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H I G H L I G H T S

• Climate data are translated into model-ready heatwave stress tests.
• Regional aggregation combines local HWMId severity with spatial coverage.
• Selected scenario years depend on climate-model chain and system perimeter.
• The 2003 and 2026 heatwaves are comparable in terms of temporal and spatial extent.
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A B S T R A C T

Energy-system studies often rely on a small number of weather years to test system performance under extreme 
conditions. Translating observational and climate-projection datasets into traceable and model-ready stress-test 
scenarios is an important interface between climate information and energy-system modelling. However, the 
selection of heatwave stress-test years is difficult to reproduce because the link between climate data, heatwave 
definition, spatial aggregation and scenario year is not always documented. This study presents a transparent 
workflow for selecting heatwave years from gridded observations and climate-model projections. The workflow 
uses the Heat Wave Magnitude Index daily (HWMId) as an event-based metric that combines heatwave duration 
and locally normalized temperature anomaly and ranks years according to spatially aggregated heatwave 
severity. Applied to a Germany–France case study, the workflow identifies 2003 as the strongest completed 
historical heatwave year and shows that the June 2026 event, evaluated using ERA5 and NOAA CORe data 
through 1 July 2026, approaches but remains slightly below the 2003 benchmark. Future stress-test years vary 
across CORDEX-CMIP5 and CORDEX-CMIP6 projection chains, confirming that selected years should be reported 
together with the climate data product, model chain, spatial domain and ranking criterion defining them. 
Sensitivity analyses across temperature thresholds, reanalysis datasets, regional definitions, electricity- 
generation-capacity and population weightings show robust stress-test years per dataset and model chain, 
although their ordering can change. The workflow provides energy-system researchers and practitioners with a 
reproducible way to translate climate data into traceable heatwave stress-test scenarios while retaining infor
mation on the data product, climate-model chain, spatial domain and selection criterion.

Practical implications
Detailed energy-system models cannot always be run for every 

available historical and projected weather year while retaining high 
spatial and temporal resolution, detailed operational constraints and the 
desired range of technology and policy sensitivities. Reducing the 
number of weather-year runs can therefore enable the downstream 
model to retain a higher level of technological, operational and spatial 
detail. However, selecting only one or a few years informally can make 

resilience findings depend on scenarios whose meteorological basis is 
difficult to trace. The paper addresses this gap by providing an ex ante 
screening method for selecting a compact and documented set of heat
wave stress tests. It is intended for targeted assessments of supply ade
quacy, heat-related electricity demand, thermal-generation constraints, 
storage, demand response and cross-border balancing. The appropriate 
number of weather years remains a study-design choice; the workflow is 
particularly useful when a limited and traceable scenario set allows the 
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downstream model to retain the detail required for the research 
question.

The workflow is intended for energy-system modellers, infrastruc
ture planners, utilities, public agencies and researchers. It translates 
gridded observations, reanalysis and climate projections into concrete 
weather-year selections for downstream models. Heatwave severity is 
quantified using daily maximum temperature and the Heat Wave 
Magnitude Index daily, an event-based metric that combines event 
duration with the locally normalized temperature anomaly. Annual grid- 
cell values are then aggregated across the geographical perimeter of the 
energy-system study and ranked. Importantly, the service does not re
turn an isolated calendar year: each selection remains linked to its 
climate data product, reference period, model chain, emissions 
pathway, spatial domain, aggregation rule and weighting choice.

In practice, users make four choices. First, they select an observa
tional, reanalysis or projection dataset consistent with their time hori
zon. Second, they define a geographical domain matching the energy- 
system model. Third, they choose the baseline aggregation and, where 
relevant, test alternative weights representing exposure or infrastructure 
relevance, such as population or national electricity-generation capac
ity. Fourth, they select one or more high-ranking years. The selected 
calendar years can then be used to extract the complete and internally 
consistent weather time series required by the downstream model. 
Sensitivities across domains, weighting rules, ranking criteria and 
climate-model chains distinguish a primary stress test from additional 
cases. The open-source implementation and configuration files allow the 
procedure to be repeated for other regions and datasets.

The Germany–France application illustrates the practical interpre
tation. Both the E-OBS observational dataset and the ERA5 reanalysis 
identify 2003 as the strongest completed heatwave year over the study 
domain. Within ERA5, the June 2026 event, evaluated using data 
through 1 July 2026, ranks second and approaches, but remains slightly 
below, the 2003 benchmark in spatially aggregated heatwave magni
tude. This provides a traceable answer to whether 2026 was comparable 
to 2003 under a stated metric, dataset and system boundary. For future 
conditions, selected years differ among regional climate-model chains. A 
future stress-test year should therefore not be communicated as a uni
versal year for a particular emissions pathway. It is a model-chain- 
specific realization whose relevance must be assessed for the intended 
energy-system application. Alternative regional and capacity-based 
weightings may also change secondary years, helping users choose 
supplementary scenarios for specific stress mechanisms.

For applications in which cooling demand, human thermal stress or 
evaporative cooling is the dominant impact pathway, users can addi
tionally test humidity-aware metrics. In the present case, this sensitivity 
changes 2026 from the second-ranked temperature-based year to the 
highest-ranked humid-heat year, illustrating why the meteorological 
metric should match the downstream application.

The selected years are meteorologically defined stress-test inputs, not 
forecasts, occurrence probabilities or return-period estimates. The index 
does not directly quantify electricity demand, plant derating, cooling- 
water restrictions, outages or cascading system effects. These impacts 
must be represented in the downstream energy-system model using 
appropriate sector-specific relationships and the complete temporal 
sequence of the selected weather year. A transparent application should 
report the selection metadata, simulate the primary and relevant 
sensitivity years, and keep conclusions conditional on the chosen 
climate product, model chain and system perimeter. Used in this way, 
the service connects climate information with detailed resilience 
modelling while preserving a clear audit trail from weather data to 
stress-test scenario.

