10

15

20

https://doi.org/10.5194/gmd-2021-384
Preprint. Discussion started: 2 December 2021
(© Author(s) 2021. CC BY 4.0 License.

Cyclone generation Algorithm including a THERmodynamic
module for Integrated National damage Assessment (CATHERINA
1.0) compatible with CMIP climate data

Théo Le Guenedal!, Philippe Drobinski?, and Peter Tankov!

ICREST, ENSAE, Institut Polytechnique de Paris, Palaiseau, France
2LMD-IPSL, Ecole Polytechnique, Institut Polytechnique de Paris, ENS, PSL Research University, Sorbonne Université,
CNRS, Palaiseau, France

Correspondence: Theo Le Guenedal (theo.le-guenedal @ensae.fr)

Abstract. Tropical cyclones are responsible for a large share of global damage resulting from natural disasters and estimating
cyclone-related damage at a national level is a challenge attracting growing interest in the context of climate change. The
global climate models, whose outputs are available from the Coupled Model Intercomparison Project (CMIP), do not resolve
tropical cyclones. The Cyclone generation Algorithm including a THERmodynamic module for Integrated National damage
Assessment (CATHERINA) presented in this paper, couples statistical and thermodynamic relationships to generate synthetic
tracks sensitive to local climate conditions and estimates the damage induced by tropical cyclones at a national level. The
framework is designed to be compatible with CMIP models data offering a simple solution to resolve tropical cyclones in
climate projections. We illustrate it by producing damage projections in Representative Concentration Pathways (RCP) at the
global level and for individual countries. The algorithm contains a module to correct biases in climate models based on the

distributions of the climate variables in the reanalyses.

1 Introduction

Climate-related physical risks pose a growing threat to humanity, and the design and implementation of adequate adaptation and
mitigation measures require assessing future physical risks at a national and global scale. One important source of information
about the future climate are the projections of the global climate models, however the spatial resolution of these global models
is unfortunately still not sufficient to fully resolve extreme events, particularly tropical cyclones. On the other side of the
spectrum, Integrated Assessment Models (IAM) directly assess the impact of climate on economic activity. Most of these
models embed a physical damage module, usually limited to a very generic damage function. Tools to assess the impact of
tropical cyclones on the economy under future climate are thus lacking in the literature. The objective of this paper is to fill this
gap: we build synthetic cyclones based on the climate data produced by the global climate models, and evaluate the economic
damage of these synthetic cyclones under various assumptions.

The physics of tropical cyclones has been intensively studied in the literature. The thermodynamic cyclone theory builds

upon the seminal contributions by Emanuel (1988) followed by Holland (1997) and Emanuel (1999). Concerning the impact of
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climate change, it is well known that the presence of greenhouse gases in the atmosphere increases the radiative forcing, which
leads to a progressive warming of the atmosphere (Butchart et al., 2000), and the rise of sea surface temperatures (Solomon
et al., 2007; Pachauri et al., 2014). This phenomenon increases the amount of energy available for cyclones to grow in intensity
(Emanuel, 1991) and this growth is already measurable (Emanuel, 2005). Risk assessments have been developed based on
hurricane potential intensity maps to assess the damage in the US and worldwide (Emanuel et al., 2008; Emanuel, 2011;
Mendelsohn et al., 2012).

Models relying on statistical relationships (James and Mason, 2005; DeMaria and Kaplan, 1994; Kaplan and DeMaria, 1995)
are available in the literature to produce synthetic cyclones with properties closely resembling those of observed cyclones.
Recently, Bloemendaal et al. (2020) developed a modeling framework to simulate realistic synthetic tropical cyclone tracks:
the Synthetic Tropical cyclOnes geneRation Model (STORM). However, we find that the effect of climate change on the
maximum potentials in the different scenarios can only be modeled by a better description of the underlying thermodynamic
phenomenon, well described by Emanuel (1988); Holland (1997) or Emanuel (1999). We therefore develop an alternative
to STORM by adding a thermodynamic module in the perspective of producing cyclones in different climate scenarios. In
particular we retrieve two additional variables (relative humidity and tropopause temperature) from climate models to better
describe the intensification process.

On the damage modeling side, Bresch (2017); Liithi (2019); Aznar Siguan and Bresch (2019) set up a platform for physical
risk estimation (CLIMADA), coupled with a database of estimated values of local assets (Eberenz et al., 2019, 2020b). The
asset resolution (30 arc-sec) and geo-spatial description of extreme events is particularly advanced. We propose a simplification
of this work that applies in the context of national level assessment. The CLIMADA framework focuses on damage modeling
based on simplified climate projections, and does not make use of the climate data produced by atmosphere-ocean general
circulation models (AOGCM). Coupling STORM methodology with our original thermodynamic module fitted on four climate
variables and CLIMADA, our approach provides a better long-term tail risk assessment at a national level, and therefore a better
measure of the adaptation investments needed to mitigate this risk.

This paper makes three contributions. First, we provide an algorithm to generate synthetic cyclones from climate data
inspired by Bloemendaal et al. (2020) fitted on four physical variables extracted from ERA-5 reanalysis and including a
thermodynamic module to better describe cyclone physics. Second, we ensure that this algorithm is compatible with CMIP
models, expose the biases in CMIP5 datasets and propose a correction module based on Vrac et al. (2012). Third, we bridge the
gap between climate data and damage modeling by using the physical asset values from Eberenz et al. (2020b) and computing
the damage along cyclone tracks using the regional specific damage functions designed in the CLIMADA project. Combining
open data sources and methodologies allows us to propose a complete bottom-up integrated physical risks assessment model for
tropical cyclones presented in Figure 1: the Cyclone generation Algorithm including a THERmodynamic module for Integrated
National damage Assessment (CATHERINA).

The process is the following. The cyclones are initiated with spatial and seasonal distribution estimated on the IBTrACS
database similarly to Bloemendaal et al. (2020). Their movement is described with a simple auto regressive stochastic pro-

cess (James and Mason, 2005; Bloemendaal et al., 2020). Along the simulated cyclone tracks, we retrieve climate variables
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Figure 1. Cyclone generation Algorithm including a THERmodynamic module for Integrated National damage Assessment (CATHERINA)

Framework

from climate models allowing to define locally the maximum potential intensity based on the simplified expression in Holland
(1997). Some controls such as the maximum pressure drop observed for the corresponding temperature and the decay rela-
tionship for cyclones evolving over land are also fitted for each basin and applied in the synthetic tracks generation algorithm.
Extracting the climate variables from different models allow us to correct the biases and evaluate model uncertainty. Then, we
use the physical asset values (Eberenz et al., 2020b) and regional damage functions from the CLIMADA module to evaluate
the cyclone-related damage at a national level. This step requires to extract the local physical asset values and aggregate them
on tiles of length defined proportionally to the average radius to maximum wind (~ 50 km) along the cyclone path. Summing
the losses along tracks for each year and for each country allows us to establish a national assessment of the damage generated
by tropical cyclones.

The paper is organized as follows. Section 2 describes the datasets used to fit the model on ERA-5 and to generate synthetic
cyclones based on both ERA-5 and CMIPS5 models datasets. Section 3 describes the statistical calibration process and the

details of the thermodynamic instrumental variables. Section 4 recalls the calibration methods implemented in the CLIMADA
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environment to fit the regional damage functions, defines the parameters of these functions using Eberenz et al. (2020a) and
applies them along the synthetic tracks produced to study the distribution of national annual damages. Section 5 explores the
properties of the produced synthetic tracks, with ERA-5 and 7 CMIP models, assesses climate uncertainty and introduces the
bias correction module in the context of changing climate conditions. To close this section, we present the global and regional

projections of cyclone damage between 2070 and 2100 obtained with CATHERINA.

