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This technical description serves also as a documentation for the gridded data that can be 
downloaded in netCDF format from the INTEXseas explorer webpage intexseas-
explorer.ethz.ch. In addition to the selected extreme season objects that are provided for 
download, some raw data is also available for downloading. These raw data include the 
original seasonal means as well as intermediate data that should allow to reproduce our 
procedure, explained in Sections 1-3. A list of all variables in the netCDF files is then given in 
Section 4. 

1. Seasonal averaging

As a first step, seasonal means of 2m-temperature (T2m), 10m wind gusts (G10m), and total 
precipitation (P) are calculated from hourly ERA5 data on a 0.5° latitude by 0.5° longitude 
grid. We consider the following four seasons: MAM (March, April, May), JJA (June, July, 
August), SON (September, October, November) and DJF (December, January, February). For 
T2m and G10m seasonal anomalies are computed with respect to the 1950-2020 
climatology of the respective season at every grid point. For DJF, the 71 years extend from 
December 1950 to February 2021, and, e.g., DJF 2020 refers to the winter from December 
2020 to February 2021. In our study, we pragmatically assume that the quality of ERA5 is 
consistent throughout the data set. However, we are aware that prior to 1979, the quality of 
ERA5 is affected by the reduced number of observation (Bell et al. 2021). In their analysis of 
the preliminary back extension of ERA5 to 1950, Bell et al. (2021) concluded that the 
variability of precipitation from month to month agrees well with observations for all 
continents, but that there are differences in the accuracy of representing surface 
temperature in specific regions, Europe being well represented in the early period but, e.g., 
Australia less so. At the time of submission of this paper, our analyses are also based on the 



preliminary version of the back extension, but it will be updated once the final version of the 
back extension becomes available. 

2. Detrending of 2m-temperature
For T2m we remove a spatially varying forced trend estimate based on historical and SSP370 
scenario runs of CMIP6 climate models prior to computing anomalies. Specifically, we use 37 
models (Table ES1) of the CMIP6 next generation data set described in Brunner at al. (2020), 
which comprises all single and multi-member models that are currently part of the data set 
apart from the model MCM-UA-1-0, which we discarded for technical reasons. The time 
series of the historical CMIP6 run is extended after 2014 by the SSP370 scenario runs. 

First, we interpolate the CMIP6 ensemble means from all models to the 0.5° latitude by 0.5° 
longitude grid of ERA5. Second, we compute at each grid point 𝑖 and for each year 𝑦 the 
multi-model ensemble mean T2m (𝑇2𝑚!,#), whereby the models are weighted by the 
number of available members of the respective model, i.e., 

	𝑇2𝑚!,# =
1
𝑁 **𝑇2𝑚!,#

$,%
%!

%&'

()

$&'

where 𝑀 is a specific model, 𝑛$ is the number of available ensemble members of model 𝑀 
(𝑛$varies between 1 and 53, see 2nd column in Table ES1), 𝑁 = ∑$()&' 𝑛$ is the total number 
of ensemble members in all models, and 𝑇2𝑚!,#

$,% is the seasonal mean T2m at grid point 𝑖, 
in year 𝑦, in member 𝑛 and in model 𝑀. 

Third, we compute the (non-linear) raw forced trend estimate (𝑅!,#*+,	) as the difference 
between 	𝑇2𝑚!,# and the multi-model ensemble mean climatology for the 1950–2020 
period (hereafter 𝑇2𝑚!,./!0) 

𝑅!,#*+,	 =		𝑇2𝑚!,# − 𝑇2𝑚!,./!0. 

Finally, we apply a 5-year running average to 𝑅!,#*+,	 to obtain a smooth forced trend 
estimate 𝑅!,#102234	, i.e., climate model data for the years 1948–2022 is processed in order to 
obtain 𝑅!,#102234	at each grid point 𝑖 for the 1950–2020 period. The forced trend estimate 
𝑅!,#102234	 is then subtracted from the ERA5 seasonal T2m means prior to computing 
anomalies analogously to G10m. Hereafter we simply refer to the detrended seasonal T2m 
means as T. 



