
1 of 19International Journal of Climatology, 2026; 0:e70304
https://doi.org/10.1002/joc.70304

International Journal of Climatology

RESEARCH ARTICLE OPEN ACCESS

User-Relevant Climate Indices and Associated 
Uncertainties From Transient Convection-Permitting 
Climate Model Projections
Joaquim G. Pinto1   |  Marie Hundhausen1   |  Annabell Weber1,2  |  Regina Kohlhepp1,3  |  Christine Mihalyfi-Dean1,4  |  
Janus W. Schipper1,4   |  Hendrik Feldmann1

1Institute of Meteorology and Climate Research – Troposphere Research (IMKTRO), Karlsruhe Institute of Technology (KIT), Karlsruhe, 
Germany  |  2Deutsches Zentrum für Luft- Und Raumfahrt (DLR), Institut für Physik der Atmosphäre, Oberpfaffenhofen, Germany  |  3Landesanstalt 
für Umwelt Baden-Württemberg (LUBW), Karlsruhe, Germany  |  4South German Climate Office, Karlsruhe Institute of Technology (KIT), 
Karlsruhe, Germany

Correspondence: Joaquim G. Pinto (joaquim.pinto@kit.edu)

Received: 6 June 2025  |  Revised: 16 December 2025  |  Accepted: 5 February 2026

Keywords: climate adaptation | climate indices | convection-permitting | COSMO-CLM | extremes | multi-model ensemble | regional climate modelling

ABSTRACT
Ongoing climate change is leading to considerable alterations of the mean climate, the day-to-day weather and their variability. 
This poses substantial challenges for stakeholders and increases the urgency to develop adequate adaptation and mitigation strat-
egies. In order to represent the local changes in climate across different regions as accurately as possible, and provide useful and 
usable information for stakeholders, we use an ensemble of convection-permitting climate simulations to quantify the projected 
changes for user-relevant climate indices for Southern and Central Germany. A wide range of temperature, precipitation, and 
user-oriented climate indices relevant to various stakeholder applications to address their information requirements are consid-
ered. After bias adjustment, the indices are in very good agreement with results using the HYRAS dataset, though small short-
comings remain. Regarding the climate change signal, several different patterns can be identified. For high temperature indices, 
a significant increase is observed, particularly for very hot days and tropical nights. On the other hand, the number of frost and 
ice days significantly decreases with global warming. Other indices like hiking days and summer dry days show comparatively 
small changes. While relative changes are largest for high altitude areas for high temperature indices, their absolute changes 
are largest for low areas like the Rhine Valley. For high temperature indices, an increase both in mean values and variability is 
found with global warming. The opposite is true for snow days, ice days and winter service days. We conclude that convection-
permitting simulations can be key to provide usable user-relevant climate indices for recent climate conditions and projections 
for future decades, both considering high spatial resolution and uncertainty estimations. Such a database can thus be extremely 
useful for the development and implementation of informed adaptation measures to climate change, as discussed in detail for 
specific examples in Germany.

1   |   Introduction

The recent decades have been characterised by a wide range of 
weather and climate extremes, including heat waves, droughts, 
extreme floods, and storms (e.g., Schär and Jendritzky 2004; 

Barriopedro et al. 2011; Mohr et al. 2023). Climate models are 
a very helpful tool to provide information for past, present, 
and future climate conditions, and provide realisations of 
the future development of our weather and climate (Randall 
et al. 2019; Bordoni et al. 2025). While global climate models 
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(GCMs) typically lack the required spatial and time scales to 
analyse regional extremes, downscaling with regional climate 
models (RCMs) provides a clear added value towards that aim 
(e.g., Jacob et  al.  2014). Over the last decade, a new genera-
tion of high-resolution models with a grid spacing under 4 km 
has been developed (e.g., Prein et al. 2015). These convection-
permitting models (CPMs) provide multiple advantages, e.g., 
in the representation of convective precipitation and extremes 
in spatial heterogeneous regions like urban or mountainous 
environments (Prein et  al.  2015; Tölle et  al.  2018; Lucas-
Picher et  al.  2021). Ensemble simulations are required to 
quantify the uncertainties of the climate projections. With 
this aim, the first CPM ensembles were developed, like for the 
CORDEX Flagship Pilot Study on Convection for the Alpine 
area for 10-year time slices (FPSConv; Pichelli et  al.  2021; 
Ban et al. 2021). Recently, first transient CPM ensemble pro-
jections were presented (Kendon et  al.  2023; Hundhausen 
et  al.  2023). Such CPM ensemble simulations provide the 
necessary data to analyse climate variability and trends for 
different global warming levels (GWLs), as used in the most 
recent IPCC Assessment Report (IPCC 2023; Lee et al. 2015). 
The GWL concept facilitates the discussion of uncertainties in 
climate projections, as it allows comparison of climate change 
signals for GCMs with different climate sensitivity and differ-
ent emission scenarios. Combined with the application of bias 
adjustment to account for the systematic error in the model 
output (e.g., Maraun 2016), they provide an important step to-
wards the usability of climate model data.

Traditionally, climate scientists have focussed their assess-
ment of climate change predictions and projections primarily 
on basic variables like precipitation, wind, temperature, and 
sometimes on their extremes (IPCC  2007). While very valu-
able for the evaluation of climate models and estimation of 
the projected mean changes, this has limited value for non-
scientific circles, including stakeholders like governments, 
the economy, city councils, private companies, and the gen-
eral public (e.g., Lemos et al. 2012; Hackenbruch et al. 2017). 
Recently, several studies targeted the development and ap-
plication of user-oriented climate indices towards potential 
applications as climate services. One important conclusion 
is that the users' needs are quite specific regarding different 
societal sectors and interests, and thus the co-development of 
individual, specifically tailored user-oriented variables is im-
portant to warrant their applicability in practical terms (e.g., 
Buontempo et al. 2018; Schipper et al. 2019). Such climate in-
dices are co-designed with end-users to translate and aggre-
gate the information contained in the climate model data to 
assure their applicability in practice. Experience has shown 
that continuous interaction with the end-users is essential for 
the development of new climate indices and prototype climate 
services (Buontempo et  al.  2020). The applications include 
predictions on seasonal (Buontempo et al. 2020) and decadal 
(Moemken et al. 2021) time scales, as well as climate projec-
tions (e.g., Hackenbruch et al. 2016; Hundhausen et al. 2023).

The relevance of climate change is now generally rec-
ognised by government agencies and the private sector, par-
ticularly in Europe (Biesbroek et  al.  2010; Lee et  al.  2015). 
According to a survey of 1062 municipalities across Germany 
in 2023, about 12% of the municipalities have a climate 

adaptation plan in place, about 23% are currently developing 
one, and 31% address the issue through other policy strat-
egies (Umweltbundesamt  2024). But even if the relevant 
information is available, adaptation to climate change re-
mains a complex and challenging task, especially for public 
authorities due to economic, political, and structural hurdles 
(Corfee-Morlot et  al.  2011; Measham et  al.  2011; Lehmann 
et  al.  2015; Fünfgeld et  al.  2023). According to a survey for 
local administrations in Baden-Württemberg (Hackenbruch 
et  al.  2017), the most frequently mentioned barriers are the 
topic novelty and lack of personnel resources, finances, and 
time, which are closely associated with information deficits 
(Lehmann et al. 2015). Moreover, concepts like climate vari-
ability, change and impacts are often difficult to translate for 
decision makers (Hackenbruch et al. 2017), or not affordable 
for individual smaller municipalities (Fünfgeld et al. 2023).