1. Introduction

Recent heatwaves, like the one in June 2026 in Europe (Mohr et al., 
2026; University of Freiburg, n.d.), are often discussed in comparison 

with well-known historical benchmark events, such as the 2003 Euro
pean heatwave. However, whether a recent event is “stronger” or more 
relevant for energy-system stress testing depends on the heatwave 
definition, the spatial domain, the aggregation method and the meteo
rological dataset used. This creates a need for transparent workflows 
that can compare heatwave years consistently rather than relying on ad 
hoc event selection.

Heatwaves are relevant stress-test events for energy systems because 
they can increase cooling-related electricity demand while simulta
neously constraining thermoelectric generation, hydropower availabil
ity, network operation and cross-border balancing (Breteau et al., 2026; 
Gonçalves et al., 2024; van Vliet et al., 2013). These effects are nonlinear 
and spatially heterogeneous, so stress-test years must preserve the 
temporal and spatial coherence of extreme conditions rather than 
relying on annual, seasonal or spatially averaged climate signals (Gøtske 
et al., 2024; Grochowicz et al., 2024). A selected heatwave scenario can 
then be used to assess operational resilience, including supply adequacy 
under peak-load conditions, regional bottlenecks, import dependence 
and the contribution of storage, demand response or other flexibility 
options.

Despite the growing recognition of heatwaves as relevant stress-test 
events, energy-system studies use a wide range of approaches to repre
sent extreme heat. Some studies identify heatwaves directly from 
meteorological data using explicit metrics. For example, Kabir et al. 
(2026) study the correlation between heatwaves and outage occur
rence using historical temperature and outage records. They use the heat 
index, which combines air temperature and humidity, as the heat 
exposure metric and aggregate it to the daily maximum heat index. 
Threshold values corresponding to the 80th – 95th percentiles are then 
derived from the empirical distribution of all historical warm-season 
observations (May – September). The final threshold is selected to 
ensure a sufficient number of heatwave days and concurrent outage 
observations for regression analysis, and heatwave events are defined as 
periods of at least two consecutive days above this threshold. Saki et al. 
(2025) similarly analyse the relationship between heatwaves, com
pound weather events and power outages using county-level outage data 
and meteorological observations for the United States. While they 
calculate the heat index, it is not used to define heatwaves. Instead, heat- 
related events are identified using official historical National Weather 
Service (NWS) heat advisories and warnings. Meteorological charac
teristics are then computed for these predefined event periods and 
combined with outage observations to investigate the relationship be
tween weather conditions and power-system impacts. Molina et al. 
(2023) investigate the impact of heatwaves on electricity demand and 
wind power production in Southern Europe. Heatwaves are identified at 
the grid-cell level using E-OBS daily maximum temperature, where a 
heatwave is defined as a period of at least three consecutive days with 
temperatures exceeding the 90th percentile of a 31-day moving window 
during the 1971–2000 reference period. Since anomalies in electricity 
demand are the primary focus, the analysis is restricted to grid cells with 
high population density, and only heatwave events affecting at least 
30% of these populated areas are considered. You et al. (2025) inves
tigate the impact of heatwaves on global wind power availability. 
Heatwaves are identified using ERA5 daily maximum temperature, 
where a heatwave is defined as a period of at least three consecutive 
days exceeding the 90th-percentile threshold. The threshold is calcu
lated separately for each grid cell and calendar day using a 15-day 
moving window over the 1980–2023 reference period. The identified 
heatwave periods are then combined with wind power density estimates 
to assess concurrent wind power shortages during heatwaves.

Other energy-system studies investigate heatwave impacts without 
explicitly defining heatwaves from meteorological data. Rübbelke and 
Vögele (2011), for example, select a future climate projection scenario 
that is described as comparable to the European heatwave of 2003. 
Abdin et al. (2019) model a sequence of projected years and discuss the 
impact of heatwave events, without applying an explicit heatwave 
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metric or defining a threshold. Another approach is the construction of 
synthetic scenarios, such as in Ke et al. (2016), where a five-day period 
in historical temperature data is increased by 10 ◦C to represent extreme 
conditions. Together, these studies demonstrate that heatwaves are 
commonly used in energy-system analysis, but also illustrate the lack of 
a consistent and reproducible methodology linking meteorological data, 
heatwave identification and scenario selection.

In contrast, the climate-science literature has developed a large 
number of formal heatwave definitions and metrics. Most definitions 
combine an intensity criterion with a minimum duration requirement, 
commonly three or more consecutive days above a temperature 
threshold (Bunting et al., 2024; Perkins and Alexander, 2013). Thresh
olds are often defined relative to the historical climatology at each 
location, commonly using the calendar-day 90th percentile of historical 
daily maximum or minimum temperature, estimated with a moving- 
window approach to account for the seasonal cycle. Perkins and 
Alexander (2013) note that the 90th percentile represents a compro
mise, providing a sufficient number of events for statistical analysis 
while still capturing conditions that are climatologically extreme.