2 Input data

In the CATHERINA framework, we fit the properties of historical cyclones (IBTrACS database) on past climate reanalyses
(ERA-5) in the perspective of describing future cyclones based on global climate models outputs (CMIP), having a lower

spatial and temporal resolution. This perspective constrains us to use monthly data.
2.1 Climate model data (CMIP)

CATHERINA aims at generating cyclones tracks with properties drawn from climate models to enable national damage as-
sessments, bridging the gap between AOCGM outputs and damage assessments. To reduce the bias in the variables produced
by climate models! and evaluate the performance of CATHERINA on past data by comparing the simulated cyclone damages
to the realized ones we use historical simulations (as opposed to future climate projections) from the Coupled Model Inter-
comparison project (Phase 5) models (Taylor et al., 2012). We use the historical climate simulations at the monthly frequency
for the relative humidity (RH) at two meters, sea surface temperature (SST), sea level pressure (MSLP) and tropauspose tem-
perature (T}0po) (at pressure level of 50 hPa) from Copernicus climate data store?. CMIP5 data are used in the Sth assessment
report of the Intergovernmental Panel on Climate Change (IPCC). The latest synthesis Report in progress in 2021 is IPCC
ARG6?, which uses CMIP6 datasets but in the present paper, we use CMIP5 data because of broader availability of climate
variables.

We use models from the following climate centers: NASA, Goddard Institute for Space Studies (GISS-E2-H, USA), Institut
Pierre Simon Laplace (IPSL-CM5A-NR, France), Bureau of Meteorology - Commonwealth Scientific and Industrial Research
Organisation (ACCESS1-0, BoM-CSIRO, Australia), Beijin Climate Center (bcc-csm1-1-m, China), Institute of Numerical
Mathematics (inmcm4, Russia), Norwegian Climate Centre (NorESM1-ME, Norway), Canadian Centre for Climate Modelling
and Analysis (CanESM2, Canada). The spatial resolution goes from 0.75° to 2.5° depending on the model (See Table 1). Each
climate model produces a potentially biased estimate of multiple climate variables at the spatial resolution given in Table 1 and

on a monthly basis.

'In particular, we need the climate variables produced by climate models on a time period covered by reanalysis (cf. section 2.2) to define the bias correction

functions (cf. section 5.1).
2Climate data is available on the Copernicus Climate data store: https:/cds.climate.copernicus.eu/.
3https://www.ipcc.ch/assessment-report/ar6/.
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Table 1. Climate data resolution

Resolution (X, y) in degrees
ERA-5 0.25x0.25
ACCESS1-0  (BoM-CSIRO, 1.875x 0.9331648
Australia)
CanESM2 (CCCMA, Canada) 1.40625 x 0.9364358
GISS-E2-H (NASA, USA) 25x2
NorESMI-ME (NCC, Nor- Ix1
way)
bee-csml-1-m (BCC, China) 1 x 0.7402597
IPSL-CM5SA-MR (IPSL, Ix1
France)
INMCM4 (INM, Russia) 2x1.5

To reduce the influence of these biases, we use a large number of models and consider the distribution of results provided
by all the models. Then we correct, variable by variable, and for each basin, and each model, the biases with respect to the

reanalysis along the same tracks.
2.2 ERA-5 Reanalysis

Climate reanalyses describe the historical climate conditions, obtained by assimilating all available observations into the mod-
els. They provide numerical estimates of atmospheric parameters (e.g. air temperature, pressure and wind) at different altitudes
/ pressure levels, and surface parameters (such as rainfall, soil moisture content, ocean-wave height and sea-surface tempera-
ture) on a single level. We use reanalyses to calibrate the cyclone generation algorithm based on the most realistic available
estimates of climate variables.

We use ERA-5 reanalysis from the European Centre for Medium-Range Weather Forecasts (ECMWF) to fit CATHERINA
model*. This dataset covers the Earth on a 30 km grid (~ 0.25 °) and resolves the atmosphere using 137 levels from the surface
up to a height of 80 km. In this paper, to ensure compatibility with CMIPS models, we extract mean sea level pressure (MSLP),
sea surface temperature (SST), sea level relative humidity (RH), and tropopause temperature (7,op,) at the monthly frequency.
Because reanalysis resolves past tropical cyclones, the historical mean sea level pressure values in ERA-5 are influenced by
their presence. Consequently, we retrieve the mean sea level pressure 500 km (~ 5° longitude) away from the storm center
to extract a value for P,,,, that is meant to represent the pressure - at a given latitude and season - in normal environmental

conditions.

4Climate data is available on the Copernicus Climate data store: https://cds.climate.copernicus.eu/.
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Figure 2. Normalized evolution of the central pressure (in hPa) during cyclone life of a sample of 100 storms for each basin. The dotted line

represents the average pressure evolution. The central pressure values are retrieved from IBTrACS.

2.3 Historical cyclone tracks (IBTrACS)

We use the International Best Track Archive for Climate Stewardship (IBTrACS) database (Knapp et al., 2010)°. This database
provides information on past cyclone tracks at 3-hour frequency. We remove the events classified as disturbance or extra
tropical, and do not consider the South Atlantic basin®. Climate reanalysis availability requires to focus on cyclones since
1980, which reduces the database to 4411 cyclones. In the context of an integrated damage assessment, to focus on the events
that have a potentially substantial impact on assets, we select only tropical cyclones with maximum wind speed exceeding
35 m.s~! obtaining 2245 cyclones. In Figure 2, we plot the central pressure along cyclone life. This graph suggests that the
cyclone phases are fully represented in the database i.e. from the genesis to dissipation. The trajectories of central pressure
in the North Indian basin appear more erratic, which means that we can expect to obtain less significant relationships in this
basin. Specific examples of the evolution of central pressure and wind are given in Figure 3 for some famous named cyclones
in the North Atlantic basin. We extract the maximum wind speed, cyclone eye pressure and coordinate variations of the eye

from this database.
2.4 Physical asset exposure and damage

Eberenz et al. (2019) present a methodology to downscale physical asset values on a high-resolution grid using a combination
of nightlight intensity, population data, and global country indicators and make their dataset fully available (Eberenz et al.,
2020b). These estimates of physical asset value are based on the light intensity L; — from Nighttime lights of the Black Marble
2016 annual composite of the VIIRS day—night band (DNB) (Roman et al., 2018) in 2016 at the 15 arc-second resolution — and

5See http://ibtracs.unca.edu/ for a browser of the data and https://www.ncdc.noaa.gov/ibtracs/index.php?name=ib- v4-access for the full dataset.
6See Figure Al and A2 on page 31 for more information.
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Figure 3. Central pressure and maximum wind speed evolution for most damaging named cyclones in the North Atlantic (NA) basin. The

the population P,;, per pixel — from Gridded Population of the World (GPW) database (Center for International Earth Science
Information Network (CIESIN), 2017) in 2015 at the 30 arc-sec resolution for 224 countries, and various additional sources

allowing to define the total asset (A;,;) for each country. This value is distributed to each grid cell proportionally to the light

intensity L; times the local population Pp;,®:

The physical asset value is expressed in USD as of 2014. Using this dataset in the future might require correcting (either

2018) — 2014 / 140 countries; the GDP to wealth ratio from Global Wealth Report (Credit Suisse Research Institute, 2017) — 2017 / 84 countries; the gross
domestic product (GDP) per country from World Bank Open Data portal (World Bank, 2019b) — 2014 / 224 countries and Subnational equivalent of GDP
(GRP) from varying sources — 2012-2017 / 504 regions in 14 countries.

8The values of Apiq on a 30 arc-second grid are available at https://www.research-collection.ethz.ch/handle/20.500.11850/331316.
9 Available at: https:/fred.stlouisfed.org.
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Figure 4. Proportion of damage cost (total damage in USD) by disaster subtypes reported in EM-DAT. Using the number of people affected
places tropical cyclones after riverine floods and droughts, and the number of deaths places ground movements in first position (see Table
Al for details).