Other than more general user-relevant climate indices related 
to temperature and precipitation (extremes), user-oriented cli-
mate indices can quantify the specific impacts of climate change 
(Alexander et al. 2006; Zubler et al. 2014; Schipper et al. 2016; 
Hasel et al. 2023) and thus play a key role in reducing the chal-
lenges of adaptation to climate change at regional and local 
level, as they are explicitly based on the requirements of local 
decision makers and provided in a form that can facilitate the 
development of specific and adequate adaptation measures 
(Hackenbruch et al. 2017). They represent a combination of var-
ious meteorological parameters and specific thresholds to quan-
tify climate change impacts in an application-oriented manner 
(Schipper et al. 2019). They can be tailored to individual fields of 
action, for example, the agricultural sector, or can be more all-
encompassing. According to Hackenbruch et al. (2017), the most 
urgent demand for information for municipalities in Southern 
Germany lies in the adaptation to heat extremes, but water 
availability issues have played an increasing role in recent years 
(Schuldt et al. 2020).

In the current study, we use the first transient CPM en-
semble for Southern and Central Germany (KIT-KLIWA; 
Hundhausen et al.  (2023)) to quantify the projected changes 
for user-relevant climate indices. This unique CPM ensem-
ble, driven by different global climate models (GCM), en-
compasses four transient ensemble members under historical 
(1971–2005) and the RCP8.5 scenario forcing (2006–2100), 
enabling a more detailed quantification of the climate change 
signal and associated uncertainties (Hundhausen et al. 2024, 
2025). Additionally to temperature and precipitation related 
climate indices, we cover a range of user-oriented climate indi-
ces relevant to various stakeholder applications to address the 
information requirements of the different stakeholders. The 
expectation is that this very high-resolution tailored climate 
information for present-day and future climate conditions 
will help the development of effective adaptation strategies 
by allowing intercomparison between different geographical 
regions and learning from the adaptation strategies of other 
regions which may expect similar climate change signals. The 
current study has three main objectives:

•	 Quantification of the climate change signal for a wide range 
of climate indices considering different global warming lev-
els (Section 4).
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•	 Quantification of the climate change signal for the major 
landscape types and different altitudes (Section 5).

•	 Estimation of the uncertainties in the derived climate 
change signals (Section 6).

The paper is structured as follows: Section 2 describes the cli-
mate model ensemble and bias adjustment approaches, while 
Section  3 describes the climate indices and the application 
strategy. The following sections focus on the analysis of the 
climate change indices for Central and Southern Germany 
(Section  4), specific characteristics for the major landscape 
types (Section 5), and the quantification of associated uncer-
tainties (Section 6). Section 7 discusses the applicability of the 
climate change indices. A summary and discussion conclude 
the paper in Section 8.

2   |   Data and Methods

In order to quantify the changes in user-relevant climate in-
dices, the transient four-member regional CPM ensemble is 
used as the main dataset. A description of the model data, the 
validation against observational datasets, the bias adjustment 
approach, and the selection of the global warming levels is 
provided below.

2.1   |   Observational Data

We use the high-resolution gridded observation dataset 
HYRAS (Rauthe et al. 2013; Razafimaharo et al. 2020) from 
the German Weather Service (DWD) for comparison with 
model data and subsequent bias adjustment. The spatial res-
olution of the HYRAS observation datasets corresponds to 
about 5 km for near-surface temperature (daily minimum, 
mean, and maximum values) and to about 1 km for precipita-
tion (daily sums). The data were interpolated conservatively 
to the 2.8 km high-resolution model grid. In addition, for the 
temperature values, a height correction was performed, un-
derlaying a vertical gradient of 0.0065 K/m.

To determine the global warming level corresponding to 
present-day climatic conditions, we use HadCRUT5, the new 
version of the Met Office Hadley Centre/Climatic Research Unit 
global surface temperature data set (Morice et  al.  2021). The 
dataset has a resolution of 5° and encompasses the period 1850 

to near real time, providing monthly averaged near-surface tem-
perature anomalies relative to the 1961–1990 period. The histor-
ical period 1991–2020 corresponds to a global warming level of 
0.95 K (GWL0.95).

2.2   |   A Transient Convection-Permitting Climate 
Simulation Ensemble

The KIT-KLIWA CPM simulations (Hundhausen et al. 2023) 
were carried out primarily within the scope of the KLIWA 
project1 and completed within the RegIKlim-ISAP proj-
ect.2 Four Coupled Model Intercomparison Project—Phase 
5 (CMIP5; Taylor et  al.  (2012)) GCMs (see Table  1) provided 
boundary forcing for downscaling. These four selected GCMs 
cover a large part of the range of climate sensitivities of the 
CMIP5 GCMs (cf. Table 1, Nijsse et al. (2020)). All four mod-
els are roughly within the plausible range for the transient 
climate response, with CNRM-CM5 and MPI-ESM-LR in the 
middle range and HadGEM2-ES and EC-Earth in the upper 
range in terms of Equilibrium Climate Sensitivity (ECS). The 
downscaling was performed with the regional Climate Model 
(RCM) COSMO-CLM (CCLM, version: COSMO5.0_CLM9; 
Rockel et al. (2008)) in a consistent downscaling chain. Three 
consecutive nesting steps were performed: first to 50 km 
(0.44°) over Europe, second to 7 km (0.0625°) over Germany 
and finally to 2.8 km (0.025°) over Central and Southern 
Germany (see Figure 1b). To represent convection in CCLM, 
the Tiedtke-parametrization was applied (Tiedtke  1989). For 
the final nest, a convection-permitting setup was used (cp. 
Baldauf et al. 2011), where the parametrization for deep con-
vection was switched off. All four downscaling chains were 
performed for the historical experiment (period: 1971–2005) 
and the RCP8.5 scenario (period: 2006–2100). The CPM sim-
ulations were performed in a quasi-transient way: the sim-
ulations were originally performed in 30-year time slices 
preceded by a 3-year spin-up (1968–2000, 2018–2050, 2068–
2100). These time slices were later extended (2001–2020, 
2051–2070) to provide a quasi-transient ensemble for the entire 
period (see Hundhausen et al. (2023) for details). This ensem-
ble, driven by multiple GCMs at this high horizontal resolu-
tion (2.8 km) and long time period (1971–2100), is unique for 
Germany. Only data from the CPM simulations (2.8 km) is 
analysed here. The final analysis domain covers Central and 
Southern Germany as well as the Alps in the south and parts 
of France in the west of the domain. The analysis focuses on 
the German part of the domain. The largest part of the domain 

TABLE 1    |    Forcing GCM, realisation, Equilibrium Climate Sensitivity (ECS in °C; cf. Nijsse et al.  (2020)), time period in which the different 
GWLs are reached, and reference for the CMIP5 GCMs downscaled for the ensemble.

