensity changes in our
distribution fitting process.

The distributions of change in Figure 3 are wide,
relative to the changes in the mean or median. In
several of the 12 cases the differences from a value of
one (which represents no change) can be seen to be
caused more by the spread of the distribution than by
the deviation of the mean or median from one.

Page 9

SWP



The extent to which these distributions of change are
dominated by either the change in the mean, or by the
spread of the changes, can be quantified by
considering the mean-square differences from one
(MSD1). The MSD1 can be decomposed into a
contribution from the mean squared and a

contribution from the variance, as follows:
MsD1 = E(d") = [E@)]" + V(d)

where d is the deviation from one. To illustrate this
decomposition, ratios of the standard deviation of
change, 1/V(d), to the mean change, E(d), are given
in Figure 2b. We will call this ratio the Coefficient of
Variation — of the climate change signal
(CoV-Climate-Change). CoV-Climate-Change is a
non-dimensional measure of the uncertainty around
the mean of the climate change projection. We will
see later that the CoV-Climate-Change also plays a
role, along with the CoV-Baseline, in determining
whether baseline uncertainty or climate change
uncertainty dominates the uncertainty in our
projections.

Values of the CoV-Climate-Change which are less
than one indicate that the MSD1 is dominated by a
shift in the mean, while values greater than one
indicate that the MSD1 is dominated by the variance.
We see that for cat05 changes in the South Indian and
South West Pacific, the MSD1 is dominated by the
mean, but for the other 10 cases it is dominated by
the variance. In four cases the CoV-Climate-Change

is greater than +/10, which corresponds to less than

10% of the MSD1 coming from the [E (d)]2 term in
Equation (2). In these cases, the distribution is
dominated by the variance of the change to a large
extent.

The final step of post-processing the K2020 results
is to interpolate and extrapolate the changes in cat05
and cat45 frequencies in time, using the method
described in Jewson (2021a). This method models the
logarithm of the TC frequency as a linear function of
global mean surface temperature, following K2020.
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This temporal interpolation gives projections of
changes in frequency for any RCP and any point in
time, relative to the mean frequency during our
chosen baseline from 1980 to 2021. The temporal
interpolation assumes that the frequency of storms
gradually changes from year to year due to climate
change during the baseline itself. It therefore allows us
to estimate the implied effects of climate change on
any year, before, during, or after the baseline period.
We choose not to make projections for mean
intensity in this study, since Jewson (2022) has shown
that the K2020 changes in mean intensity can be
derived from the changes in frequency. Mean
intensity projections, if required, could be derived
from the mean frequency results we will present.

4. Climate Projections

We now combine the mean frequency distributions
described in Section 2 with the distributions for the
possible changes due to climate change described in
Section 3 to create estimates of actual future TC
frequencies. We create N = 100,000 samples
independently from both distributions and combine
them using the expression

y(t) = k() x

where x are samples from the normally distributed
mean frequency distribution with standard deviation

given by the standard error S/\/ﬁ; k(t) are samples
from the interpolated climate change uncertainty
distribution, which are a function of time t; and y(t)
are the resulting samples from the projected future
climate, also as a function of time. The distribution
of y(t) is a new mean frequency distribution, now
for future climate. Using 100,000 samples gives good
convergence of the distribution for y(t).

Figure 4 shows the resulting distributions of the
values of the future climate mean frequency
distribution, for a 2°C change in GMST, along with
the corresponding  baseline

mean  frequency

distribution from Figure 1.
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Figure 4: Probabilistic projections of mean frequency of TCs, for the six main TC basins, for category 0-5 and category 4-5
storms. The baseline climate is derived from IBTrACS and follows the normal approximation results shown in Figure I (grey).
The projections are for a future climate that is warmer by 2°C of global mean surface temperature (red). Box and whiskers for
the baseline climate show 5%, 25%, 50%, 75% and 95% quantiles of the baseline mean frequency distribution. Box and whiskers
for the projected climate show the same quantiles, and also the mean, of the projected mean frequency distribution. For the

baseline climate the mean and median are equal as we are using a normal distribution.