A widely used index is the Heat Wave Magnitude Index daily 
(HWMId) introduced by Russo et al. (2014, 2015), which combines 
event duration and temperature exceedance into a single metric, 
enabling the ranking of individual heatwave events across regions and 
time periods. Subsequent studies have used HWMId in different ways to 
identify and characterize heatwaves. For Europe, Zschenderlein et al. 
(2019) adapt the HWMId event-identification procedure to represent 
spatially coherent regional heatwaves: in addition to the temporal 
HWMId criteria, at least 5% of a predefined European region must 
simultaneously satisfy the heatwave conditions, resulting in regional 
heatwave climatologies for six different European regions. Lin et al. 
(2022) instead calculate the annual maximum HWMId at each grid 
cell and analyse the resulting spatial fields and area-weighted regional 
HWMId across E-OBS observations and EURO-CORDEX GCM–RCM 
simulations. Their analysis focuses on the representation of historical 
heatwave magnitude, projected changes and the uncertainty introduced 
by different GCM–RCM combinations. Wang and Yan (2021) further 
extend HWMId to spatially coherent regional events by aggregating 
grid-cell magnitudes across the affected area. These studies demonstrate 
that HWMId can be used for grid-cell heatwave characterization, 
spatially coherent regional-event identification, regional aggregation 
and the comparison of historical and projected heatwave magnitude.

Other indices such as the Wet-Bulb Globe Temperature and Universal 
Thermal Climate Index are often motivated by impacts on human health, 
as they consider additional factors such as humidity (Becker et al., 
2022). Comparative studies have shown that no single metric is uni
versally superior, but rather that different metrics emphasize different 
aspects of heatwave risk and are suited to different applications. Recent 
methodological developments have also considered how multiple 
heatwave characteristics should be combined within a single magnitude 
measure. Zhang et al. (2026), for example, propose a Comprehensive 
Heatwave Magnitude Index (CHMI) that accounts explicitly for the 
balance among heatwave characteristics such as intensity, duration, 
frequency and spatial extent, addressing the possibility that compensa
tory aggregation may mask strongly imbalanced events. For energy- 
system applications, no single heat metric captures all relevant stress 
mechanisms. Daily maximum air temperature is directly relevant to 
several engineering impacts, including temperature-dependent elec
tricity demand and constraints on thermal generation and cooling (Ke 
et al., 2016; Molina et al., 2023; van Vliet et al., 2013). Humidity can 
additionally affect human thermal stress, cooling demand and the per
formance of evaporative cooling, while full outdoor heat stress may also 
depend on radiation and wind. For the present application, HWMId 
provides a suitable common meteorological basis because it requires 
only daily maximum temperature, combines temperature exceedance 
and event duration at the grid-cell level, and can be applied consistently 
across the observational and climate-projection datasets considered 

here. Because humidity may nevertheless alter which years are identi
fied as most severe, we additionally test the robustness of the ERA5 
ranking using humidity-aware heat metrics.

Previous energy-system studies have shown that weather-year se
lection and interannual climate variability can materially affect system 
design, operation and robustness assessments (Antonini et al., 2024; 
Craig et al., 2022; Gøtske et al., 2024). Consequently, the procedure used 
to identify representative or extreme years can influence the resulting 
stress-test scenarios and the conclusions drawn from them. This need for 
transparent weather and climate data workflows is consistent with 
broader calls to better connect climate modelling and energy-system 
modelling, particularly when future climate conditions are translated 
into energy-system inputs (Craig et al., 2022).

Taken together, these two strands of literature leave a specific 
methodological step less explicitly addressed: the translation from 
meteorological heatwave characterization to the selection of model- 
ready weather years. HWMId by itself does not specify how grid-cell 
heatwave information should be translated into a limited set of com
plete weather-year scenarios for a spatially resolved energy-system 
model. This translation requires additional choices concerning the 
geographical system perimeter, the spatial aggregation and weighting of 
heatwave severity, the criterion used to rank complete years, and the 
treatment of differences across observational products and climate- 
model chains. The methodological contribution of the present study is 
therefore not the use of HWMId itself, but a reproducible scenario- 
selection workflow that makes these downstream choices explicit, 
tests their influence on the resulting year selection, and retains a 
traceable link between each selected scenario and the climate infor
mation from which it was derived.

From a climate-services perspective, this creates a specific informa
tion need at the interface between climate science and energy-system 
modelling. Observational and climate-model datasets provide large en
sembles of meteorological time series, whereas detailed energy-system 
studies often require a limited number of concrete weather scenarios. 
Energy-system researchers and practitioners conducting climate- 
resilience analyses therefore need climate information that identifies 
severe heat conditions, preserves the original temporal structure of the 
selected weather year, matches the geographical perimeter of the 
energy-system model, and retains information on the underlying data
set, model chain and selection criterion.

Against this background, the study addresses three questions. First, 
how can concrete heatwave stress-test years be selected reproducibly 
from gridded climate information for downstream energy-system 
models? Second, how sensitive is the resulting selection to the 
climate-model chain, spatial domain, aggregation criterion and energy- 
system weighting? Third, was the June 2026 European heatwave com
parable to the 2003 benchmark when duration, local anomaly and 
spatial extent are evaluated consistently?

To answer these questions, we develop a reproducible and inspect
able workflow that transforms gridded observational and climate- 
projection data into traceable, model-ready heatwave stress-test sce
narios. The method is demonstrated for Germany and France and can 
support assessments of energy-system configurations and adaptation 
options under extreme heat. The workflow is released as open-source 
code, and its main methodological choices are configurable, allowing 
it to be reproduced and adapted to other country sets, regional defini
tions, weighting schemes and heatwave indices.

2. Design requirements for a stress-test year definition in energy 
systems

In this study, a heatwave stress-test year is defined as a concrete 
weather year selected for use as an input scenario in downstream 
energy-system optimization. It is not intended to estimate the proba
bility or return period of a heatwave, and it is not a forecast of a specific 
future year. Instead, it provides a reproducible scenario year that 

J. Schuhmacher et al.                                                                                                                                                                                                                          Climate Services 44 (2026) 100742 

3 



preserves the temporal structure of a heatwave event and can be 
communicated as part of a compact scenario set.