GCM Realisation ECS in °C GWL0.95 GWL2 GWL3 References

CNRM-CM5 r1i1p1 3.28 1998–2027 2032–2061 2054–2083 Voldoire et al. (2013)

MPI-ESM-LR r1i1p1 3.66 1981–2010 2019–2048 2045–2074 Giorgetta et al. (2013)

EC-EARTH r12i1p1 4.18 1985–2014 2019–2048 2046–2075 Prodhomme et al. (2016)

HadGEM2-ES r1i1p1 4.64 1995–2024 2021–2050 2041–2070 Collins et al. (2011)

HadCRUT5 1991–2020 Morice et al. (2021)

Note: According to the HadCRUT5 dataset, the historical period 1991–2020 corresponds to GWL0.95.
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extends over the German region of low mountain ranges—the 
Western Uplands, the Eastern Uplands, and the South German 
Scarplands. The altitude of most of the low mountain ranges 
is between 500 and 1500 m. The Alpine Foreland covers the 
area in the south-east of Germany. It is a gently hilly area with 
altitudes of around 300–800 m.

2.3   |   Bias Adjustment of the Model Data

A bias adjustment of the model data is essential for the current 
study, given that many indices are threshold-based and thus very 
sensitive even to small systematic biases. To remove the system-
atic biases of the distributions of the underlying variables for the 
index calculation, we apply the quantile delta mapping method 
described by Cannon et  al.  (2015) and coded by Schwertfeger 
et al. (2023) to the daily precipitation sums and the daily mean, 

minimum, and maximum temperature values. This bias ad-
justment is performed separately for each of the four ensemble 
members. The modelled distribution for the future 30-year time 
period is mapped to the observed distribution for the reference 
30-year time period and scaled with the climate change signal 
given by the difference between the modelled historical and fu-
ture distributions, assuming that a major part of the biases is 
stationary (e.g., Krinner and Flanner 2018). The change signal is 
added as absolute differences for temperature and multiplied as 
relative change for precipitation. The distributions are based on 
100 quantiles for temperature and on 1000 quantiles for precip-
itation. In all cases, the HYRAS data (1991–2020, correspond-
ing to GWL0.95) is used as a reference. Before bias adjustment, 
the uncorrected ensemble average 2-m annual temperature 
(Figure 2b) overestimates the HYRAS values (Figure 2a), while 
the mean average annual precipitation sum is overestimated 
by the uncorrected ensemble mean (cp. Figure  2d,e). Both 

FIGURE 1    |    (a) Analysis domain and the sub-regions considered (Alpine Foreland, South German (SG-) Scarplands, East-Central (EC-) Uplands, 
West-Central (WC-) Uplands, Rhine Valley, and the Black Forest). Altitude is indicated in colours. (b) shows the domains of the three nesting steps: 
0.44° resolution outer domain, 0.0625° resolution intermediate domain, and 0.025° resolution CPM model domain. [Colour figure can be viewed at 
wileyonlinelibrary.com]
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biases are successfully removed by the bias adjustment method 
(Figure 2c,f). Nevertheless, small biases remain for precipitation 
(cf. Figure 2f). The analysis of the results for the single ensemble 
members (Figures S1–S4) reveals that this shortcoming is partic-
ularly associated with the HadGEM2-ES model (cf. Figure S3f).

2.4   |   Global Warming Levels Definition

Following the recent IPCC (2023) report, we use the GWL concept 
to analyse our climate projections, as it facilitates the comparison 
between the different climate change signals and the quantifica-
tion of regional and local impacts. A GWL is defined as the time 
range where the average global surface temperature increase rel-
ative to a pre-industrial time period exceeds a certain value. We 
use 1881–1910 as pre-industrial time period (see IPCC 2023), and 
we define a GWL + K as the first 30-year time period where the 
average global surface temperature increases by +K relative to 
this pre-industrial basis. The GWL time periods are determined 
specifically for each of the driving GCM and thus depend both on 
the GCM climate sensitivity and on the emission scenario. Using 
GWLs, at least part of the ensemble spread resulting from differ-
ent climate model sensitivities is removed. In the present study, we 
focus on GWL2 and GWL3 (see Table 1). The choice of the RCP8.5 
scenario was also justified by the choice of GWL3 as a target, for 
which a strong climate forcing is needed so that the selected 30-
year period is within the simulated time period.

Slightly different definitions of GWLs have been described in 
recent peer-reviewed literature, typically focussing on a differ-
ent definition of the pre-industrial time range, a change in the 
period's length or the reference period. For example, Vautard 

et al. (2014) and Teichmann et al. (2018) argued for the reference 
of 1971–2000, which corresponds to a GWL0.46 based on obser-
vational data. This approach was recently pursued, for example, 
in Hundhausen et al. (2023, 2024). In the present study, we have 
chosen 1991–2020 as a reference to enable a more straightfor-
ward applicability of the results for end users. According to the 
HadCRUT5 data (Morice et  al.  2021), this period corresponds 
to a GWL of 0.95 K above pre-industrial conditions (1881–1910). 
Thus, we consider the historical time period for each GCM as 
GWL0.95 in the respective global driving simulation. These 
same observational reference and model historical time periods 
were also used in the bias adjustment process.

3   |   User-Relevant Climate Indices and Strategy

This section describes the selection, calculation, and application 
of the different climate indices.

3.1   |   Climate Indices Description

User-oriented climate indices can effectively quantify climate 
change (Alexander et al. 2006; Hasel et al. 2023) and help inter-
pret its impacts on economy, ecology, and society (e.g., Zubler 
et  al.  2014). Many indices have been proposed in the “Expert 
Team of Climate Change Detection Indices” (ETCCDI; Zhang 
et al. 2011), but many other region and sector specific develop-
ments followed (e.g., Alexander and Herold 2016; Hackenbruch 
et al. 2016; Schipper et al. 2016, 2019; Buontempo et al. 2018). 
User-oriented climate indices are applied across various sec-
tors, such as transportation, public health, infrastructure, and 

FIGURE 2    |    Annual average 2 m temperature for (a) HYRAS 1991–2020 (GWL0.95), (b) bias in the ensemble mean of the uncorrected raw data 
for GWL0.95 compared to HYRAS, and (c) remaining bias of the corrected data. (d) Same as (a) but for average annual precipitation sums, (e) bias 
in the ensemble mean of the uncorrected raw data for GWL0.95 compared to HYRAS, and (f) remaining bias of the corrected data. Results for the 
single ensemble members are shown in Figures S1–S4. Note the different scale for the bias in the uncorrected and corrected data. [Colour figure can 
be viewed at wileyonlinelibrary.com]
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tourism, at different stages of the climate change adaptation 
process. In a first step, climate indices are commonly used to 
represent the current and future state of a system in terms of 
climate (Vogel et  al.  2020). This provides insights into the 
systems conditions and raises awareness for potential risks. 
Second, they are applied to climate projections to quantify the 
changes (Frich et al. 2002; Alexander et al. 2006; Van Engelen 
et  al.  2008; Hackenbruch et  al.  2016; Schipper et  al.  2019; 
Moemken et al. 2021; Hundhausen et al. 2023). In this study, we 
consider 16 user-relevant climate indices, including temperature 
indices (6), precipitation indices (5), and specifically developed 
user-oriented indices (5). A full list with details can be found in 
Table 2.