2.5 Global disaster database (EM-DAT)

The fitting of the damage functions was performed by Eberenz et al. (2020a) on reported damages in the EM-DAT database
(Guha-Sapir et al., 2018)!°. Filtering the database by sub-type ’tropial cyclone’ allows to extract 1855 tropical cyclones in the
period between 1980 and 2021, among which 1101 events have a reported total damage cost in USD. In terms of damage,
tropical cyclones are, using the full set of observations from 1980 to 2021, the most damaging events reported (see Figure
4). This database includes a start date field (day, month and year) allowing us to map 455 events with the events reported in

IBTrACS using start year and month and country!!. We use this database to validate our simplified estimation process.

3 Cyclone generation algorithm

Our model structure follows Bloemendaal et al. (2020) with three main modeling steps: genesis, displacement of the eye and
calibration of the cyclone properties. The STORM model relies on statistical relationships (James and Mason, 2005; DeMaria
and Kaplan, 1994; Kaplan and DeMaria, 1995). This simulation method differs from the purely thermodynamic approach
developed by Kerry Emmanuel (Emanuel, 1999; Emanuel et al., 2008).

10available at : www.emdat.be.
1 Eberenz et al. (2020a) functions are fitted on a similar sample of 376 tropical cyclones used for calibration.
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Figure 5. Number of tropical cyclones with reported damage cost in EM-DAT database. The color scale indicates the average reported

damage cost in USD in each country for each tropical cyclone.

The major change in our specification compared to Bloemendaal et al. (2020) is that we use a the local definition of maximum
available thermodynamic intensity (MPI) based on climate data. In particular, we use relative humidity (RH) and tropopause
temperature (at 50 hPa, T},,p,), for better representation of the physics underlying the intensification process. In this section,
we present process of generating synthetics tracks, characterized by the maximum wind (V;) and central pressure (Ff) at each

time step, given the climate conditions extracted from climate models.
3.1 Cyclone genesis

Although thermodynamic descriptions of cyclone genesis exist in the literature (Gray, 1975; DeMaria et al., 2001), there is
still too much uncertainty about how climate change will affect the frequency of cyclones to justify the integration of multiple
additional variables at this step. For this reason, we choose to rely on a simple statistical model based on past frequencies
for the genesis. The number of synthetic cyclones each year is determined by the Poisson distribution in each basin, with
parameter \p defined as the average number of cyclones per year in the historical data. We use the parameters A\p given in
Bloemendaal et al. (2020) i.e. 14.5 for the East Pacific (EP), 10.8 for the North Atlantic (NA), 2.0 for the North Indian (NI),
12.3 for the South Indian (SI), 9.3 for the South Pacific (SP), and 22.5 for the West Pacific (WP)!2. Similarly, the temporal and
spatial initial positions of synthetic future cyclones (longitude x, latitude y and starting month m) are generated by independent
sampling from the historical distribution of these variables. Figure 6 shows the geographical distribution of cyclones retrieved

from IBTrACS (i.e. Zops, Yobs) and the histograms in Figure 7 show the monthly distribution (1m,s) of cyclones in each basin.
3.2 Cyclone trajectories

A rich literature focuses on cyclone tracking algorithms, see e.g., Neu et al. (2013) for a comprehensive review. Although more
advanced definitions have been proposed (Hall and Jewson, 2007; Fabregat et al., 2016), we choose, in line with Bloemendaal

et al. (2020), to implement a simple auto-regressive model for cyclone coordinates. Following James and Mason (2005), the

12The parameters A g would have been smaller if estimated using our filtered database. However, we maintain these parameters to take into consideration

the fact that some events will be generated in conditions not favorable for the development of cyclones, and be cleared out of the database.
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Figure 7. Relative monthly distribution (%) of cyclones in each basin defined from potentially damaging cyclones filtration in IBTrACS.

Each bar gives the probability for each cyclone to be allocated to a given month.

time evolution of the latitude and longitude of the cyclone center is described by the following stochastic dynamics:

Azy =ag+a1Axi_1 + 7, ef ~N(0,0,), (1)

b
A?Jtzbo-i-b1A:lJt—1-i-y—2—i—Sff, el ~N(0,0y). 2
t

Here x; and y; are the latitude and longitude of the cyclone center sampled with a 3 hour time step; Az, = 2y — x4—1, Ay =
Yt — Ye—1, €f and sfg’ are i.i.d. noises independent from one another, and the constants ag, a1, bo, b1, b2, o, and o, are fitted
on IBTrACS data independently for each basin by least squares regression. Their values are provided in the Appendix. The
nonlinear term in the incremental variation of the latitude is justified by the tendency for cyclones to move away from the

equator, especially at very low latitudes (James and Mason, 2005, p. 183).

10
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Figure 8. Synthetic tracks generated with ERA-5 climate data for the period 1980-2010. Made with Natural Earth.

We found this formulation sufficient for global assessment despite its lack of consideration for dependencies in the latitudinal

and longitudinal variations (James and Mason, 2006)'3. A sample of the resulting tracks is provided in Figure 8.
3.3 Thermodynamic description of cyclone intensity

The intensity of cyclones in our model is defined through the following five steps described in the subsequent paragraphs. The
wind-pressure relationship (WPR) links the central pressure to the maximum 10 minute-sustained wind speed. The maximum
potential intensity (MPI) is determined from local meteorological variables. The maximum pressure drop (MPD) is determined
from historically observed pressures. The depression dynamics (DD) along tracks is defined using an autoregressive stochastic

equation. When the cyclone arrives on land, a statistical decay relationship (SDR) dictates the evolution.
3.3.1 Wind-pressure relationship (WPR)

We describe the cyclone intensity through its central pressure PF, which is linked with the maximum wind through an empirical

relationship. Let V; be the maximum 10-min sustained wind speed (in m.s~1)!* of the cyclone at time . This maximum wind
is observed around 50 km away from the storm center on average'> and reported in IBTrACS dataset for historically observed

cyclones. The wind-pressure relationship (WPR) is calibrated on the whole cyclone database as follows:
W:a(Penv(xtvytat)_PtC)ba (3)

where P.,., (z,y,t) is the mean sea level pressure (MSLP) extracted 500 km away from the eye location at this time in ERA-5
and Pf is the central pressure extracted from IBTrACS. This relationship is illustrated in Figure 9 and the parameters a and b

are fitted on ERA-5 and IBTrACS data using nonlinear least squares.

13To reduce this effect and better encompass the dependency of the cyclone displacement on the location of the eye, and following Bloemendaal et al.

(2020), we fitted these relationships locally using an additional grouping by 5° longitude and latitude sections.
4For the data from the World Meteorological Organisation (WMO) and the agencies reporting 1 or 3-minutes sustained wind speed, we performed the

conversion to 10 minutes sustained wind speed using the coefficients suggested by Knapp et al. (2010). See Figure A1 in the Appendix for more details about

the agencies and reporting bias.
I5Radii of maximum wind are also reported in IBTrACS but this information is not central for national level assessment.

11
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Figure 9. Maximum wind and pressure drop values from IBTrACS together with the fit of Equation (3). The parameters, a ~ 3.8 and b ~ 0.6,

depend slightly on the method for filtering the cyclones.