Simulating a large ensemble of historical or projected weather years 
is the most comprehensive approach when the research question is to 
quantify weather-year variability or to identify problematic years ex 
post. Such multi-year analyses are valuable, but they are not always 
compatible with the modelling tasks for which stress-test years are 
commonly used. Detailed energy-system studies often combine high 
temporal resolution, spatially resolved networks, brownfield capacity 
constraints, sector coupling, technology-specific operating limits, mar
ket design assumptions, or many policy and investment sensitivities 
(Hoffmann et al., 2024). In such settings, running all available weather 
years can require substantial simplifications, such as reduced spatial 
scope, temporal clustering, simplified operational constraints, or a more 
stylised greenfield formulation.

The purpose of an ex-ante heatwave-year selection is a transparent 
scenario-definition step for modelling applications in which a small 
number of documented stress-test years must be passed to a detailed 
downstream model. This is particularly useful when the question is not 
which year becomes problematic in a large ex post ensemble, but how a 
specified energy-system configuration performs under a meteorologi
cally well-defined and reproducible heatwave stress event.

For this purpose, the selection rule should satisfy four requirements. 
It should identify heatwave events using a recognised meteorological 
index, aggregate the event severity over the spatial perimeter relevant to 
the energy-system model, remain reproducible from stated data prod
ucts and model chains, and expose key sensitivities such as spatial 
domain, climate-model choice and weighting criterion.

The workflow was built around four design choices: daily maximum 
temperature as the meteorological input, HWMId as the event-intensity 
metric, a country-mask aggregation over Germany and France, and 
sensitivity checks that expose alternative choices. HWMId is used 
because it captures exceedance duration and magnitude relative to a 
local reference distribution while remaining directly computable from 
gridded maximum-temperature fields (Russo et al., 2014, 2015). 
Human-biometeorological indices such as WBGT or UTCI are valuable 
for health-impact questions (Błażejczyk et al., 2013; Budd, 2008), and 
the Excess Heat Factor is widely used for severity classification (Nairn 
and Fawcett, 2015), but the present purpose is a meteorological 
energy-system stress-test definition based on temperature extremes, 
with spatial coverage incorporated through the subsequent regional 
aggregation.

In this context, heatwave stress testing can support climate adapta
tion and energy-system resilience assessments by providing a consistent 
meteorological basis for evaluating alternative system configurations 
under extreme heat conditions. The workflow does not prescribe adap
tation measures; rather, it provides traceable climate information 
against which such measures can be assessed.

3. Data and workflow

The workflow uses complementary input data sources. For historical 
rankings, we use E-OBS v33.0e daily maximum temperature (tx) for 
1950–2025, a station-based gridded observational dataset for Europe 
that is widely used in European climate-extreme analyses (Cornes et al., 
2018). ERA5 hourly 2 m temperature is used as a reanalysis-based 
comparison and for the 2026 event assessment, because complete E- 
OBS running-year data are not yet available for 2026 (C3S, 2018). As a 
second historical reanalysis comparison, we used the NOAA Conven
tional Observation Reanalysis (CORe) daily maximum 2 m temperature. 
CORe spans 1950 to near real time and primarily assimilates conven
tional observations (National Oceanic and Atmospheric Administration, 
2026). For projected stress-test years, we use CORDEX-CMIP5/RCP bias- 
adjusted 3-hourly near-surface air temperature (Copernicus Climate 
Change Service, 2021) and CORDEX-CMIP6/SSP ICON-CLM hourly 
near-surface air temperature (Nikulin et al., 2026). In both projection 

ensembles, sub-daily temperature is converted to daily maximum tem
perature before HWMId is calculated. The resulting workflow from 
temperature input data to ranked heatwave stress-test years is summa
rized in Fig. 1. ERA5 hourly 2 m dewpoint temperature is additionally 
used with 2 m air temperature to derive the exploratory humidity-aware 
metrics reported in Appendix D.

3.1. HWMId calculation

We use the Heat Wave Magnitude Index daily (HWMId) following 
Russo et al. (2015) to identify and rank heatwave years from gridded 
temperature data. HWMId is suitable for this purpose because it requires 
only daily maximum temperature and can therefore be applied consis
tently across long historical and projected climate time series. At the 
same time, it combines three properties that are relevant for climate- 
impact and energy-system applications: exceedance above a locally 
defined heat threshold, event duration, and the magnitude of the tem
perature anomaly relative to local climatology.

For each grid cell, daily maximum temperature is needed. Heatwave 
detection is then based on a grid-cell-specific and calendar-day-specific 
threshold. This threshold is calculated as the 90th percentile of daily 
maximum temperature within a 31-day moving calendar window over 
the 1981–2010 reference period. The moving window accounts for the 
seasonal cycle while providing a sufficiently large sample for percentile 
estimation. As a result, each grid cell has its own local threshold for each 
day of the year.

A heatwave event is defined as a period of at least three consecutive 
days on which daily maximum temperature exceeds the local 90th- 
percentile threshold. This minimum duration follows the established 
HWMId definition and distinguishes persistent heatwave events from 
isolated hot days (Russo et al., 2015). For each event day d in each grid 
cell g, the temperature magnitude Mg,d is normalized using the inter
quartile range of annual maximum temperatures during the reference 
period: 

Mg,d = max
(

Tmax − T25

T75 − T25
, 0
)

∀g, d (1) 

where Tmax is the daily maximum temperature of the event day d, and 
T25 and T75 are the first and third quartiles of the annual Tmax maxima in 
the 1981–2010 reference period. The daily magnitude therefore in
creases with the exceedance above T25, scaled by the local spread of 
annual maximum temperatures. The HWMIdg,e each grid cell g of an 
event e is calculated as the sum of daily magnitudes over all event days d. 
This formulation assigns higher values to events that are more intense, 
longer-lasting, or both. 