High and low temperatures can strongly impact human activity. 
Summer days (SU), hot days (HD) and very hot days (VHD) are 
defined as days with maximum temperature above or equal to 
25°C, 30°C and 35°C, respectively. Analogously, tropical nights 
(TR) occur if the nightly air temperature remains above 20°C 
(see Table 2). The number of summer days, hot days, very hot 
days and tropical nights per year can be seen as different mea-
sures of heat stress on the human body. Excessive values can 
lead to increased health risks, especially for vulnerable groups, 

such as the elderly, children, or outdoor workers (e.g., Jendritzky 
et al. 2011). These four indices have been in use for decades, for 
example, at the German Weather Service,3 to address specific 
stakeholder requests. Furthermore, we consider two indices as-
sociated with coldness to estimate impacts on energy consump-
tion, construction and forest works, namely frost days and ice 
days. A frost day occurs if the minimum temperature lies below 
0°C, while an ice day occurs if the maximum temperature lies 
below 0°C. The number of frost and ice days is very relevant for 
forestry and agriculture works. Frost can also damage roads, if 
water is able to seep into the surface through existing cracks.

Five different precipitation-associated indices are considered. 
The first three consider heavy (R10mm), very heavy (R25mm) 
and extreme daily precipitation (R40mm), with thresholds of 
≥ 10, ≥ 25 and ≥ 40 mm/day, respectively (see Table  2). They 
are measures for intense precipitation which may lead to local 
flooding, backwater in sewer systems, and damaged infra-
structure. The summer dry days (SDD) index accounts for days 
between May and September without precipitation (< 0.1 mm/
day), thus being an indicator for summer drought. Finally, snow 
days (SND) corresponds to days with average temperature below 
1°C and > 10 mm of precipitation, indicating thus substantial 

TABLE 2    |    Definition of the climate indices, with TX: daily maximum temperature; TN: daily minimum temperature; TG: daily mean temperature; 
RR: daily precipitation sum.

Index Input Definition References

Summer days (SU) TX Annual count of days with TX ≥ 25°C [2–5]

Hot days (HD) TX Annual count of days with TX ≥ 30°C [2,4,5]

Very hot days (VHD) TX Annual count of days with TX ≥ 35°C [2,4,5]

Tropical nights (TR) TN Annual count of days with TN ≥ 20°C [1–5]

Frost days (FD) TN Annual count of days with TN ≤ 0°C [1–5]

Ice days (ID) TX Annual count of days with TX < 0°C [2,3,5]

Heavy precipitation days (R10mm) RR Annual count of days with RR ≥ 10 mm [1–3]

Very Heavy precipitation days 
(R25mm)

RR Annual count of days with RR ≥ 25 mm [2,4]

Extreme precipitation days (R40mm) RR Annual count of days with RR ≥ 40 mm [2,4]

Snow days (SND) TG, RR Annual count of days with TG ≤ 1°C and RR ≥ 10 mm [4]

Summer dry days (SDD) RR Annual count of days May–September with RR < 0.1 mm [4]

Heating days (HD) TG Annual count of days with TG ≤ 15°C [4,5]

Winter service days (WSD) TN, RR Annual count of days with TN ≤ 0°C and RR ≥ 5 mm [4]

Hiking days (HID) TX, RR Annual count of days with TX < 25°C and 
RR < 5 mm, with TX > 0°C December–February, 

TX > 5°C March, November, TX > 10°C April, May, 
September, October, TX > 15°C June–August

[4]

Pollen washout days (PWD) RR Seasonal count of days April–September with RR ≥ 1 mm [4]

Vegetation days (VD) TG Annual count of days with TG ≥ 5°C [2,4,5]

Note: The thresholds used are often consistent across several references. However, some references differ in whether thresholds are defined using strict inequalities 
(greater/less than) or inclusive inequalities (greater/less than or equal to). In this case, we consistently use the inclusive form (≥ or ≤), in alignment with the 
definitions provided by the German Weather Service. Given the high precision of the simulation data, no significant deviations are expected between the two 
approaches. The definition of the indices is based on a sub-selection base on the following references [1] ETCCDI: Zhang et al. (2011); [2] Climpact: Alexander and 
Herold (2016); [3] European Climate Assessment & Dataset (ECA&D) Van Engelen et al. (2008); [4] KLIMOPASS: Schipper et al. (2016, 2019); [5] German Weather 
Service: www.​dwd.​de/​DE/​servi​ce/​lexik​on/​Funct​ions/​gloss​ar.​html.
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snowfall that may hamper traffic and other activities, increasing 
the risk of roof collapses and forest tree damage.

Finally, five indices specifically developed for user-oriented ap-
plications are considered (see Table 2). In order to estimate the 
energy consumption of a building dependent of weather condi-
tions, a heating day is defined as a day with mean daily tempera-
ture below 15°C, which is the heating threshold defined by the 
VDI Guideline 2067 (VDI 2012). A winter service day (WSD) is a 
frost day (daily minimum temperature ≤ 0°C) with at least 5 mm 
of precipitation (Schipper et al. 2016). The number of winter ser-
vice days is of interest for the communities to plan the amount of 
salt needed for the streets and the personnel to drive the winter 
service cars, and in general for street safety. The number of hik-
ing days (HID) is a measure for human recreation possibilities 
and comfort outside. We assume here that humans will proba-
bly go hiking if there is less than 5 mm precipitation and if the 
maximum temperature stays below 25°C (Schipper et al. 2019). 
A vegetation day is defined as a day with an average tempera-
ture above 5°C, representing the vegetation period. It is used to 
describe the growth of trees or agricultural crops and the devel-
opment processes of temperature-sensitive ecosystems. Finally, 
pollen washout days quantify the number of days between April 
and September with significant precipitation (≥ 1 mm). The as-
sumption is that precipitation can lead to lower pollen levels and 
thus alleviate the impacts on human health, for example, for 
persons with allergies (Schipper et al. 2016).

3.2   |   Application Strategy, Validation 
and Statistical Tests

Following the bias adjustment of the climate model data and 
the selection of the different GWL periods, we now analyse how 
well the climate indices derived from the CPM simulations for 
GWL0.95 (representative for 1991–2020) agree with the same 
calculations based on the HYRAS dataset and thus facilitate 
their interpretation by stakeholders. For this evaluation and 
most of the posterior analysis, the four simulations are com-
bined to a small ensemble. The ensemble mean is taken as the 
best estimate (Sections 4 and 5), and the deviations between the 
four simulations are used to quantify the uncertainty (Sections 5 
and 6). Figure 3 shows exemplarily the average number of hot 
days (Figure  3a), heavy precipitation days (Figure  3c), winter 
service days (Figure  3e), and vegetation days (Figure  3g) per 
year as calculated from the HYRAS dataset. The corresponding 
difference between the ensemble mean and the HYRAS dataset 
are shown in Figure 3b,d,f,h, revealing only very small differ-
ences. However, some biases remain, particularly in areas of 
high altitude (e.g., R10mm and winter service days, Figure 3d,f). 
The comparison for the remaining indices is shown in the 
Figures  S5–S7, where again most of the small remaining de-
viations are found over high altitude. A special case is pollen 
washout days and summer dry days, which both show a clear 
bias in the North-west area of the domain, reaching deviations 
of about 10% for the latter. This hints at shortcomings in the 
precipitation bias correction (cp. Figure  2f) and particularly 
for the dry day correction. In spite of these identified regional 
shortcomings for single variables, the estimated climate indices 
from the CPM ensemble are found to be sufficiently close to the 
values derived from HYRAS to enable the derivation of realistic 

climate change signals for end-users. This is particularly true if 
we consider area averages (see Section 4). We will thus use them 
in the following chapters. As we focus on bias-adjusted simu-
lations, we do not assess the added value between datasets of 
different resolutions. Previous evaluations based on uncorrected 
simulations (Hundhausen et al. 2023, 2024) have already shown 
improvements from CPM, including a reduced cold bias in daily 
temperature—especially in summer—and a more realistic dis-
tribution of precipitation.