195 3.3.2 Local thermodynamic maximum potential intensity (MPI)

We compute the local maximum potential intensity (MPI) following Holland (1997) and using thermodynamic relationships.
This is particularly relevant in the context of a national damage assessment under changing climate. Indeed, greenhouse gas
emissions not only warm up the oceans, but also cool down the lower stratosphere (Butchart et al., 2000; Forster et al., 2007,
Ramaswamy et al., 2006). Thus, the tropopause temperature 7},.,,, (that is, temperature corresponding to a pressure of 50
200 hPa or to an altitude of approximately 20 km) ) must be included in the modeling of the intensification process. Indeed, the
thermodynamic efficiency factor &£; proportional to the difference between tropopause and sea surface temperatures plays an
essential role in the determination of the central pressure of tropical cyclone. The relative humidity (RH) is also an influential
parameter allowing for a better description of MPI'®. Adding these two climate variables allows the CATHERINA model to
better take into account the additional energy potential due to the widening of temperature difference between sea surface and

205 upper troposphere and variation in moist entropy.

161n addition this parameter changes with climate change (Sherwood et al., 2010).
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Following the seminal formulation in Emanuel (1988) and integrating additional simplifications proposed in the subsequent

paper (Emanuel, 1991) to simplify the expression, leads to the following framework summarized in Holland (1997).

MPI; = MSLP (x4, y:,t) - exp ™ t, “
& -SST £ ASm _ fw)rd,,
_ t (l‘tuyta ) t 1 (5)
Rd : SST(xtaytat) ’
— SST(xt7ytat) - Ttropo(l‘t,yt7t)

t

&= 6
‘ SST (24, s, 1) ’ (6)
MSLP (2, Y1, t) Ly(gs, — a™)
AS™ — 1 A2 ct t 7
St Rd n < Pt671 SST((Et,yt,t) ’ ( )
et Ptc—l SST(.’IZ‘t,yt,t) —29.65 ’
env __ 308 . R,H((Et,yt,t)
‘ B MSLP(xtayht)
17.67 (SST (2, y¢,t) — 273.15)
9
e exp ( SST (24, ys,1) — 29.65 ©)

where (x¢,y¢,t) are the coordinates of the eye defined in Equations (1) and (2), SST(z,yt,t) and Tyopo(®t, s, t) are re-
spectively the sea-surface and tropopause temperatures, Ry = 287.058 J - kgf1 -K~! is the specific gas constant for dry air,
MSLP (2, y,t) is the mean local sea level pressure, RH(x, y:,t) is the near surface relative humidity at 2 meters extracted
from the monthly dataset of ERA-5 climate reanalysis or CMIP climate models. f(y;) = 2wsin(y;) is a Coriolis parameter
depending on the latitude, r., is the distance between the eye and the area under regular conditions (fixed at 500 km), gepy
and ¢ respectively are the specific humidity at environmental conditions and at saturation, i.e. for RH = 100%, in the eye.
AS™ is the difference of moist entropy between the environment and the storm center and L,, is the latent heat of vaporization.
The distributions of the variables computed from ERA-5 climate variables along IBTrACS involved in this step are shown in
Figure 10. The distance to MPI is computed as the difference between the central pressure and the maximum potential intensity

(MPI) defined in Equation (4).
3.3.3 Maximum pressure drop (MPD)

Several papers, including Bloemendaal et al. (2020), link the sea surface temperature directly to the pressure drop, or equiv-
alently the wind speed, via a statistical relationship (DeMaria and Kaplan, 1994). Merrill (1987) suggests that this predictor
alone does not provide a good indication whether a given storm will intensify. However, in line with Emanuel (1988) and De-
Maria and Kaplan (1994) the sea surface temperature can be used to fix a limit for the pressure drop. More precisely, to prevent
the pressure drop from diverging in the projection, we cap it by the maximum observed pressure drop for the corresponding

sea surface temperature:

Pf = max(P,MSLP(x¢,y:,t) — MPD(SST (2, y:,1))),
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Figure 10. Empirical distribution of physical properties along tracks (IBTrACS and ERA-5)

where the maximum pressure drop function is given by the following equation:
MPD(SST) = A + B ¢ S8T(@eye.t)=To) (10)

with T = 30.0°C. To fit this functional relationship, we first retrieve, for each basin, and for each value of the sea surface
temperature SST, rounded at 0.1, the maximum observed value of pressure drop in the basin. These values are shown as
crosses in Figure 11. The coefficients A, B and C' from relationship (10) are then fitted to these values by nonlinear least
squares. The resulting MPD functions for each basin are shown in Figure 11 as solid lines.

Figure 11 gives a somewhat misleading idea about the strength of correlation between the sea surface temperature and the
central pressure: indeed, fitting the distribution on the full sample (instead of just the maximum pressure drop for each temper-
ature value) shows a much weaker influence of sea surface temperature alone, even on a weekly basis (see Jien et al. (2017)
and Figure A3 in the Appendix). However, this instrumental variable is essential to prevent CATHERINA from producing

unrealistically low central pressure.
3.3.4 Depression dynamics (DD)

The evolution of the central pressure depending on local MPI is described by the following autoregressive stochastic depression

dynamics (James and Mason, 2005):

APf =co+ ¢t APS | + cge™ P —MPL] | P (11)
el ~N(0,0p:), (12)

where the distance to maximum potential, P — MPI;, enters as a non-linear term in the dynamic definition of the central

pressure “providing an increasing tendency for Ap to be positive as the central pressure approaches the mean MPI for the
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Figure 11. Maximum observed pressure drop values for given SST (crosses) and the fit of equation Equation (10) for each basin (solid lines).

The dotted line shows the calibration of Equation (10) simultaneously to all basins (A = 30.6, B = 86.3 and C' = 0.19).

Table 2. James and Mason (2005) depression dynamics (Equation 11) parameters , standard errors and confidence intervals estimated using
nonlinear least squares on the full sample. The MPI is computed based on the climate data extracted along tracks from ERA-5, and the

depression dynamics are derived from IBTrACS

Estimate | Std. Error 2.5% 97.5%
co 17.966 3.1618 | 11.770 | 24.162
c1 -0.516 0.00274 -0.522 -0.510
Cc2 -19.528 3.180 | -25.760 | -13.295
cz | 0.00776 0.00134 0.005 0.010

cyclone’s location ” (James and Mason, 2005, p. 183). The parameters are fitted on historical tracks using ERA-5 reanalysis
with nonlinear least squares (see Table 2). The confidence intervals show non-negligible variations, however, the coefficients
remain statistically significant and of the expected sign. This relationship channels the effect of global warming, affecting the
maximum potential intensity, on the cyclone intensity. In other words, the incremental variation of the central depression of the

cyclone is linked to the difference between the central pressure at time ¢ and the potential available in the environment.
3.3.5 Statistical decay relationship (SDR) over land

We model the evolution of the cyclone after landfall using an exponential decay function considering that “tropical cyclone

intensity decreases as a function of the time and distance the tropical cyclone has covered whilst being over land” (Kaplan and
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Figure 12. Depression and wind evolution over cyclones lifetime (top winds in synthetic tracks). We observe similar dynamics as in Figures
2 and 3.

DeMaria, 1995). Similarly to Bloemendaal et al. (2020), after three steps on land we suppose that the wind at time ¢, follows:
l

D
Vi, =Vo+ (R-Vo—Vp)e ™" — fi(t1) (ln

Do) + fa(tr) (13)

= V<tLaDl;‘/0)-

where D! is the distance to coast computed using natural earth coastlines'”, Vj is the wind at landfall and ¢, the time spent
on land by the eye. This function was fitted on IBTrACS using nonlinear least squares. In our procedure, we use the global'®
parameters: R =0.79,V, =15m.s™', = 0.044 h~ ', and f1(¢t1) = é1tr(to,r —tr), ¢1 = 3.35.10"* ms™'h=2 ¢y, = 172 h,
fa(tr) = ditr(to,r —tr), di = —0.00186 ms~'h~2 and Dy = 1 km. Kaplan and DeMaria (1995) introduced this function to
model the decay of tropical cyclone over land in a simple way and showed that it provides an acceptable approximation for ¢z, >
12h. A more sophisticated description could integrate for instance, cyclone physics, kinetic energy, and non-meteorological
parameters such as ground topology. The SDR puts a strong constraint on the cyclone evolution after three steps. However, in
the context of national damage assessment we reiterate that reported damage costs are the combination of a series of various
impacts including storm surge and not only extreme wind and that the most exposed area is at landfall. We consider therefore

that the hypothesis of a rapid decay is acceptable and in line with observations.