HWMIdg,e =
∑

d
Mg,d, ∀g, e (2) 

The annual value Hg,y is the maximum event HWMIdg,e of the stron
gest event in that grid cell g and year y. 

Hg,y = max
e

HWMIdg,e, ∀g, y (3) 

For each grid cell and year, only the strongest heatwave event is 
retained. The result is an annual gridded HWMId field in which each grid 
cell represents the magnitude of the most severe heatwave event 
occurring at that location in that year. Years without a qualifying 
heatwave event receive no positive contribution at that grid cell. This 
annual field forms the basis for the spatial aggregation and year ranking 
described below. Because the strongest event is retained independently 
for each grid cell, the resulting annual field may combine local heatwave 
events that occur on different dates. The spatially aggregated score is 
therefore interpreted as a year-level measure of spatially distributed 
heatwave severity. It does not require the strongest local events retained 
in the individual grid cells to occur simultaneously. When the selected 
year is passed to a downstream energy-system model, the complete 
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original weather-year time series is retained, including the actual timing 
and sequence of all heatwave events.

Fig. 2 illustrates the temporal construction of HWMId for the E-OBS 
grid cell with the highest HWMId in the 2003 Germany-France ranking 

domain. Daily maximum temperature is compared with the local 90th- 
percentile threshold, the selected heatwave event is identified as the 
consecutive exceedance period, and the lower panel shows the daily 
magnitude contributions that are summed to the event HWMId.

Fig. 1. Workflow for deriving heatwave stress-test years from gridded temperature data. Daily maximum temperature is converted into grid-cell HWMId values, the 
strongest heatwave event is retained for each grid cell and year, and the resulting annual HWMId fields are spatially aggregated over the selected country domain. 
Years are then ranked by the aggregated score, with sensitivity analyses varying the spatial domain, weighting scheme and ranking criterion.

Fig. 2. Temporal construction of HWMId for an E-OBS grid cell during the 2003 heatwave. Daily maximum temperature is compared with the local 90th-percentile 
threshold estimated from a 31-day moving calendar window over the 1981–2010 reference period. The shaded period marks the selected heatwave event, defined by 
at least three consecutive exceedance days, and the bars show the daily magnitude contributions that are summed to the event HWMId.
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The open-source code allows for operational choices, including the 
reference period, percentile threshold, minimum event duration, input 
temperature variable, spatial country mask, aggregation criterion and 
number of ranked years.

The reanalysis-dataset and threshold sensitivity analysis repeat the 
E-OBS, ERA5 and CORe calculations at the 90th, 95th and 99th per
centiles while holding the reference period, three-day minimum-dura
tion rule and spatial aggregation fixed (Appendix E). To test whether 
accounting for atmospheric humidity changes the historical event 
ranking, we additionally conduct an exploratory ERA5 sensitivity 
analysis using daily maximum Humidex, psychrometric wet-bulb tem
perature and a WBGT-inspired shade proxy. Humidex combines air 
temperature and humidity to represent perceived heat (Diaconescu 
et al., 2023). Psychrometric wet-bulb temperature characterizes the 
temperature attainable through evaporative cooling and therefore pro
vides a humidity-sensitive measure of thermal conditions (Stull, 2011). 
The WBGT-inspired shade proxy combines air temperature and wet-bulb 
temperature using the weighting applied to radiation-free or shaded 
WBGT approximations, but does not represent full outdoor WBGT 
because direct solar radiation, wind effects and an explicitly calculated 
natural wet-bulb or globe temperature are not included (Buzan, 2024; 
Kong and Huber, 2022; Schwingshackl et al., 2024). For each alternative 
variable, local thresholds and reference-period quartiles are recalcu
lated. The 1981–2010 reference period, 90th-percentile threshold, 
three-day minimum duration, annual strongest-event rule and Germa
ny–France spatial aggregation are otherwise retained (Appendix D).

3.2. Spatial aggregation and ranking

The baseline ranking aggregates annual grid-cell HWMId values over 
the selected domain, here Germany and France. For each year, the 
heatwave score is calculated as the sum of annual HWMId values across 
all included grid cells. All years are then ranked in descending order of 
this score, and the highest-ranked years are retained as candidate 
heatwave scenario years.

The summed HWMId score is used as the baseline criterion because it 
combines local event severity with the geographical prevalence of high 
annual grid-cell values. A year with very high HWMId values in only a 
small part of the domain can therefore rank below a year with moder
ately high values distributed across a larger part of the domain. The 
criterion identifies years with spatially widespread annual heatwave 
severity, but it does not require the strongest local events to occur 
simultaneously. When the complete selected weather year is used in a 
downstream energy-system model, the original timing and sequence of 
all meteorological conditions are retained.

The baseline ranking treats all grid cells in the selected countries 
equally. Sensitivity analyses are used to test whether the selected years 
change when alternative spatial or energy-system assumptions are 
introduced. These include area-weighted and unweighted mean 
HWMId, maximum grid-cell HWMId, area-weighted heatwave duration, 
annual temperature anomaly, alternative regional masks and TYNDP 
2024 capacity-based weights (ENTSO-E, 2024; ENTSO-E 2025). The 
Ten-Year Network Development Plan (TYNDP) provides European 
energy-system scenario data used in transmission-system planning, 
including country-level installed generation and storage capacities by 
technology. The capacities from the National Trends future energy 
system scenario for the year 2040 are used. Installed capacity describes 
the maximum rated power of assets such as solar PV, wind turbines, 
hydropower, thermal plants or storage units, and therefore provides a 
simple indicator of where energy-system infrastructure is located in the 
scenario data. We use these capacities as transparent country-level 
weights to test whether the meteorological heatwave ranking remains 
relevant when grid cells are weighted by the approximate spatial foot
print of energy-system assets. In addition to generation and storage ca
pacity weights, a demand-side weighting could also be considered. A 
simple option would be to weight grid cells by population density in 