Model name Number of members 
ACCESS-CM2 3 
ACCESS-ESM1-5 10 
AWI-CM-1-1-MR 5 
BCC-CSM2-MR 1 
CAMS-CSM1-0 2 
CanESM5-CanOE 3 
CanESM5 53 
CAS-ESM2-0 2 
CESM2 9 
CESM2-WACCM 1 
CMCC-CM2-SR5 1 
CMCC-ESM2 1 
CNRM-CM6-1 6 
CNRM-CM6-1-HR 1 
CNRM-ESM2-1 5 
EC-Earth3-AerChem 1 
EC-Earth3-Veg 12 
EC-Earth3-Veg 4 
FGOALS-f3-L 1 
FGOALS-g3 5 
GFDL-ESM4 1 
GISS-E2-1-G 10 
IITM-ESM 1 
INM-CM4-8 1 
INM-CM5-0 5 
IPSL-CM5A2-INCA 1 
IPSL-CM6A-LR 11 
KACE-1-0-G 3 
MIROC6 3 
MIROC-ES2L 10 
MPI-ESM1-2-HR 10 
MPI-ESM1-2-LR 10 
MRI-ESM2-0 5 
NorESM2-LM 1 
NorESM2-MM 1 
TaiESM1 1 
UKESM1-0-LL 13 

Table ES1: List of CMIP6 models and their number of members used for the detrending. 



3. Statistical modelling
To assess the local return period (LRP) of each seasonal mean value we estimate the 
respective distribution over the 71 seasonal mean values (years 1950-2020; DJF until 
02/2021) for the respective season, variable, and type of extreme (upper or lower tail) at 
every ERA5 grid point based on statistical modelling. The methods for the three variables 
are described below. 

3.1. 2m-temperature 
For T we use exactly the same statistical model as in Röthlisberger et al. (2021), i.e., we 
combine parametrized data transformation with a normal distribution to account for 
different levels of skewness in T across the globe. Specifically, we assume the T values to 
follow a Yeo-Johnson transformed normal distribution (hereafter NYJ). The NYJ is a three-
parameter distribution with parameters 𝜇, 𝜎5 and 𝜆, whereby 𝜆 is the transformation 
exponent of the Yeo-Johnson power transform, and 𝜇 and 𝜎5 are the mean and variance of 
the power-transformed data, respectively. The distribution parameters are estimated by 
maximum likelihood estimation with procedures implemented in Python’s Scipy package 
(Oliphant 2007). The goodness-of-fit is assessed as in Röthlisberger et al. (2021), by applying 
the Shapiro-Wilk test (Shapiro and Wilk 1965) to identify departures from normality of the 
transformed data (Fig. ES2). As for the 40-year data set analysed in Röthlisberger et al. 
(2021), also for the 71-year ERA5 data set, contiguous areas of comparatively poor NYJ fits 
are small and scattered, suggesting that almost everywhere and in all four seasons the 
distribution of T in ERA5 is not in conflict with the assumption of the NYJ distribution. 

The estimated LRP value for each T value is then inferred from the cumulative distribution 
function of the fitted NYJ using Eqs. (3) and (4) in Röthlisberger et al. (2021) for extremes in 
the upper and lower tail of the distribution, respectively. An example histogram of T 
anomalies together with the NYJ-fits are presented in Fig. ES1. 



Fig. ES1: Histogram of the T (detrended 
seasonal mean T2m) anomalies and the 
NYJ fit (red line) for DJF at the exemplary 
grid point 30.5°E, 50.5°N (indicated by 
the blue cross in Fig. ES2). 

Fig. ES2: Goodness-of-fit assessment of the NYJ for T globally. The four panels show p-values 
of the Shapiro-Wilk test for normality (gray shading) applied to the transformed T anomalies 
for the four seasons, respectively. The blue cross marks the grid point of the exemplary 
distribution shown in Fig. ES1. 

3.2 10m-wind gusts 
The distribution of wind speed on time scales of minutes to days is often described using a 
Weibull distribution (e.g., Dobrinski et al. 2015), while seasonal wind speed averages have 
been modelled with a Gaussian distribution (Marcos et al. 2019). Here we apply the NYJ to 
G10m as previously for T, in order to account for some skewness in seasonal wind speeds 
that exists at the grid point level (not shown). The fit for G10m at the same exemplary grid 



point as for Fig. ES1 is shown in Fig. ES3. As for T, there is no apparent conflict between the 
grid point wise seasonal mean G10m distributions and the NYJ (Fig. ES4). 

Fig. ES3: Same as Fig. ES1, here for the 
seasonal mean G10m anomalies. 