Additionally to the area maps based on the grid points (Figure 3), 
we calculate area means for geographical regions determined 
mainly by topography, the so-called major landscape types, such 
as BfN (2015); Ssymank (1994), to facilitate its use by end users. 
They enable policy makers to get a compact overview of the cli-
mate change signal in their region, or to compare the projected 
future development in their own region with others (within 
Germany). We consider the four major landscape types in the 
model domain, namely (1) Alpine Foreland, (2) South German 
Scarplands, (3) East-Central Uplands, and (4) West-Central 
Uplands. Moreover, two smaller neighbourhoods but very con-
trasting regions are considered, (5) the Rhine Valley and (6) the 
Black Forest (cf. Figure 1a).

We assess the significance of possible mean changes by ap-
plying the non-parametrical Mann–Whitney–Wilcoxon test 
(Wilcoxon  1945; Mann and Whitney  1947; D. Wilks  2020). 
The test is based on a shift of ranks, and we use samples of 120 
(30 years × 4 members) for the test the significance at 5% and 
1% levels when comparing the distributions from historical 
(GWL0.95) to future time slices (GWL2 or GWL3). For Figures 4 
and S8–S10, a spatial correction of the significances is per-
formed with the False Discovery Rate Method (Benjamini and 
Hochberg 1995; D. S. Wilks 2016). For regional aggregated as-
sessments (Figures 5 and 7 and S15–S17), indices are regionally 
averaged before applying the test.

4   |   Overview of Climate Change Signals

In this section, we provide an overview of the climate change 
signals for the different climate indices for the German part of 
the analysis domain (Figure 1). Both GWL2 and GWL3 are con-
sidered, and only changes in mean values are assessed. Possible 
changes in uncertainty are analysed separately in Sections 5 and 
6. The contour plots of the climate indices and their projected 
changes provide a first overview of the regional differences in 
the German part of the model region, focussing on the four ex-
emplary variables (Figure 4). They were chosen from the sample 
of 16 indices in order to cover both a wide range of applications 
and diverse climate change patterns (see following sections). 
The changes in the number of hot days show some spatial struc-
ture for GWL2, which considerably increases in magnitude and 
significance for the whole study area with GWL3 (Figure 4c). 
The largest absolute increases are clearly found in the lower, 
flat areas like the Rhine Valley, with up to +16 days/year. For 
heavy precipitation days (R10mm), small increases with simi-
lar magnitude are found for GWL2 and GWL3, but without a 
clear spatial structure or significance (Figure 4e,f). Regarding 
winter service days, a general reduction is found over mountain-
ous regions, which is considerably stronger for GWL3, where 
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FIGURE 3    |    (a) Average number of hot days for HYRAS (1991–2020, GWL0.95), (b) ensemble mean bias for hot days and GWL0.95 after bias 
adjustment, (c, d) same as (a, b) but for heavy precipitation (R10mm), (e, f) same as (a, b) but for winter service days, and (g, h) same as (a, b) but for 
vegetation days. The result of further climate indices is in Figures S5–S7. [Colour figure can be viewed at wileyonlinelibrary.com]
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significant changes are displayed for some areas (Figure  4i). 
Regarding vegetation days, a homogeneous increase is found 
with global warming, spatially fully significant for both GWL2 
and GWL3, reaching about +35 days/year for GWL3 (Figure 4l).

The remaining variables are shown in Figures  S8–S10. The 
indices based on temperature only, that is, the number of sum-
mer days, very hot days, and tropical nights, show generally 
an increase with increasing global warming and often statis-
tically significant changes particularly for GWL3 (Figure S8). 
Although for summer days there is little spatial structure, 
regional differences are exacerbated for very hot days and 

tropical nights. This is particularly the case in the Rhine 
valley and also in other lower-altitude regions, where strong 
increases are already projected for GWL2, but even stronger 
for GWL3 (Figure  S8). In some cases, relative changes ex-
ceeding +600% are reached (not shown). The number of frost 
days and ice days significantly decreases for GWL2, with 
stronger magnitude for GWL3, particularly in mountainous 
regions and the eastern part of the domain (Figures  S8 and 
S9). Moreover, a non-significant reduced number of snow days 
occurs over high orography regions for GWL3 (Figure  S9). 
The number of hiking days generally increases, with a clear 
focus on elevated areas, with larger changes in the northern 

FIGURE 4    |    (a) Ensemble mean of average number of hot days for GWL0.95, (b) difference between GWL2 and GWL0.95, (c) and difference be-
tween GWL3 and GWL0.95. Absolute differences were preferred for clarity. (d–f) same as (a–c) but for heavy precipitation (R10mm), (g–i) same as 
(a–c) but for winter service days, and (j–l) same as (a–c) but for vegetation days. The other indices are provided in Figures S8–S10. Significant changes 
at a 5% level of significance are indicated by hatching. [Colour figure can be viewed at wileyonlinelibrary.com]
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and eastern parts of the domain (Figure S10). The number of 
summer dry days slightly increases and the number of pol-
len washout days decreases, particularly on the western part 
of the domain and GWL3 (Figure  S10). Here, interpretation 
should be careful given the shortcomings with the bias adjust-
ment (see Section 3). Even if the number of heavy precipitation 
days shows little spatial structure in terms of climate change 
(Figure 4e,f), very heavy and extreme daily precipitation does 
show spatial structure, projecting a non-significant increase 
in the Black Forest and Alpine regions (Figure S9), providing 
an indication of enhanced extreme precipitation events in the 
future. Conversely, the average heating days values signifi-
cantly decreases with increasing global warming, but show 
little spatial structure (Figure S10).

The results are summarised for the whole area in Figure 5, which 
includes the spatial average values for all 16 indices for the whole 
study area for present day (GWL0.95), GWL2 and GWL3. As a 
reference, the HYRAS based results are also included in the first 
column. The present day values compare extremely well with 
HYRAS in terms of area averages, with the exception of sum-
mer dry days (+7%), snow days (+17%) and winter service days 
(+20%), which are related to the remaining biases in precipitation 
discussed in Section 3. In terms of the impact of global warming, 
several different patterns can be observed: for hot temperature 
related indices, a general and significant increase is found. The 
higher the threshold, the higher the relative changes because of 
rather small numbers for the current climate, with very hot days 

reaching over +100% already for GWL2. Even more prominent 
are the relative changes for tropical nights, which—starting from 
a very low value for present day—increases ×15 for GWL3. On 
the other hand, the average number of frost days and particu-
larly of ice days is reduced, with a significant reduction exceed-
ing 50% for GWL3 for the latter. For precipitation indices, both an 
increase of area averaged summer dry days and days with heavy, 
very heavy, and extreme precipitation are found. The relative 
changes are highest and significant for the more extreme indices, 
suggesting a shift to more convective precipitation in the region 
in a warmer climate (Da Silva and Haerter 2025). The number of 
summer dry days shows a small increase, significant for GWL3. 
On the other hand, and as expected, the number of snow days 
and winter service days decreases considerably, both showing a 
reduction of −30% for the study area. A small but significant de-
crease is found for heating days and pollen washout days, which 
show slightly decreased numbers with increasing global warm-
ing. The area averaged number of hiking days slightly but signifi-
cantly increases for GWL3 (see Figure S10). Finally, a significant 
increase is found for vegetation days, with relative changes ex-
ceeding 12% for GWL3 (Figure 5).