order to approximate the spatial distribution of electricity demand. 
However, this would only imperfectly represent heatwave-related de
mand stress. During heatwaves, the additional electricity demand rele
vant for power-system stress tests is largely driven by cooling demand, 
which depends not only on population but also on air-conditioning 
penetration, building characteristics, income, behavioral responses 
and regional adaptation levels. Since harmonized spatial data on these 
determinants, in particular on air-conditioning ownership and use, are 
not available for the full study region, we treat population weighting as a 
separate robustness check rather than as an energy-demand weighting. 
The implementation and results are reported in Appendix B. The 
capacity-weighted sensitivity is therefore limited to generation and 
storage capacities, for which the TYNDP data provide a transparent and 
reproducible country-level proxy.

Because the TYNDP capacity data are available only at country level, 
we first calculate an area-weighted HWMId mean for each country and 
then weight these country-level values by the country's share of installed 
capacity in weighting scheme m. The resulting score Sm

y is a capacity- 
weighted mean of country-level HWMId values: 

Sm
y =

∑

c

(
Cm

c∑
c' Cm

c'

⋅
∑

g∈Gc

Ag
∑

g'∈Gc
Ag'

Hg,y

)

, ∀m, y (4) 

where Hg,y is the annual HWMId value of grid cell g in year y, Ag is the 
grid-cell area, Gc is the set of grid cells in country c, and Cm

c is the TYNDP 
installed capacity of country c for weighting scheme m. The weighting 
schemes refer to different capacity categories, including total, renew
ables, PV, wind, storage, and thermal-plus-nuclear capacity. We use 
these capacities as transparent country-level weights in the broader 
Western/Central European sensitivity domain to test whether the 
meteorological heatwave ranking remains relevant when country-level 
energy-system infrastructure patterns are considered.

4. Scenario-year results

4.1. Results across historical data and climate-projection chains

Fig. 3 summarizes the top-ranked heatwave years across three his
torical data products and the CORDEX-CMIP5 and CORDEX-CMIP6 
projection chains. The HWMId sums are used as ranking scores within 
each data set or model chain. They should not be interpreted as exact 
magnitude ratios across E-OBS, ERA5, NOAA CORe, CORDEX-CMIP5 
and CORDEX-CMIP6, because the products differ in grid resolution, 
model formulation and data processing.

Across the common completed period 1950–2025, E-OBS, ERA5 and 
NOAA CORe all identify 2003 as the strongest heatwave year over 
Germany and France. E-OBS and NOAA CORe rank 2019 second, 
whereas ERA5 ranks 2025 second. When the available 2026 data 
through 1 July are included, ERA5 and NOAA CORe both place 2026 
second behind 2003; E-OBS is available only through 2025. This 
agreement supports 2003 as the historical benchmark and 2026 as a 
closely matched recent stress-test candidate, while the ordering of 
lower-ranked years remains data-product dependent.

The CORDEX-CMIP5 results show that future stress-test years are 
strongly projection-chain specific. Under RCP4.5, the top-ranked years 
differ between the available chains: IPSL-WRF selects 2043 and 2070, 
MPI-CLM selects 2062 and 2030, and NCC-HIRHAM selects 2069 and 
2070. Under RCP8.5, most selected years are located toward the end of 
the century, but the exact years again depend on the model chain, with 
2091/2099 for CNRM-ALADIN, 2094/2093 for IPSL-WRF, 2092/2082 
for MPI-CLM and 2091/2060 for NCC-HIRHAM.

The CORDEX-CMIP6 application shows that the same workflow can 
be applied to newer SSP-based projection data without changing the 
ranking workflow. The CNRM-driven ICON-CLM chain selects 2076/ 
2059 under SSP1–2.6, 2078/2089 under SSP2–4.5, 2081/2080 under 
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SSP3–7.0 and 2100/2098 under SSP5–8.5. The MPI-driven ICON-CLM 
chain selects 2063/2067 under SSP1–2.6, 2080/2052 under SSP2–4.5, 
2100/2075 under SSP3–7.0 and 2062/2086 under SSP5–8.5.

Fig. 4 presents the top-10 ranking curves for the main stress-test 
scenario set. The curves are grouped by data family to avoid over- 
interpreting absolute HWMId differences across products. In the his
torical panel, E-OBS and ERA5 use the left y-axis, while NOAA CORe is 
overlaid against the right y-axis because its coarser grid produces 
smaller raw sums. No normalization is applied. Within each data set or 
model chain, the vertical separation between ranked years indicates 
how clearly the selected years stand out from lower-ranked candidates. 
For the main energy-system stress-test package, the default historical 
benchmark is E-OBS 2003. ERA5 and NOAA CORe additionally identify 
2026 as a relevant recent benchmark event. For projected applications, 
RCP4.5/IPSL-WRF 2043 remains the primary future heatwave year, 
with 2070 as a second-ranked sensitivity. RCP8.5/MPI-CLM 2092 re
mains a high-end late-century sensitivity and should always be reported 
together with its model chain.

The spatial HWMId fields of the selected first- and second-ranked 
years are shown in Fig. 5. This spatial check is important because the 
selected stress-test years should not only contain high local HWMId 

values, but should also represent spatially coherent heat stress across the 
Germany-France energy-system domain.

4.2. Comparison of the 2026 and 2003 heatwaves

The European June 2026 heatwave provides a useful test case for the 
workflow because it raises a practical question that cannot be answered 
by temperature maps or peak values alone: how does the event compare 
with the 2003 benchmark heatwave when duration, relative local in
tensity and spatial extent are evaluated consistently? Since the E-OBS 
current-year file is not yet available for 2026, the comparison is carried 
out within ERA5, where both 2003 and 2026 are assessed with the same 
data product and the same HWMId workflow.