The changes in the median of the twelve distributions
are as might be expected from the median frequency
changes given in Figure 3. This is not surprising,
although mathematically it is not the case that the
median of the product of two random variables is
necessarily the product of the two medians, and hence
the change in the median frequency is not necessarily
the same as the change in frequency implied by the
median percentage change. For all six basins, the cat05
median frequencies reduce. For all basins except the
two West Pacific basins, the cat4S medians increase,
while for the two West Pacific basins, the cat4S
medians reduce. The projected means are all higher

than the medians, because the distributions of
change, and hence the projections, are positively
skewed. In some cases the difference between median
and mean change is large, e.g., in the North Atlantic
for cat45 the mean change is roughly twice the size of
the median change. For some risk metrics, it is the
mean change which is the more important of the two:
Jewson (2021b) shows that it is the mean change
the the
distribution of annual maximum wind-speed.

Figure 4 shows the changes in the 5% and 95%
quantiles of the mean frequency distribution using
diagonal dotted lines. The 75% and 95% quantiles of

which determines tail behaviour of
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the cat05 mean frequency distributions change in
different ways from the median in several cases. Two
of the 75% quantiles show increases, and five of the
95% quantiles show increases, even though the
medians show decreases. In other words, in these
cases, the extreme quantiles change in the opposite
direction to the median. This is because the
distribution becomes so much wider, due to the large
uncertainty in the climate change projections.

These results show that considering only the
median or mean changes does not give an accurate
picture of the possible changes in the distribution.
This is because several of the distributions of change
are dominated by uncertainty, as illustrated by the
large values of the CoV-Climate-Change, as discussed
above. It has been reported that TC frequencies are
projected to decrease (IPCC, 2022). Our cat05 results
agree with that statement on average over the
distribution of possible changes, but also project that
the extreme quantiles of the distribution of changes
increases. In other words, the worst case scenarios for
the future climate are worse than at present. This
counterintuitive result, which is a consequence of
uncertainty, suggests that describing projected
changes in TC frequencies as decreases is perhaps an
over-simplification.

5. Variance Decomposition

We can seek to better understand the future climate
projections shown in Figure 4 by considering the
expectation and variance of Equation (3). Taking the
expectation of Equation (3), and using the standard
expression for the expectation of a product of
independent random variables, gives

E(y(®) = E(k()x) = E(k(D)E(x) = E E_

where we have written E P = E(k(t)), the mean of
the frequency change, and E_= E(x), the mean of

the baseline frequency.
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We see that the mean of the projection of future
climate is equal to the mean of the baseline
distribution, multiplied by the mean of the climate
change distribution. As mentioned above, there is no
analogous relationship for the median, which can
make median changes difficult to interpret. Taking
variances of Equation (3) and using the standard
expression for the variance of a product of
independent random variables gives

V©) = VO = [EERO)VE) + VEEEL + VEOV )
—EV +VE*+vVV
- k x k x k x

where we have written V.= V(k(t)), the variance of
the frequency change, and Vx = V(x), the variance

of the mean baseline frequency (i.e., the standard
error squared). We see that the variance of the
projection decomposes into three terms. The first

term (E kZVx) can be described as the impact of the

. . 2
baseline uncertainty; the second term (VkEx ) can be

described as the impact of the climate change
uncertainty, and the third term (Vka) is an

interaction term involving both baseline uncertainty
and climate change uncertainty.

Figure S shows how the three terms on the right
hand side of Equation (4) sum to create the total
variance — for the cat05 changes — for RCP6.0
(Meinshausen, et al., 2011). The changes at different
times are created by temporal interpolation of the
results in Figure 4, under the RCP6.0 scenario, using
the method from Jewson 2021a. Figure 6 shows the
same as Figure S, but for cat45.