5   |   Regional Evaluation for Major Landscapes 
Types

In this section, we provide an overview of the climate change 
signals for the different climate indices for the whole study 

FIGURE 5    |    Spatial average of the 16 climate indices over the analysis domain for HYRAS 1991–2020 (GWL0.95), ensemble mean for GWL0.95, 
GWL2, and GWL3, respectively. Statistically significant differences between GWL2 and GWL3 to GWL0.95 at the 5% significance level are indicated 
in bold; those reaching the 1% significance level are also underscored. [Colour figure can be viewed at wileyonlinelibrary.com]
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area and the six defined regions, including the four large 
major landscape types—namely (1) Alpine Foreland, (2) South 
German Scarplands, (3) East-Central Uplands, (4) West-Central 
Uplands—plus Rhine Valley and Black Forest (see Figure  1). 
Special attention is given to the sometimes subtle differences 
between the four ensemble simulations. In order to provide a 
succinct overview, the main focus is given to four exemplary in-
dices: hot days, heavy precipitation days, winter service days, 
and vegetation days (analogue Figures 3 and 4) for both GWL2 
and GWL3.

The results for the average annual number of hot days and the 
six regions plus the whole model area are depicted in Figure 6a. 
The Box–Whisker plots present the median and inter-quartile-
range of values for the correspondent 30 year periods (GWL0.95, 
GWL2, GWL3). The range of the four simulations is indicated 
for each region, following the order and shading indicated on 
the insert of the far right side. Analysing first GWL0.95 for the 
whole model region (in grey), we observe that the median and 
range are slightly different between the four ensemble members. 
This observation generally applies for the six regions, where 
HadGEM-2 often shows a large inter-quartile range, and MPI-
ESM a somewhat skewed distribution. For GWL2 (in yellow) 
and GWL3 (in red), a general, systematic increase is found in all 
regions, in line with the changes for daily mean and daily max-
imum temperature in the simulations (Figure  S11a,b). Small 
differences are found between GCMs, with HadGEM2-ES typ-
ically showing higher relative changes, particularly for GWL2. 
The largest relative changes are found for the Black Forest and 
GWL3 (Figure S11a–c).

For heavy precipitation days (Figure  6b), mean values are 
around 15–30 days per year in all cases for GWL0.95, except for 
the Black Forest, where about 45 days a year on average are re-
corded for the four models. In all cases, small changes in the 
number of heavy precipitation days are found, generally indi-
cating a small increase but lacking clear consistency both in 
terms of the differences between regions or GWLs (in line with 
Figure 4e,f) and the general changes in precipitation in the sim-
ulations (Figure S11d). The changes in winter service days de-
pend both on temperature and precipitation, and thus provide a 
more complex pattern (Figure 6c). The spread between the four 
simulations is comparatively large for GWL0.95 (Figure  6c), 
but in all cases a systematic decrease for GWL2 and GWL3 is 
found, particularly for model CNRM-CM5, which again shows 
the largest decrease by comparatively small inter-quartile-range 
(e.g., Rhine Valley). For vegetation days, notable differences are 
also seen between the ensemble members for GWL0.95. In all 
cases, there is a systematic increase for GWL2 and GWL3, with 
CNRM-CM5 displaying the larger absolute changes, and often 
smaller inter-quartile range (e.g., Rhine Valley).

The other variables are shown in Figures S12–S14. For tropical 
nights, a very large increase is identified for the Rhine Valley 
and GWL3. For the other regions, enhanced numbers are also 
found, but starting from very low values for GWL0.95. This re-
sult agrees well with the changes in daily minimum temperature 
(Figure S11c). Regarding frost days and GWL0.95 (Figure S12), 
the four models show small differences, and in particular very 
large inter-quartile-ranges for the Rhine Valley. Here, consider-
able differences are identified between the models for GWL2 and 

GWL3. The model CNRM-CM5 shows for all regions the stron-
gest reduction on frost days, showing in some cases a reduction 
by 50%, and a smaller inter-quartile-range. For the other models, 
changes are weaker, particularly for MPI-ESM, with typically a 
large inter-quartile-range. For very heavy and extreme precipita-
tion days (Figure S13), the relative changes are more prominent 
than for heavy precipitation days, now with values reaching 
around +25% for GWL3, and with stronger enhancements for 
CNRM-CM5 (e.g., West-Central-Uplands). A final example is 
hiking days (Figure S14), which shows quite interesting patterns 
of change. While wide inter-quartile-ranges are typical for all 
regions and GWLs, small upward trends are identified for the 
East-Central Uplands and the West-Central Uplands, particu-
larly for GWL3 and CNRM-CM5. On the other hand, in regions 
like the Rhine Valley, there is a considerable decrease for GWL3, 
even if the changes for GWL2 are not clear. These results are in 
line with results from Section 4.

We now look in more detail at the changes for four exemplary 
variables and the six regions (Figure 7). Included are the area 
average values for hot days (Figure  7a), heavy precipitation 
days (R10mm, Figure 7b), winter service days (Figure 7c) and 
vegetation days (Figure 7d) for present day (GWL0.95), GWL2 
and GWL3. As a reference, the HYRAS-based results are also 
included in the first column. Regarding hot days (Figure 7a), the 
changes for GWL2 are moderate (about 20%–30%) but already 
statistically significant in all cases, with the smallest relative 
changes for the Rhein Valley and the largest for the Black Forest. 
This pattern is intensified for GWL3, where the changes for the 
Black Forest reach +70% and for the Rhine Valley about +40%, 
and the four major landscape types between these values. When 
considering heavy precipitation days (Figure 7b), increases are 
found for all six regions, but they are relatively small. The Rhine 
Valley features the smallest absolute change but also the largest 
relative change. Given the small numbers, a careful interpreta-
tion is needed. Still, the results are a clear indication that an in-
crease of very heavy precipitation in a warmer climate is found 
for all six regions. Unlike the two above variables, notable dif-
ferences between GWL0.95 and the HYRAS reference data are 
found for winter service days (Figure 7c). This is particularly the 
case for the Black Forest. Regarding the climate change signal, 
a general and significant reduction is found both for GWL2 and 
GWL3, with the latter indicating reductions of about −40% or 
more. However, given the small numbers in some regions (par-
ticularly for the Rhine Valley), and the identified bias compared 
to HYRAS, the magnitude of the changes should be regarded 
with care. Finally, a consistent, relatively homogeneous and sta-
tistically significant increase is found for vegetation days, rang-
ing between 10% to 13% for all six regions and GWL3.