The event-window totals in Fig. 6 sum daily contributions from all 
qualifying grid-cell events within the selected regional window. They 
therefore differ slightly from the annual ranking scores in Figs. 3 and 4, 
which retain only the strongest event in each grid cell. For 2003, the 
workflow-selected regional event window extends from 1 August to 31 
August and reaches an aggregated HWMId of 25,336 over Germany and 
France. The spatially coherent regional core lasts from 2 August to 13 
August and accounts for an HWMId of 25,030. For 2026, the selected 

Fig. 3. Top-10 heatwave-year ranking matrix across historical data and CORDEX-CMIP5/CORDEX-CMIP6 projection chains. Cell labels show selected years and 
native-grid HWMId sum is in brackets; colour is normalized to the rank-1 value within each row. Values are intended for ranking within each data product or model 
chain. E-OBS includes complete years through 2025; ERA5 and NOAA CORe include the partial 2026 record through 1 July 2026.
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event period extends from 13 June to 1 July and reaches an aggregated HWMId of 24,594. Its regional core lasts from 17 June to 28 June and 

Fig. 4. Top-10 heatwave-year ranking curves by data family. Lines show ranked native-grid HWMId sums over Germany and France for historical products, CORDEX- 
CMIP5 projection chains and CORDEX-CMIP6 projection chains. In the historical panel, E-OBS and ERA5 use the left y-axis and NOAA CORe the right y-axis because 
its coarser native grid produces smaller raw sums; no normalization is applied. Curves are interpreted within each data product or model chain rather than as direct 
cross-product magnitude comparisons. Circles indicate rank 1, triangles indicate rank 2 and smaller circles indicate ranks 3–10.

Fig. 5. Spatial distribution of annual HWMId values for the strongest and second-strongest heatwave years in the selected stress-test scenario set. Each grid cell 
shows the HWMId of the most severe local heatwave event occurring in that year. The maps indicate where the selected years produce spatially coherent heatwave 
severity across Europe and across the Germany-France ranking domain.
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reaches an HWMId of 24,157. The 2026 event is therefore very close to 
the 2003 benchmark in the ERA5 assessment, but remains slightly lower 
in aggregated HWMId over the Germany-France domain.

The comparison in Fig. 6 also illustrates the added value of the 
HWMId-based workflow. The maximum grid-cell temperature during 
the 2026 core is slightly higher than during the 2003 core in the ERA5 
extraction, but the aggregated HWMId remains lower. This is because 
the metric also accounts for the duration of threshold exceedance, the 
local reference-period normalization and the spatial contribution of 
affected grid cells. In this sense, the workflow distinguishes a compact, 
intense recent event from a longer benchmark event without reducing 
the comparison to a single peak-temperature value.

The exploratory humidity-aware sensitivity in Appendix D further 
shows that the comparison depends on the impact pathway represented 
by the meteorological variable. With ERA5 data through 1 July 2026, all 
three humidity-aware variants rank 2026 first. The 2003 benchmark 
ranks second for Humidex and the shade-WBGT proxy and fifth for wet- 
bulb temperature. Rank correlations with the temperature-based 
HWMId ordering are approximately 0.91 for Humidex and the shade- 
WBGT proxy and 0.69 for wet-bulb temperature. Thus, 2026 appears 
more pronounced as a humid-heat event, whereas 2003 remains the 
slightly stronger temperature-based HWMId benchmark.

5. Robustness checks

5.1. Projection-chain sensitivity across CORDEX-CMIP5 and CORDEX- 
CMIP6

Applying the same workflow to the available CORDEX-CMIP5 and 
CORDEX-CMIP6 projection chains shows that selected stress-test years 
depend on the GCM/RCM chain and scenario framework. A GCM/RCM 
model chain denotes the combination of a global climate model, which 

provides the large-scale climate simulation, and a regional climate 
model, which dynamically downscales that simulation for Europe.

We do not expect the same calendar year to be selected across in
dependent climate-model chains, because simulated years are not syn
chronized realizations of the same future weather. The purpose of this 
sensitivity check is to document how strongly the selected stress-test 
year, event magnitude and timing depend on the chosen GCM/RCM 
chain. The IPSL-WRF RCP4.5 chain reproduces 2043/2070 as the top 
two years. In contrast, alternative RCP4.5 chains select 2062/2030 for 
MPI-CLM and 2069/2070 for NCC-HIRHAM. RCP8.5 top years also vary 
across chains, ranging from 2091/2099 for CNRM-ALADIN to 2094/ 
2093 for IPSL-WRF and 2092/2082 for MPI-CLM. This confirms that the 
scenario year is a model-chain-specific stress-test year rather than a 
generic scenario label. Fig. 7 visualizes this model-chain dependence by 
comparing the timing and magnitude of the ten highest-ranked years 
across the available Copernicus/CORDEX chains.

5.2. Regional-mask and weighting sensitivity

Regional-domain sensitivity tests whether the selected years are 
specific to the Germany-France perimeter or whether they also emerge 
when the spatial domain is narrowed or broadened. For RCP4.5/IPSL- 
WRF, the baseline Germany-France selection of 2043/2070 is retained 
when the domain is expanded to Germany, France, Benelux, Alpine 
countries and the broader Western/Central European domain (Fig. 8). 
The N-1 sensitivity in Appendix C shows that 2043 remains the top- 
ranked year in all Western/Central European leave-one-country-out 
variants except when France is omitted, where the top-ranked year 
shifts to 2039. This indicates that France contributes materially to the 
system-wide ranking of the 2043 event.