We see that the contribution from the interaction
term is small in all cases and can be ignored. For all 12
cases, the baseline uncertainty is initially higher than
the climate change uncertainty, but at some point the
climate change uncertainty overtakes the baseline

uncertainty.
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Figure 5: Variances of the uncertainty around projections of future climate for the six main TC basins, for category 0-5 TC
[frequencies. Total variance (black solid) is the sum of the other three lines, which are the variance related to baseline uncertainty
(blue dashed), the variance related to climate change (red dotted) and the variance related to the interaction of the other two
variances (purple dot-dashed). The interaction line shows very small values, and is mostly coincident with the zero line.
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consider

We first 2025) TC
conditions. For certain applications of climate

near-term  (i.e.,

information, such as insurance risk quantification,
estimates of near-term climate are the most useful.
Considering first cat05 projections, we see that
baseline and climate change uncertainty are relatively
similar, with baseline uncertainty dominant in the
North Atlantic, North Indian, and South West
Pacific basins, but with climate change uncertainty
dominant in the North West Pacific, North East
Pacific, and South Indian basins. Considering cat45
projections, we see that baseline uncertainty
dominates in all cases except the North West Pacific,
where baseline and climate change uncertainty are
equal.

We can also assess the point in time at which
climate change uncertainty overtakes baseline
uncertainty. This point varies from basin to basin and
with intensity. Considering cat 05 storms: climate
change uncertainty overtakes baseline uncertainty in
around 2015 in the North West Pacific, around 2020
in the North East Pacific, and around 2023 in the
South Indian. These are therefore cases where climate
change uncertainty has already become the larger of
the two uncertainties. Climate change uncertainty
overtakes baseline uncertainty around the year 2030
in the North Indian and North Atlantic, and late in
the 2030s in the South West Pacific. Considering
cat45 storms: climate change uncertainty overtakes
baseline uncertainty in the 2020s in the North West
Pacific, the 2030s in the North Atlantic, North East
Pacific and South Indian, in the 2040s in the North
Indian, and in the 2050s in the South West Pacific.

The differences between the results from different
basins, and between cat05 and cat4S storms, are
related to the coeflicients of variation given in Figure
3, as follows. We define the ‘climate change
uncertainty ratio” as the ratio of the second to the first
terms in Equation 4, evaluated for a 2°C increase in

GMST.
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This ratio is a measure of the climate change
uncertainty, relative to the baseline uncertainty, and is

given by

climate change uncertainty

climate change uncertainty ratio = —, - 5
aseline uncertainty

2
Vk Ex _
EkZVx Ek2 VX (CoV—baseline)2

2
VkEx

(CoV—climate—change)2

From Figure 2 we see that the North East Pacific
cat05 storms have a low CoV-Baseline and the highest
CoV-Climate-Change. This gives a high value for the
climate change uncertainty ratio. Given the smooth
variation of the climate change and baseline variances
in time, which is a result of the temporal
interpolation, the value of this ratio at 2°C influences
the values at all other times. The high value of the
ratio is therefore related to why the climate change
uncertainty dominates so early on for the North East
Pacific cat05 storms, as seen in Figure 5. The low
CoV-Baseline for the North East Pacific for cat05
storms is related to the high mean frequency (see
Figure 2a). This shows that situations in which the
mean frequency is high are likely to show a higher
value of the climate change uncertainty ratio and a
greater relative impact of climate change uncertainty,
because the baseline uncertainty tends to be low. At
the opposite end of the range, the South West Pacific
cat05 storms have the lowest CoV-Climate-Change.
This gives a low value for the climate change
uncertainty ratio, and relates to why Dbaseline
uncertainty dominates for so long for cat05 storms in
the South West Pacific.