17 Available at https://www.naturalearthdata.com/downloads/10m-physical-vectors/.
18The statistical parameters are stable and fitting this relationships with non-linear least square for each basin gives the parameters in Table A8 on page 43.
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3.4 Cyclone generation algorithm

The full cyclone generation procedure is presented in Algorithm 1. The cyclone wind speed is initiated at 20 m.s~! and the
initial pressure is determined from the WPR (Equation (3)). While the cyclone is over sea, the pressure evolution AP, is
entirely determined from Equation (11) based on the local MPI. To prevent the model from producing unrealistically low
central pressure, we cap the maximum pressure drop (MPD) using Equation (10). With this truncation the lower bound for the
pressure is given by the observed low pressure values in similar sea-surface temperature conditions. While the cyclone is over
sea, the wind is defined with the WPR (Equation (3)). When the cyclone arrives on land the MPI is computed from the last
known climate variables for the first three steps and the pressure still follows the relationship (11). After three steps (9h) on
land, we start applying the decay relationship (Equation (13)) to define the wind. The variations of longitude and latitude are

always defined using Equation (1) and Equation (2). We force cyclones to remain in their genesis basins in this exercise.

4 Damage assessment at the national level
4.1 Damage modeling

The percentage of asset value destroyed by a tropical cyclone depends of multiple parameters. For example, to assess the
vulnerability of specific infrastructures to tropical cyclones, precise descriptions of building vulnerability are provided in the
Federal Emergency Management Agency (FEMA) reports. Unanwa et al. (2000) propose a series of wind damage bands
depending on building types. For commercial and institutional buildings the sensitivity is higher than for residential and mid-
rise buildings. This study reveals that generalized damages occur above 43-60 m.s~!. Sustained wind regime above 73 m.s~!
could lead to the destruction of the entire superstructure of most buildings (expect for mid and low-rise). Damages provoked
by winds between 60 and 81 m.s~! strongly depend on components and connections. These bottom-up approaches allow us to
set the limits of the potential damage functions, but their use requires a complete inventory of assets and up-to-date values of

numerous parameters (age, height, materials, etc.). Therefore, CATHERINA relies on regional damage functions calibrated by

Eberenz et al. (2020a) on wind speed along cyclone track (IBTrACS) and reported damages in Guha-Sapir et al. (2018).

4.2 From an explicit damage function...

Damage functions can take several different forms (Prahl et al., 2015) but the most common choice is a cubic functional of
the wind speed. To estimate the fraction of loss from a storm with sustained wind speed V', Emanuel (2011) introduced the

following formula:

(max(V — vg,0))*

PV = o + (V- 00,0

(14)

where f is the fraction of the property value lost, vg = 25.7 m.s~! and ’u{b a parameter that needs to be calibrated for each

region j.
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Figure 13. Fraction of property value lost as a function of wind speed, obtained using Equation (14) with Ui =50 (red), 74.4 (dark blue)
and 100 m.s~* (light blue)

4.3 ... to aregional damage calibration

Using the reported damage estimates from the International Disaster Database (EM-DAT) crossed with cyclone tracks (IB-
TrACS), and geographical and socio-economic information along these tracks, Liithi (2019) refined the damage function ap-
proach using machine learning techniques introducing region-specific damage functions.

We recall the main steps of the methodology presented in (Liithi, 2019; Eberenz et al., 2020a) to define the regional damage

functions. The authors first defined the event damage ratio (EDR) as a ratio of simulated damage (SED) to normalized reported

damage (NRD) for each cyclone:

. _ SED(,vn(4))

EDR =———"
(-3) = —RD ()

The total damage ratio (TDR) is then defined in each region summing over events:

For each event, there is a value for v;, allowing to optimally calibrate the explicit damage function given in Equation (14). The
relatively wide distribution of vy, for the same country shows that there is a large uncertainty in the relationship between the

wind speed and the corresponding fraction of losses'”

The authors propose two alternative optimization methodologies to find the value of v; maximizing the prediction quality
of the regional damages: root mean square fraction (RMSF), minimizing the spread of the event damage ratios (EDR); and
total damage ratio (TDR), finding the value of v}, such that the ratio of total simulated damage — obtained summing over event
damages — and total reported damage tends to 1. The values of v;, obtained with the two methods are given in Table 3. For most
regions the optimized curves are similar for the two optimization techniques, but the results diverge for the Philippines (WP2)

and to a lesser extend for China Mainland (WP3) events. The case of the Philippines, discussed in Eberenz et al. (2020a),

19In the Appendix, Figure A4 shows the uncertainty in regional damage functions depending on the optimization technique used and Figure A5 allows us

to appreciate, for countries where more than 5 cyclones were reported, the spread of plausible damage functions.
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Table 3. Values of v;, obtained using TDR and RMSF methods for each region from the CLIMADA environment

Region UhTDR  VhRMSF
Caribbean and Mexico (NA1) 58.8 59.6
China Mainland (WP3) 101.5 80.2
USA and Canada (NA2) 80.5 86
North Indian (NI) 63.7 58.7
South East Asia (WP1) 60.7 56.7
North West Pacific (WP4) 169.6 135.6
Philippines (WP2) 167.5 84.7
Oceania (OC) 56.8 49.7
South Indian (ST) 48.5 46.8
Global (GLB) 98.9 73.4

Coefficient from version 1.5 of the CLIMADA environment. Figure A4
also illustrate the shapes of the functions for the different optimization
problems (RMSF vs. TDR) and version (1.0 vs 1.5).

is explained by the large number of parameters involved in the damage estimation, and emphasizes two main limitations of
the model: first, this framework lacks an explicit representation of sub-perils which disrupt and damage several sectors and
services, and second, differences in exposure and vulnerability between urban and rural areas exposed to TCs are likely to

contribute to the large spread in EDR.
4.4 Simplified estimation along tracks

In the context of our national level assessment, we propose a simplified damage module. The simulated damage for a given
cyclone — in both IBTrACS and our synthetic tracks — is computed using the following procedure for each individual cyclone.
First, a uniform grid with step given by the average cyclone radius is defined on the map of affected area. The cyclone track is
linearly interpolated, and the tiles affected by the cyclone (containing a part of the interpolated path) are identified (see Figure
14). Second, for each tile identified in the previous step, we retrieve the maximum wind speed V', and compute the proportion
of wealth lost f(V, vfl) using the relation (14) with the total damage ratio parameter given in Eberenz et al. (2020a). Then, we
compute the total simulated damage by aggregating the physical asset exposure multiplied by the proportion of wealth lost on
each tile over all tiles affected by the cyclone.

As a result of this procedure, we obtain the total simulated damage SED;(j,t) caused by the i-th cyclone in region j,
simulated with climate variables for year ¢.

The damage functions used in the second step are retrieved directly from the CLIMADA environment. These functions were
fitted with the same physical asset value, however, in our case we project these values on a coarser grid (first step), in such
a way that the extraction is simplified for a large number of synthetic tracks. Figure 15 presents the estimated versus actual

damages computed using the TDR damage function. We aggregate asset values on 0.25 x 0.25° grid. The average estimation
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Figure 15. Estimated vs. reported damage. The filled dots represent individual events with reported damage in EM-DAT. The small targets

represent countries average and large targets income groups average. This distribution is obtained using a 0.25 x 0.25 resolution projection.

over realised ratio in each region is acceptable, slightly overestimated for high income non-EOCD countries (in particular for
Taiwan), using the total reported damage from EM-DAT.