Regarding other variables (Figures  S15–S17), the largest 
changes are found for tropical nights, which—starting from 
very low values everywhere—often increase by 10× values 
for GWL3, but to a lesser extent in the Rhine Valley and West-
Central Uplands for GWL2 (Figure  S15). On the other hand, 
frost days (Figure S15) display a consistent and systematic de-
crease with numbers is found with enhanced global warming. 
This is true for all six regions and both GWLs. The reduction in 
the number of frost days is particularly prominent for the Rhine 
Valley and West-Central-Uplands, with values of about −40% or 
more for GWL3. The same is true for ice days, with a reduction 

 10970088, 0, D
ow

nloaded from
 https://rm

ets.onlinelibrary.w
iley.com

/doi/10.1002/joc.70304 by K
arlsruher Institut Fã¼

R
, W

iley O
nline L

ibrary on [02/03/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



12 of 19 International Journal of Climatology, 2026

FIGURE 6    |     Legend on next page.
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of about −75% for the Rhine Valley and GWL3 (Figure  S16). 
Finally, the number of days with very heavy precipitation 
(R25mm) and extreme precipitation (R40mm) increases with 
global warming in all regions, and particularly for the Rhine 
Valley, where R40mm roughly duplicates both for GWL2 and 
GWL3. In contrast to R10mm (Figure 7b), changes in R25mm 
and R40mm are significant throughout all regions analysed 
with a level of significance of 5%, and almost always for a level 
of significance of 1%.

6   |   Uncertainties in the Climate Change Signals

Given that we have a 4-member model ensemble and 30-year pe-
riods for each GWL, we now analyse in detail the model-related 
uncertainty and the resulting spread for the climate indices. We 
first take a closer look at the four core basic variables for the 
computation of the indices. Figure  8 shows the variability of 
the time series for the three different 30-year periods, namely 
GWL0.95 (grey), GWL2 (yellow), and GWL3 (red). The model 
range is indicated by shading in the corresponding colour, and 
the highest value for each model is indicated with a specific icon 

(see legend). The mean and median values for each variable and 
GWL are indicated in Table S1.

For the three temperature variables (Figure  8a–c), the climate 
trend over the 30-years periods is apparent as the mean values—
dashed horizontal line—clearly change between the GWLs (cf. 
Table S1). Moreover, the most extreme values are—with one ex-
ception for CNRM-CM5 and GWL2—all found in the mid-decade 
or the last decade of the period, indicating a trend within the 30-
year period. This is particularly the case for GWL3, where all the 
largest values per model fall within the last 8 years. Regarding 
daily maximum temperature (Figure  8b) and daily minimum 
temperature (Figure 8c), they closely follow the pattern identified 
for the daily mean temperature (Figure 8a). Of notice are the large 
changes in terms of mean values for the 30-year periods (horizon-
tal dashed lines), of roughly one K per GWL. The maximum for 
CNRM-CM5 and GWL2 remains the only extreme value in the 
first 10 years. Interestingly, there is no indication that the diurnal 
temperature range changes with global warming. The differences 
between maximum and minimum temperatures lie between 
8.71°C and 8.82°C for all GWLs and both mean and median val-
ues (cf. Table S1). Figure 8d shows the same information but for 

FIGURE 6    |    Box–Whisker-plots for (a) average number of hot days for the whole study area, Alpine Foreland, South German Scarplands, East-
Central Uplands, West-Central Uplands, Rhine Valley and the Black Forest. For each region, the range of the four ensemble model simulations is 
indicated, following the order and shading indicated on the insert of the far right side. GWL0.95 is shown in grey, GWL2 in yellow, and GWL3 in red. 
(b) as (a) but for heavy precipitation days; (c) as (a) but for winter service days; (d) as (a) but for vegetation days. The results for the basic variables and 
other indices are provided in Figures S11–S14. [Colour figure can be viewed at wileyonlinelibrary.com]

FIGURE 7    |    Spatial average of the climate indices in HYRAS and the ensemble mean for GWL0.95, GWL2, and GWL3 in the different focus re-
gions. The climate indices (a) hot days, (b) heavy precipitation days (R10mm), (c) winter service days, and (d) vegetation days are shown. The results 
for the other indices are provided in Figures S15–S17. Statistically significant differences between GWL2 and GWL3 to GWL0.95 at the 5% signifi-
cance level are indicated in bold; those reaching the 1% significance level are also underscored. [Colour figure can be viewed at wileyonlinelibrary.
com]
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precipitation. Here results are more mixed: while the mean value 
for GWL2 is slightly higher, the values for GWL3 and GWL0.95 
are almost identical. Instead, a large year-to-year variability dom-
inates, with the largest single model values often found in central 
decade, followed by the last decade. Only two largest values are 
found in the first 10 years, namely for CNRM-CM5 and GWL2, 
and HadGEM2 for GWL0.95. Notable is also the particularly 
large spread for GWL2 in the last decade.

Regarding now the four selected indices (Figure  9), hot days 
(Figure 9a) show an increasing trend in terms of mean values. 
With two exceptions only, the maximum values for each simula-
tion are found in the second half of the time series. The variability 
between the four simulations is also particularly large for GWL3 
(red), primarily in the second half of the time series. For heavy 
precipitation days, the pattern of change is not so clear. While 
the mean value for GWL3 is slightly higher than GWL0.95 and 
GWL2, the variability is very large and no apparent trends can 
be observed within the 30-year blocks. This is in line with the 
results shown in Figure 4e,f. On the other hand, considerable 
changes are identified for winter service days: there is a clear 
decrease in the mean values with increasing global warming, 
and the maximum values for the individual simulations are typ-
ically found in the first half of the time series, thus suggesting 
downward trends. Vegetation days show the opposite behaviour, 
with increasing mean values with GWL and an enhanced fre-
quency of maximum values in the last decade. This is in line 
with Figures 4 and 5.

Regarding other variables (Figures S18–S20), the magnitude of 
change is particularly large for very hot days and tropical nights. 
Very prominent is the increasing spread for GWL3, particularly 
for tropical nights (Figure S18). For summer dry days and hiking 
days, moderate increases are found (Figure  S20). The pattern 
for very heavy precipitation and extreme precipitation shows an 
increase in mean values and increased variability. For frost and 
ice days (Figure S19), a clear decreasing trend is found for the 
time series, together with a large spread between the models. 
Of note is the fact that the maximum single model values are 
practically all found in the first half of the time series for GWL2 
and GWL3 (unlike GWL0.95). On the other hand, the number 
of Pollen washout days shows a small decrease with warming, 
with almost all extreme values being found in the first half of the 
time series (Figure S20).