Fig. ES4: Same as Fig. ES2, here for G10m. 

3.3 Precipitation 
Multiple possibilities for modelling averaged P can be found in the existing literature. 
Among them are studies that focus solely on the choice of the best statistical model (e.g., 
Legates 1991; Juras 1994). The most commonly used probability distribution for 
representing observed P distributions, however, is the two-parameter gamma distribution 
(e.g., Markovic 1965; Martinez-Villalobos and Neelin 2019), which we adopt for our project. 



Specifically, we exactly follow the approach of Husak et al. (2007) who used the two-
parameter gamma distribution (with shape and scale parameters  𝛼 and 𝛽, respectively) to 
model monthly accumulated P in Africa (see their Eqn. 2 for the exact parametrization of the 
distribution). Again, we use Python’s Scipy package to estimate the distribution parameters 
by means of the maximum likelihood method (Oliphant 2007).  An example of the empirical 
values and the fitting curve is shown in Fig. ES5. The goodness-of-fit is evaluated using the 
Kolmogorov-Smirnov test (Crutscher 1975). Areas with low p-values are mainly found over 
the tropical Pacific in all seasons and in tropical Africa in JJA (Fig. ES6). There, our results 
should be judged more cautiously. 

Furthermore, note that, as in Husak et al. (2007), we discard grid points from further 
analyses where seasons with zero accumulated P occur (see also Wilks 1995). This affects 
mainly arid regions in Africa, but also smaller areas in Australia, South America and south 
Asia depending on the season (hatching in Fig. ES6). 

Fig. ES5: Histogram of the seasonal mean 
P values and the gamma fit (red line) for 
DJF at the exemplary grid point 30.5°E, 
50.5°N (indicated by the blue cross in 
Fig. ES6). 



Fig. ES6: Goodness-of-fit assessment of the gamma distribution for seasonal mean P 
globally. The four panels show low p-values of the Kolmogorov-Smirnov test (gray shading) 
for the four seasons, respectively. The blue cross marks the grid point of the exemplary 
distribution shown in Fig. ES5. Hatching indicates regions where seasons with zero 
accumulated P occurred. 

4. Variables on the netCDF files for download

Name of netCDF 
variable 

math symbol 
in equation 

description dimension* 

Included in all 
files 
Label** label of the extreme 

season objects 
time, lat, lon 

label_land** label of the land area of 
extreme season objects 

time, lat, lon 

prob probability time, lat, lon 
Temperature 
T2Mano detrended seasonal T2m 

anomaly [K] 
time, lat, lon 

trend 𝑅!,#102234	 forced trend estimate 
from CMIP6 

time, lat, lon 



Table ES2: List of variables on the netCDF files  provided for download from the webpage 
intexseas-explorer.ethz.ch.  

*The dimensions of variables in the fourth column denote longitude=721 and latitude=361 
grid points in regular longitude-latitude grid spacing and time=71 years.

**The 3-dimensional variables label and label_land assume values of label(time,lat,lon)=0 if 
no and label(time,lat,lon)=X  if at the grid point  an extreme season object with index X is 
identified. Indices X start with 1 for the first extreme season object in 1950 (1951 for DJF) 
and increase monotonically until Xmax in 2020 (2021 for DJF) for a particular  extreme 
season type. 

lambda 𝜆 transformation exponent 
of the Yeo-Johnson power 
transform 

lat, lon 

mean 𝜇 mean of the power-
transformed data 

lat, lon 

sigma 𝜎5 variance of the power-
transformed data 

lat, lon 

p_value p-values of the Shapiro-
Wilk test for normality

lat, lon 

Wind 
G10ano seasonal mean G10m 

anomaly [m s-1] 
time, lat, lon 

lambda 𝜆 transformation exponent 
of the Yeo-Johnson power 
transform 

lat, lon 

mean 𝜇 mean of the power-
transformed data 

lat, lon 

sigma 𝜎5 variance of the power-
transformed data 

lat, lon 

p_value p-values of the Shapiro-
Wilk test for normality

lat, lon 

Precipitation 
P seasonal P sum [m] time, lat, lon 
alpha 𝛼 shape parameter of the 

gamma distribution 
lat, lon 

beta 𝛽 scale parameter of the 
gamma distribution 

lat, lon 

p_value p-values of the
Kolmogorov-Smirnov test

lat, lon 
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