Finally, the cyclone damage cost in region j and year ¢ is simulated as follows:
= SED;(j.1), (15)

where the sum is taken over all cyclones occurring in a given year. This procedure can then be repeated many times to obtain

the distribution of annual cyclone damages and compute other statistics such as the mean and quantiles of this distribution.
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5 Application to damage assessment in representative concentration pathways (RCP)
5.1 Climate simulation debiaising for climate change application

The variables from climate model projections used by CATHERINA are subject to multiple biases. To reduce uncertainty
caused by these biases, we use the Cumulative Distribution Function-transform (CDF-t) method developed in (Vrac et al.,
2012; Michelangeli et al., 2009) to correct the distribution of each variable, in each basin.

Consider a generic climate variable (denoted by ) at a fixed location, which is available both from ERAS reanalysis and
from a given CMIP5 model. We are interested in two time periods: the historical period (covered both by the climate model
and the reanalysis) and a future time period (covered only by the climate model). Let Fi2z o5 and F&,p be the distribution
functions of x under reanalysis and under climate model for the historical period, and FéMIPE) be the distribution function of x
under climate model for the future period. The distribution function under the climate model is subject to much stronger biases
than that under the reanalysis. The CDF-t method constructs the distribution function for x with reduced bias for the future

time period, denoted by F, éMIP and given by

~ I
FéMIP(') = F]%RA5(FCMI;(F(J§MIP(')))’

where Féll’vhlp is the inverse function of % p. For a given value Xé a1 p Of the variable y obtained for the future period from

the climate model, the corresponding unbiased value )A(é 1 p may then be computed via

o f _ f,—1 f
Xemre = Féme (Fearp)

,—1 h,—1 ;
= F(ijIP(FgMIP(FERAs(FéMIP(XéMIP))))-

When the future period and the historical period coincide, the method reduces to the standard quantile transform:

. h,—1
X}CL‘MIP = FERAs(FgMIP(X}CL’MIP))' (16)

First, we use the method on the historical period to compare the description of the MPI and wind speed with and without
correction, so equation (16) may be used directly. To extract the CDFs, we generate synthetic tracks from 1980 (beginning
of ERA-5) to 2010%°. For each point in space and time along these synthetic tracks, we extract the values of the four climate
variables from the reanalysis (ERA-5) and from the historical simulations of the 7 climate models. Then, by comparing the
CDF of the climate variables estimated by the models with the reference CDF compute from the reanalysis for each grid point,
we determine the transformation allowing the values estimated by the models to better match those from ERA-5.

Figure 16 shows the distribution of sea surface temperature (SST), surface pressure (MSLP), relative humidity (RH) and
troposphere temperature (1},.0p,) at the same point in time in the historical runs. The sea-level pressure distributions are stable
over basins and models. The tropospheric temperature and near surface relative humidity distributions depend largely on the

basin and display evidence of non-negligible model uncertainty. The sea-surface temperature estimates along the same synthetic

20We launch 10 times over these 30 years to obtain at least 300 representative years.
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Figure 16. Cumulative distribution functions per basin for the variables of interest along synthetic tracks produced with ERA-5 and extracted
(at the same location) from climate data produced by the 7 climate models.

NA: North America, EP: East Pacific, NI: North Indian, SI: South Indian, SP: South Pacific, WP: West Pacific.
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Figure 17. Relative error at the level of maximum potential intensity (MPI) and corresponding maximum wind speed computed with ERA-5
and climate data produced by the 7 climate models for the historical period. The transparent grey bars represent original errors and the color

parts represent the residual relative error after CDF-t correction averaged over 30 years of cyclones.

tracks in the historical period display much larger uncertainty. The North Indian basin presents the widest uncertainty for all
climate variables, which adds further uncertainty concerning the impact of climate change on tropical cyclones in this area®'.
We apply the CDF-t correction technique along our historical synthetic tracks and compute the maximum potential intensity
following section 3.3.3. The pressure follows the dynamic process introduced in section 3.3.4 and the corresponding wind is
derived from the WPR (see section 3.3.1). We define the model error as the relative error (XME—XERA) between the value
produced by the model and the one produced by the reanalysis ERA-5. Figure 18 displays the average relative errors and shows
that a 4% relative error in the description of the maximum potential intensity can lead to a 35% error in the description of the
implied wind compared to the result obtained with ERA-5. On average the CDF-t correction technique clearly reduces the
error between the MPI estimated with climate reanalysis and the one computed from modeled climate data as well as (more
importantly) the error in the description of the maximum wind speed. In relative terms, the average relative error is reduced by

more than 65% for the MPI and 74% for the wind.

2IThese biases and uncertainties may be mitigated in the latest launch of the models at the occasion of the CMIP6 (Gusain et al., 2020).
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Figure 18. Average and standard deviation of max pressure drop and maximum wind speed generated with the CMIP5 models after correction

5.2 Results in CMIPS5 projections

The international climate modeling community introduced shared-socioeconomic pathways (SSP) to translate varying narra-
tives on the development of the society in the long-term. These projections impact the local physical asset value dynamics
(Jones and O’Neill, 2020; Chen et al., 2020), and global macroeconomic variables (O’Neill et al., 2014, 2017). Under the
assumption of constant impact ratio (i.e. the damage functions remain the same), CATHERINA allows us to derive dam-
age projections in varying climate and socio-economic scenarios. Using unbiased climate variable projections from the seven
climate models over the period 2070-2100, we provide an example of application of the CATHERINA framework??.

For example, over 2070-2100, the RCP 2.6 scenario, which is in line with the Paris Agreement and keeps global warming
below 2°C by 2100, involves an increase in annual financial losses of 27% on average compared to the last 40 years. In the case
of RCP 4.5 (between 1.7 and 3.2°C warming by 2100) and RCP 8.5 (between 3.2 and 5.4°C warming by 2100), the average

expected damage increases respectively by 74% and 130%. These results were obtained under the economic assumptions asso-

22Because of the time slicing of the CMIP5 climate data available in the climate data store, we launch the models on 25 consecutive years over this period:
2070-2095 for IPSL, BCC, NCC, CCCMA, 2075-2100 for GISS, 2085-2095 for INM (only a 10 year slice of climate data is available on the CDS for this

model). We repeat this process changing the seed 12 times to obtain 300 representative years in each model (except INM for which we only have 120 years).
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Figure 19. Annualized global damage in shared-socioeconomic pathways (SSP) and representative concentration pathways (RCP) between
2070 an 2100 based on synthetic tracks produced with 7 climate models (with bias correction) over 250 representative years launched
independently. Top range: 95% — 99% (extremely unlikely losses), followed by 95% — 66%, 50% — 66% and 0% — 50%. Historical damages
are computed with 300 representative years of synthetic tracks generated with ERA-5 between 1980-2010. The physical asset value is
corrected by inflation between cyclone year and 2014 (GDP ref. year of Litpop).
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Figure 20. Annualized regional damage in SSP and RCP between 2070 an 2100 based on synthetic tracks produced with 7 climate models

(with bias correction) over 250 representative years launched independently. The scale differs between SSPs.

ciated to the socio-economic pathway SSP2 (i.e. the "Middle of the Road" scenario in O’Neill et al. (2014)’s framework). The
choice of the socio-economic scenario is also determinant for damage estimation. In the case of the SSP5 socio-economic sce-
nario (which assumes sustained exponential economic growth), with constant damage functions, the previous figures become
120%, 203% and 306% respectively. Figure 19 provides the quantile values for the modeled damage obtained using CATHE-
RINA. At a global scale, in the SSP2 and the RCP 4.5 damages above USD 67.7 billion are more likely than not, accounting
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for direct damage only. Figures 20 displays the average annual damage per country, in the different shared-socioeconomic

pathways.