7   |   Applicability of Climate Change Indices

In the following, we discuss the relevance and applicability 
of the above results for different stakeholders. The study area 
will be experiencing a strong increase in hot days and very 
hot days, and unprecedented changes for tropical nights. The 
Rhine Valley is already experiencing the highest number of hot 
days and tropical nights among all the regions analysed, and 
thus local authorities are already under increasing pressure to 
adapt to the negative effects of heat. Excessive heat stresses 
the human body and endangers people with pre-existing 

FIGURE 8    |    Time series of annual average (a) daily mean temperature for GWL0.95 (grey), GWL2 (yellow), and GWL3 (red). Indicated are the 
median of the four simulations (line), the range between the simulations (shade) and maximum and minimum values for each model (symbols). The 
median and mean values for GWL are indicated in Table S1. (b) as (a) but for daily maximum temperature; (c) as (a) but daily minimum temperature; 
(d) as (a) but for daily precipitation. [Colour figure can be viewed at wileyonlinelibrary.com]
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conditions, infants, young children, outdoor workers, and in 
particular elderly people. An overload of the body's own cool-
ing system can lead to decreasing concentration, dehydration, 
and respiratory diseases to heat stroke, cardiovascular prob-
lems, and death (Kunz-Plapp et al. 2016; Schipper et al. 2019). 
Increasing hot days and tropical nights are therefore strongly 
related to increased premature mortality (Mora et  al.  2017). 
Due to demographic change in Germany, with an increasing 
number of elderly people, heat stress will become an even more 
key topic (Cole et al. 2023). The local government of Karlsruhe 
(Rhine Valley) has developed a heat action plan that outlines 
specific adaptation measures, which have largely been im-
plemented. For example, drinking water dispensers were in-
stalled at schools and in public buildings, such as hospitals. 
Due to increased heat and pollen occurrence, a higher risk to 
human health can thus be assumed in these regions. In higher 
regions currently not affected by heat extremes, a comparison 
with the current procedures for other areas using climate in-
dices can simplify the risk assessment. For example, the Black 
Forest is not yet experiencing heat stress nor high pollen ex-
posure. However, our results indicate a 70% increase in the 
number of hot days due to climate change. This would bring 
the number of hot days to the same level as currently found in 
the Rhine Valley. Local authorities in the Black Forest could 
thus profit from the available expertise and use the available 
information for the Rhine Valley as a guideline and adopt sim-
ilar heat adaptation measures.

Our results also highlight extreme precipitation as an emerg-
ing challenge. The region will experience a significant increase 
in R25mm and R40mm on average (Figure 5), but little change 
was found for R10mm. In addition, the projected changes are 
not spatially homogeneous. The relative changes in extreme 
precipitation events will be particularly strong in high-altitude 
regions (Black Forest, Alps). In fact, both the frequency and 
the intensity of extreme precipitation are expected to rap-
idly increase globally and regionally with global warming 
(Winsemius et  al.  2016; Alfieri et  al.  2017; Papalexiou and 
Montanari 2019), with rates that can reach 7%–9% per degree 
of warming (Ludwig et al. 2023). As a result, even regions with 
a comparatively small number of heavy precipitation days 
(Rhine Valley) will need to implement adaptation measures, 
as such areas are often less prepared in terms of infrastruc-
ture, making targeted adaptation measures especially critical 
(Huang et al. 2021).

Climate indices also play a role in supporting decision-making 
and strategic planning in adaptation efforts, particularly if they 
were co-developed with stakeholders (Schipper et al. 2019; Vogel 
et al. 2020) and are thus closely aligned with adaptation needs. 
Our current results indicate that mountainous regions like the 
Black Forest and the Alps will experience the strongest decrease 
in winter service days, frost days, and ice days. In contrast, low-
lying regions currently experiencing few cold days are expected 
to experience only minor changes. In regions with few winter 

FIGURE 9    |    Time series of (a) the average annual number of hot days for GWL0.95 (grey), GWL2 (yellow), and GWL3 (red). Indicated are the 
median of the four simulations (line), the range between the simulations (shade) and maximum and minimum values for each model (symbols). (b) 
as (a) but for heavy precipitation days; (c) as (a) but winter service days; (d) as (a) but for vegetation days. The results for the other indices are provided 
in Figures S18–S20. [Colour figure can be viewed at wileyonlinelibrary.com]
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service days, even small shifts may require adaptations in winter 
service planning, for example, regarding the economic viabil-
ity of investing in new vehicles. In contrast, the Black Forest or 
the Alps may have a higher threshold for triggering adaptation 
measures, as snow and ice clearance is needed throughout the 
winter season. Schipper et al.  (2019) concluded that a 10% de-
crease in winter service days would trigger changes in terms of 
personnel planning, purchasing of deicing salt and new vehicles 
(Venäläinen and Kangas 2003). While this threshold cannot be 
directly applied to other regions, it can serve as a starting point 
for local decision-makers to determine the thresholds specific to 
their regions. By learning from regions with current exposure 
to conditions expected elsewhere in the future, targeted and 
experience-based adaptation measures can be more effectively 
developed and implemented.

8   |   Summary and Conclusions

The current study aimed to demonstrate the usability of a CPM 
ensemble to quantify the climate change signal for a wide 
range of user-relevant climate indices for Central and Southern 
Germany. This was performed for different GWLs and land-
scape types, under consideration of model uncertainties. The 
main conclusions are as follows:

•	 The climate change signals were computed for many cli-
mate indices and different GWLs. For high temperature in-
dices, a significant increase with global warming is found, 
particularly for very hot days and tropical nights, with an 
over 15-fold increase for the latter under GWL3. Conversely, 
the number of frost and ice days significantly decreases, 
again particularly for GWL3. Other indices like hiking 
days and summer dry days show only comparatively small 
though still significant changes in terms of area averages 
for GWL3.

•	 A more detailed view of the regional changes was achieved 
by the consideration of the major landscape types. Our anal-
ysis reveals that the relative changes will be considerably 
larger for elevated areas like the Black Forest for the various 
high temperature indices. Again, the number of tropical 
nights and very hot days increases by about 10-fold or more 
for this region under GWL3. However, the larger absolute 
changes are found in the Rhine Valley. Conversely, the 
Rhine Valley displays the larger relative changes in terms of 
very heavy and extreme precipitation, while the larger abso-
lute changes are found in high elevation areas like the Black 
Forest and Alpine Foreland.

•	 The uncertainties of the climate change signal were esti-
mated. For high-temperature indices, increasing trends 
for mean values and variability are found, with 30-year ex-
tremes typically found in the second half of the time-slices. 
The opposite behaviour is found, for example, for ice days, 
snow days, and winter service days. The increase in precip-
itation indices was found to depend crucially on the thresh-
old considered, with stronger signals and greater variability 
in change occurring for higher precipitation thresholds. 
Finally, vegetation days show a rather steady increase in 
the number of days with global warming, but no apparent 
change in variability.

Among future pathways of research, it will be very interesting to 
explore this pool of results in detail for different seasons, in par-
ticular regarding the role of changing seasonality. Another path-
way will be to investigate how far the identified changes in the 
user-oriented climate indices in the individual models can be 
related to possible changes in regional atmospheric circulation, 
for example changes in the North Atlantic Oscillation (Wanner 
et  al.  2001), East Atlantic Pattern (Wallace and Gutzler  1981) 
and Weather Regimes (Vautard 1990).

The research included in this study is embedded in the RegiKlim 
project, which aims at generation, evaluation and provision of 
regional and local usable climate information for Germany, in-
cluding the co-development of adaptation measures and impact 
quantification. One of the main insights of this project is that much 
more effort should be put into the co-design of user-oriented and 
locally adapted climate indices and knowledge transfer to local 
communities to achieve a truly climate-resilient society.

We conclude that this CPM ensemble can be an extremely 
useful tool for providing high-quality climate-related infor-
mation to stakeholders, both for the recent past and future 
climate. The high spatial resolution allows an appropriate 
quantification of uncertainty ranges. Considering the applica-
bility of the results, we conclude that the climate indices can 
effectively support decision-making and strategic planning for 
adaptation efforts on the regional and local scales, across var-
ious sectors and at different stages of the adaptation process. 
Therefore, climate indices can strongly contribute towards 
effective and timely planning and the implementation of ad-
aptation measures.
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