Figure 7 quantifies in more detail the extent to
which climate change impacts estimates of near-term
(2025) climate in our projections. Since we are using a
baseline from 1980 to 2021, midpoint 2000/2001,
the changes in Figure 7 can be interpreted, roughly
speaking, as a change over a 25-year period. The mean
changes are relatively small, all less than 5%.
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% Change in Mean

They are all smaller than the corresponding baseline
standard errors given in Table 1. The changes in
uncertainty (here measured using the change in the
standard  deviation of the mean frequency
distribution for 2025) are larger, and in 10 of the 12

cases exceed 10%.

(a)
o -
Cat05 Mean Frequency
& Catd5 Mean Frequency
e T P
o
™
<+ |
T T T T
NA NWP NEP NI Sl SWP
Basin

&S Journal of
CATASTROPHE RISK
AND RESILIENCE
For the North East and North West Pacific the
uncertainty changes are particularly large. For these
two basins the main impact of climate change is the
increase in uncertainty, rather than the change in the

mean.

60

Cat05 Mean Frequency
& Cat45 Mean Frequency

40

30

% Increase in Uncertainty
20

10

NA NWP NEP NI Si SWP

Figure 7: Panel (a): projected change in the mean frequency of TCs for the six main TC basins, for the year 2025, relative to
the baseline 1980-2021, based on Knutson et al. (2020) projections, post-processed as described in the text. Panel (b): increase in
the standard deviation of the uncertainty (i.c., standard error) around estimates of the mean frequency of TCs over the same
time period. In both panels, category 0-5 storms are shown on the left of each pair in grey and category 4-5 storms are shown on

the right of each pair in red.

Page 16



6. Discussion and Uncertainties

These results give useful insights into two of the main
drivers of uncertainty around estimates of present
and future TC frequency: baseline uncertainty, and
climate change uncertainty. However, there are many
caveats and uncertainties related to this work and the
results. Some of the most critical uncertainties are as
follows:
(a) we have only considered the US representative
agency data from IBTrACS. In some basins the data
from other agencies is materially different, and if we
were to repeat our analysis with these different data
sets we would get somewhat different results;
(b) we have assumed that measuring techniques and
reporting practices have remained constant during the
period of data that we have used, which is unlikely to
be completely correct;
(c) the intensities of storms in the IBTrACS data that
we have used may not be correct, which would then
affect our baseline uncertainty estimates;
(d) our estimation of baseline uncertainty does not
account for possible auto-correlation of TC numbers
from year to year, and hence we may underestimate
baseline uncertainty in some basins;
(e) historical TC behaviour during parts of the
baseline period may have been affected by aerosol
concentrations which have subsequently changed
(Dunstone et al. (2013), Sobel et al. (2019),
Murakami (2022)) leading to a bias which is not
accounted for either in the estimates of the baseline or
in the K2020 results;
(f) the K2020 results are based on climate models that
may not simulate realistic changes under climate
change; and
(g) to interpolate the K2020 results in time, we have
assumed, following K2020, that TC frequencies
change as a function of GMST, which may be a poor
approximation.

These uncertainties are large enough that future
analyses may give qualitatively and quantitatively
different results.
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For instance, the relativities among the CoVs for both
the baseline and climate change inputs could be very

different. That lead to different

conclusions about whether baseline uncertainty or

would then

climate change uncertainty dominates at different
time. The both

uncertainties are important, is, however, unlikely to

points in conclusion that
change.

We have considered future risks, evaluated today.
Future risks, evaluated in the future, will look
different. As time progresses, we would expect that
baseline uncertainty will reduce, as more historical
data accumulates. Also, the baseline will gradually
start to incorporate more of the changes due to
climate change. Finally, climate change uncertainty
estimates may reduce as climate models improve.