6 Conclusions

This paper proposes a relatively simple structural framework to generate synthetic storms based on large-scale climate data.
We show that when used with reanalysis data and CMIPS5 models, our method produces tracks consistent with historical
observations.

The synthetic tracks generated with our model have several applications. The first one is in natural disaster risk management,
to calibrate adaptation measures. For this purpose, the track generation algorithm may be enhanced, for instance, by including
dependency in the latitudinal and longitudinal incremental displacement, coupling with a meteorological forecasting model,
or including ground topography to model the cyclone displacement over land. Another major field of application is to climate
financial risk management, where this scenario-based events database can be used to evaluate physical risks and compute

portfolio exposures. This would require to better define asset-level vulnerabilities.

Code and data availability. Code is available from the E4C datahub at https://www.e4c.ip-paris.fr/#/fr/datahub/projects, and Zenodo at 10.
5281/zenodo.5645516. The deposit includes R scripts with functions, a fitting script, the parameters of the fitting of all the relationships on
ERA-5, historical and future synthetic tracks, and a sample of simulated annual damage per country and scenario. We included a user guide

for data exploration and a quick start guide.
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Algorithm 1 Cyclone generation algorithm

V—20m.s?!
v\ /b
P.(s=0)«— MSLP— | —
a
if MSLP — P. >0 &V > vy, & 51 < 4 then
while the pressure is bellow normal, wind is above threshold and we are not on land, do:

z(s) — x(s—1)+Ax(s)

where Az(s) o< Equation (1)
y(s) — yls—1)+Ay(s)
where Ay, < Equation (2)

MPI(s) «— fumpi(y(s), Pe(s—1),SST(s),
Tiropo(s), MSLP(s),RH(s))
furp1 o Equation (4)
P.(s) < max(P.(s)+ AP.(s),MSLP(s) — MPD(s))
MPD  Equation (10) &
AP, (s) o Equation (11)
V(s) «— a(MSLP— P.(s))’

if on land = TRUE then
s;p—s;+1
end if
else
if s; > 4 then
Same functional for = and y but, compute distance to land D(s) from natural earth coastlines and do

V(S) — V4 (R Vo — V}))eiasl

- i) () + £a)
V(s) o< Equation (13)

sp—s1+1
end if
end if

Note: This algorithm assumes step-wise extraction of climate data in the Monte-Carlo process. Another way, closer to the framework
suggested in Bloemendaal et al. (2020) would be to (i) compute the tracks without properties, (ii) retrieve all climate variables, (iii)

determine the properties using the extracted climate conditions in the last step.
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Figure A1l. Information in IBTrACS.The cyclones are split by nature (DS: Disturbance; TS: Tropical; TE: Extratropical; ST: Subtropical; NR:
Not reported; MX: Mixture or contradicting nature reports from different agencies). We remove Extratropical cyclones (75) and Disturbance
(205). The cyclones are reported in the following basins: East Pacific (EP); North America (NA); North India (NI); South America (SA);
South India (SI); South Pacific (SP); Western Pacific (WP). One can also explore sub-basin decomposition Eberenz et al. (2020a) (MM :
missing - no sub basin for this basin (no sub-basins provided for WP, SI); CS : Caribbean Sea; GM : Gulf of Mexico; CP : Central Pacific;
BB : Bay of Bengal; AS : Arabian Sea; WA : Western Australia; EA : Eastern Australia) but we chose to use basins. The different agencies
worldwide report central pressure and maximum wind speed but use sometimes different standards. In particular, the reporting can vary in
terms of sustained wind speed. According to the dataset documentation the North Atlantic - U.S. Miami (NOAA NHC) bureau (hurdat/atcf)
gives the 1-minute winds speed while Tokyo i.e. RSMC Tokyo (JMA) provides dirrectly the 10-minute sustained wind speed (Similarly,
newdelhi corresponding to RSMC New Delhi (IMD) gives the 3-minute wind speed; reunion - RSMC La Reunion (MFLR), the Australian
TCWCs (TCWC Perth, Darwin, Brisbane) (BOM), the RSMC Nadi (FMS); TCWC Wellington (NZMS) provide the 10 minute sustained
wind speed and (CMA) 2-minute sustained wind). The lack of reporting standards between agencies is a source of uncertainty in the input

data.
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Figure A6. Evidence of models uncertainty. A comparison of the properties obtained generating 30 years of tropical cyclones with different
models from the CMIP5 raw climate data versus ERA-5. The average number of cyclone making landfall is computed averaging the number
of event with a number of steps on land positive (s; > 0). Maximum pressure drop and wind are respectively computed extracting the
maximum value for the corresponding variables of the cyclone tracks.The light blue bars represent the mean of the variable of interest among
IBTrACS filtered dataset (with the confidence interval drawn from the standard deviation of the distribution). The yellow bars represent the
same variable extracted from the synthetic data generated by the algorithm 1 using ERA-5 data. In terms of average values the models produce
consistent tracks on every basins. Then, we compare the output of this algorithm with different climate data produced on the historical by the

climate models taking part of the 5"

phase of the CMIP. A general observation is the poorer performance of the model in the North Indian
basin. This could be due to the smaller number of intense cyclones remaining in the sample after the filtration by intensity (1.6 storms per

year with wind exceeding 35 m.s_l).
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Figure A7. Bias correction (300 years with ERA-5). On the top grid, we compare Depression (hPa), landfall count and winds, on the full
sample. We can see that the correction effectively centers the distribution of ERA-5 properties. The grid bellow focuses on a grouping on
maximum wind and depressions. We note that the correction also allows us to reduce the dispersion between models, however, it tends to

shift up extreme values.
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Table A1. EM-DAT reporting proportions™

Total Damages (US$)  Total Deaths  Insured (US$)  Total Affected Recnst. Costs™* (US$)
Ash fall 0,12% 1,09% 0,00% 0,09% 0,00%
Avalanche 0,02% 0,20% 0,02% 0,00% 0,00%
Coastal flood 0,30% 0,14% 0,14% 0,32% 0,00%
Cold wave 0,37% 0,70% 0,51% 0,25% 0,00%
Convective storm 9,86% 0,68% 21,78% 4,51% 0,00%
Drought 5,29% 24,75% 2,58% 36,35% 0,00%
Extra-tropical storm 1,60% 0,02% 3,09% 0,06% 3,31%
Flash flood 2,07% 2,58% 1,18% 3,03% 0,00%
Forest fire 2,45% 0,08% 3,86% 0,09% 0,76%
Ground movement 16,75% 26,78% 6,59% 2,61% 87,07%
Heat wave 0,68% 7,09% 0,03% 0,08% 0,00%
Land fire*** 0,80% 0,03% 1,76% 0,02% 0,00%
Landslide 0,14% 1,04% 0,01% 0,15% 0,00%
Lava flow 0,02% 0,00% 0,00% 0,01% 0,00%
Mudslide 0,10% 0,21% 0,00% 0,02% 0,00%
Pyroclastic flow 0,01% 0,02% 0,00% 0,03% 0,00%
Riverine flood 16,61% 5,20% 6,59% 38,68% 4,46%
Rockfall 0,00% 0,02% 0,00% 0,00% 0,00%
Severe winter cond. 0,74% 0,16% 0,20% 1,27% 0,00%
Subsidence 0,00% 0,01% 0,00% 0,00% 0,00%
Tropical cyclone 34,26 % 18,33% 45,64 % 12,34% 2,23%
Tsunami 7.81% 10,87% 6,01% 0,11% 2,16%
Notes:

* Proportion exclude damages which sub types are not reported.
** Reconstruction costs are not well reported over disaster subtypes.

*** Brush, Bush, Pasture

Among disasters subtypes, tropical cyclones present an higher quality in reporting and represent a large share of total damages.
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Table A2. Latitude displacement fitting parameters (Equation (2))

BASIN term estimate std.error statistic p-value

EP bo 0,018279  0,000578 31,61335 1,8E-217

EP b1 0,921913  0,001299  709,8495 0

EP ba -0,11173  0,007173  -15,5768  1,36E-54

NA bo 0,039692  0,000893  44,46119 0

NA b1 0,925234  0,000875 1057,432 0

NA b2 -0,54769  0,017301  -31,6563 5,4E-219

NI bo 0,025484  0,000829  30,73553  1,4E-205

NI b1 0,884275 0,001987  445,0171 0

NI bo -0,13652  0,010223  -13,3543  1,31E-40

SI bo -0,03668  0,000614  -59,7483 0

SI b1 0,904971  0,000964  938,7951 0

SI ba -0,32366  0,007824 -41,365 0

SP bo -0,06065  0,001493  -40,6141 0

SP b1 0,890401 0,0016  556,4426 0

SP ba -0,69044  0,02201  -31,3691 2,3E-214

WP bo 0,035608  0,000517  68,81579 0

WP b1 0,915577  0,000777 1178,712 0

WP bo -0,27391  0,006231  -43,9559 0

Table A3. Latitude displacement model performance

BASIN  rsquared adjr.squared sigma logLik AIC BIC
EP 0,90043 0,900426  0,063665 76272,6  -152537  -152501
NA 0,917525 0917524  0,09362 109496,4  -218985  -218946
NI 0,797487 0,797479  0,076285 59200,61  -118393  -118358
SI 0,866233 0,866231 0,07854 171310,6  -342613  -342573
SP 0,850892 0,850887  0,114029 47915,78 -95823,6 -95787,3
WP 0,872193 0,872192  0,107743 181021  -362034  -361993
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Table A4. Longitude displacement fitting parameters (Equation (1))

BASIN term estimate std.error  statistic p.value

EP ao -0,00295  0,000537  -5,48697 4,11E-08

EP a1 0,982384  0,001048  937,3607 0

NA ao 0,015086  0,000383  39,38647 0

NA a1 1,003153  0,000581 1725,713 0

NI ao -0,00661  0,000535  -12,3501  5,46E-35

NI a1 0,954483  0,001515 629,965 0

SI ao 0,002781  0,000277 10,0473 9,6E-24

SI ai 0,972885  0,000771  1262,482 0

Sp ao 0,010037  0,000637 15,76755 6,64E-56

Sp a1 0,964292  0,001336  722,0428 0

WP ao 0,009184  0,000327 28,10043  1,9E-173

WP a1 0,988436  0,000547 1805,75 0

Table AS. Longitude displacement model performance

BASIN rsquared adj.r.squared sigma logLik AIC BIC
EP 0,938957 0,938956  0,099135 50974,43  -101943  -101916
NA 0,962725 0,962724  0,130055 71591,53  -143177  -143148
NI 0,885566 0,885564  0,102887 43858,24 -87710,5 -87683,9
SI 0,912809 0,912808 0,104326 128085,6  -256165  -256135
SP 0,891146 0,891144  0,154137 28721,5 -57437  -57409,8
WP 0,93579 0,93579  0,151794 104328,6  -208651  -208620

41



https://doi.org/10.5194/gmd-2021-384
Preprint. Discussion started: 2 December 2021
(© Author(s) 2021. CC BY 4.0 License.

Table A6. SST max pressure drop (MPD) fitted per basin

Basin term  estimate std.error statistic p-value

EP A -105,864403  59,0082553  -1,79406089  0,07557578
EP B 216,33658  56,8372515  3,80624633  0,00023344
EP C 0,05628076  0,02115271  2,66068791  0,00897579
NA A 28,7995804  3,35824242  8,57578959  3,3364E-15
NA B 84,695705 3,1701454  26,7166626  1,9979E-66
NA C 0,13622543  0,01609221 8,46530416  6,6597E-15
NI A 236,806446  416,635007  0,56837866  0,57312163
NI B -146,277206  412,517817  -0,35459609  0,72485258
NI C -0,07639704  0,18282089 -0,41787918  0,67838743
SI A -62,2851897 33,105493  -1,88141556  0,06210122
SI B 182,175869  31,0263184  5,87165601  3,2659E-08
SI C 0,06336423  0,01752514  3,61561831  0,00042407
SP A 35,7695739  1,57571107  22,7005919  1,3966E-61
Sp B 86,6674565 3,31645684  26,1325447  5,1892E-72
Sp C 0,1891261 0,01602943  11,7986812  1,2761E-25
WP A 24,5280132  1,84123458  13,3215037  6,0587E-29
WP B 108,574571  2,13073179  50,9564702  5,533E-112
WP C 0,16268092 0,0093875  17,3295268  7,9738E-41

Table A7. James and Mason (2005) depression dynamic parameters estimates using non-linear least square on the full sample

Estimate | Std. Error tvalue | Pr(> |t])
co | -33.691390 | 15.541681 -2.168 0.0302 *
c1 -0.512631 0.002736 | -187.340 <2e-16  ***
c2 2.945711 4.712377 0.625 0.5319
c3 -0.002297 0.001072 -2.142 0.0322 *

Signif. codes: 0 “*## 0.001 “*** 0.01 “** 0.05 *” 0.1 *” 1

distance to MPD is computed based on the climate data extracted along track in

ERA-5, and the depression dynamics are derived from IBTrACS
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Table A8. Parameter fitted per basin of the Kaplan and DeMaria (1995) simple decay function

Group Term Estimate std.error  Statistic p-value

EP o 0,051575 0,005396  9,558603  9,92E-21
EP R 0,737096  0,022258 33,11628 2,3E-160
EP W 12,05551 0,866538 1391227  3,58E-40
EP dy -0,01645 0,003426  -4,80294  1,82E-06
EP C1 0,002492  0,000489  5,095317  4,2E-07
EP to,r. 65,53595  7,833239  8,366392 2,11E-16
NA a 0,032612  0,000923  35,33544  6,7E-260
NA R 0,728091  0,005702  127,6861 0
NA | 15,79335 0,615452 25,6614 2,6E-141
NA dy -0,00337  0,000134  -25,0693 4E-135
NA C1 0,000647  2,33E-05 27,76838 2,2E-164
NA to,L 167,0024  3,309993 50,454 0
NI o 0,046658  0,000803  58,09956 0
NI R 0,898662  0,00395 227,5273 0
NI W 15,97531 0,16293  98,05023 0
NI dy -0,00017  2,54E-05 -6,632  34E-11
NI c1 4,93E-05 3,61E-06 13,65886 2,85E-42
NI to,r 216,7443  6,990241 31,0067 7E-206
SI a 0,034892  0,001216  28,68297 2,2E-171
SI R 0,77276  0,008626  89,58485 0
SI W 15,2878  0,343397  44,51936 0
SI dy -0,00122  8,86E-05 -13,7116 2,94E-42
SI C1 0,000212  1,52E-05 13,93422 1,45E-43
SI to,L 190,6242  6,176902  30,86081 1,8E-196
SP o 0,042668  0,002506 17,0265 1,37E-61
SP R 0,878713  0,015066  58,32569 0
SP W 14,56667 0,401468  36,28355 7TE-232
SP dy -0,0013 0,00015  -8,65747 8,5E-18
SP c1 0,000237  2,67E-05 8,862234  1,46E-18
SP to,L 184,8033  9,862341 18,73828 2,08E-73
WP a 0,048641 0,001269  38,32268 4E-301
WP R 0,803915  0,006452 124,603 0
WP W 11,4317 0,358271 31,90795 1,9E-213
WP di -0,00852  0,000331 -25,746  7,4E-142
WP C1 0,001635 59E-05 27,71353  2,/7E-163
WP to,L 92,98964 1,767613  52,60746 0
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