We have only considered basin frequencies,
although it is landfalling storms which have the most
societal impact. The relationship between changes in
basin frequencies and changes in landfall frequencies
is not simple. Firstly, the possibility that storms with
cat45 intensity may make landfall with a lower
intensity than cat45 complicates the application of
basin frequency changes to landfalling storms.
Second, climate change may change where storms
form, and the tracks they take, and those effects may
be a more important factor in determining how
landfall frequencies change than changes in basin
frequency (Knutson, et al., 2022). Given these two
considerations, our results should not be applied to
landfall frequencies. Performing a similar analysis of
the drivers of uncertainty for frequencies of
landfalling storms is an important subject for future
work. Landfalling storms have lower mean
frequencies than basin storms, and we have seen that
lower mean frequencies lead to higher values of the
CoV-Baseline, and hence a more important role for
baseline uncertainty. We might therefore anticipate
that baseline uncertainty will play a more important
role for landfalling storm frequencies than it does for
basin storm frequencies.
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7. Summary and Conclusions

We have made probabilistic projections of future
tropical cyclone (TC) frequencies by combining
probabilistic estimates of a baseline TC climate with
probabilistic estimates of how TC climate may
change. The baseline climate estimates are based on
statistical analysis of historical TC observations for
the period 1980-2021. The climate change estimates
are derived, via some steps of post-processing (as
described above), from the meta-study of climate
model outputs presented by Knutson et al. (2020).
We make projections for Saffir-Simpson Hurricane
Wind Scale category 0-5 (cat05) and category 4-5
(cat45) frequencies for all six major TC basins.

For cat05 frequencies, considering changes
corresponding to a 2°C increase in global mean
surface temperature (GMST), we find that the
median projected frequencies are all lower than the
median baseline frequencies. However, for two
basins, the 75% quantile of the projected frequencies
is higher than the 75% quantile for the baseline, and
for five basins, the 95% projected quantile is higher
than the 95% quantile for the baseline. This is driven
by the large uncertainty in the climate change results,
and indicates that the projected changes in cat05
frequencies should be considered as being more
complex than just a decrease in frequency.

For cat45 frequencies, also for a 2°C increase in
GMST, we find that the median projected frequencies
are higher than the median baseline frequencies, for
five out of six basins. For the South West Pacific they
are lower. For the North East Pacific, the projected
frequencies are dramatically higher, and the projected
median is higher than the 95% quantile for the
baseline.

We use the product of variances formula to
decompose the uncertainty of the projections into
three components: baseline uncertainty, projection
uncertainty and an interaction term. The interaction
term turns out to be negligible. For climate in the year
2000, baseline uncertainty is larger than climate
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change uncertainty in all cases. However, for three
basins we find that for the frequency of cat0Ss,
climate change uncertainty has already (in 2024)
overtaken baseline uncertainty. For the other cases,
under RCP6.0, climate uncertainty overtakes baseline
uncertainty at different points between 2020 and
2060. For climate in the year 2025, the mean
frequencies of storms change by less than 5% in all
cases, relative to the baseline. However, the standard
deviation around the mean (the standard error) of
storm frequencies increases by much larger amounts
in several cases. For these cases, the change in the
uncertainty is the dominant impact of the climate
change projections.

The climate change uncertainty is large: this is
driven by disagreement among climate models. As
climate models improve, this uncertainty will
hopefully reduce. The baseline uncertainty is also
large: this is driven by the limited number of years of
satellite data that we have to estimate the baseline.
Assuming satellite observations are maintained, this
will gradually reduce, although the root-n rule
suggests it will take more than 150 years for it to
reduce to half of the current level.

We have discussed many sources of uncertainty in
these results. Some of these uncertainties could be
reduced by performing basin specific studies.
However, many of the uncertainties are irreducible,
and decision makers must embrace these uncertainties
in their decision making process.

Effective adaptation to climate change requires
quantitative estimates of future risks. Such estimates
should include quantification of as many of the
material sources of uncertainty as possible. Much of
the literature on future TC frequencies ignores the
role of baseline estimation uncertainty. The
methodology we have used here demonstrates how
baseline estimation uncertainty can be incorporated
into estimates of future TC frequencies, and the
results show that it is material. We would therefore
encourage risk modellers to model baseline estimation
uncertainty in their risk models.
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