The RCP8.5/MPI-CLM case is more sensitive to the regional perim
eter. Germany-France selects 2092/2082, whereas the broader Western/ 

Fig. 6. ERA5 benchmark comparison of the 2003 and 2026 heatwaves over Germany and France. Grey shading indicates the selected event period: contiguous days 
with positive regional HWMId contribution that include a spatially coherent regional core. Yellow shading indicates the regional core, defined as contiguous days 
with at least 50% of grid cells exceeding their local 90th-percentile threshold. Bars show daily HWMId contributions; green lines show the share of cells above 
threshold, and dashed grey lines show the spatial mean threshold. Lower panels compare spatial mean daily maximum temperature with the mean threshold. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

J. Schuhmacher et al.                                                                                                                                                                                                                          Climate Services 44 (2026) 100742 

9 



Fig. 7. Selected heatwave years across historical data and CORDEX-CMIP5/CORDEX-CMIP6 projection chains. Points show the first- and second-ranked years 
selected by the same Germany-France HWMId ranking workflow. Circles indicate rank 1 and triangles indicate rank 2. Colours group model chains and shades 
distinguish scenarios. The figure illustrates that the workflow is transferable across data products and projection ensembles, while selected calendar years remain 
projection-chain and scenario specific.

Fig. 8. Sensitivity of the top-ranked heatwave years to the selected regional domain. Cells show the highest-ranked year for each country mask and data basis, with 
the second-ranked year in parentheses. Colours indicate whether both selected years match the Germany-France reference, only rank 1 matches, rank 1 changes but 
one reference year remains among the top two, or neither reference year remains among the top two.
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Central European domain selects 2098/2092. In the N-1 sensitivity, 
2098 remains rank 1 in all leave-one-country-out variants except when 
Spain is omitted, where 2092 becomes rank 1. The high-end scenario 
should therefore be interpreted as model-chain and system-perimeter 
dependent.

After testing sensitivity to the regional domain, we assess whether 
the ranking changes when country-level heatwave severity is weighted 
by installed electricity-generation and storage capacity. For the histor
ical E-OBS case, 2003 remains the highest-ranked year under all repre
sentative TYNDP 2024 weightings; 2019 remains second except under 
the thermal-plus-nuclear weighting, which selects 2022. For RCP4.5/ 
IPSL-WRF, total capacity, renewables, photovoltaics and wind select 
2070/2043, battery-plus-pumped-hydro capacity selects 2070/2039, 
and thermal-plus-nuclear capacity selects 2043/2041. For RCP8.5/MPI- 
CLM, all weightings retain 2092 as the highest-ranked year, while the 
second-ranked year is 2098 for total capacity, renewables, photovoltaics 
and wind, and 2090 for thermal-plus-nuclear and battery-plus-pumped- 
hydro capacity. The results therefore indicate that capacity weighting 
generally retains the dominant historical and high-forcing stress years 
but can change the ordering and the selection of secondary years, 
particularly for the RCP4.5 case (Fig. 9). These technology-weighted 
results are not used to redefine the baseline scenario because they are 
country-level capacity proxies from one TYNDP scenario year. They are 
nevertheless useful for downstream energy-system interpretation: a 
heatwave year that is most stressful for the spatial footprint of solar or 
wind capacity need not be identical to the year selected by an un
weighted Germany-France HWMId sum.

As an additional exposure-oriented sensitivity, we also rerank the 
Germany-France years with a population-weighted HWMId mean. The 
historical WorldPop weighting retains E-OBS 2003/2019. For future 
projections, every fixed-2040 ISIMIP2b population distribution from 
SSP1 to SSP5 retains 2043/2070 for RCP4.5/IPSL-WRF and 2092/2082 
for RCP8.5/MPI-CLM (Appendix B).

5.3. Ranking-criterion sensitivity

For the selected Germany-France case, the HWMId-based main se
lection is stable under three closely related aggregation criteria: HWMId 
sum, area-weighted mean HWMId and unweighted mean HWMId select 
the same top two years. This confirms the robustness of the selected 
example, but not of the method across all possible masks or datasets. 

Criteria that target different physical properties produce different 
sensitivity years: maximum grid-cell HWMId emphasizes localized ex
tremes, duration emphasizes persistence, and annual Tmax anomaly 
highlights warm years that do not necessarily contain the strongest 
HWMId event. The baseline HWMId sum is therefore retained because it 
balances intensity and spatial extent and is aligned with the energy- 
system stress-test objective. Fig. 10 compares the resulting top-two 
years across the alternative ranking criteria.

5.4. Historical reanalysis data and threshold sensitivity

E-OBS, ERA5 and NOAA CORe all rank 2003 first for the completed 
1950–2025 period. With data through 1 July 2026, ERA5 and CORe 
both rank 2026 second behind 2003. For completed years, pairwise 
Spearman rank correlations are 0.99 for E-OBS/ERA5, 0.96 for E-OBS/ 
CORe and 0.95 for ERA5/CORe; their top-ten sets share nine, six and 
seven years, respectively (Fig. E.1).

The E-OBS top two remain 2003/2019 at the 90th, 95th and 99th 
percentiles. ERA5 retains 2003/2026 at the 90th and 95th percentiles, 
with score gaps of 1.94% and 0.34%, but reverses the order at the 99th 
percentile, where 2003 is 41.39% below 2026 (Fig. E.2). Because these 
scores are deterministic transformations of dependent gridded time se
ries and no stochastic null model is specified, a conventional p-value is 
not directly applicable; separation is assessed through score gaps and 
sensitivity across definitions and data products.

6. Discussion

The results demonstrate that the proposed workflow provides a 
transparent scenario-definition method for heatwave stress tests in 
energy-system modelling. The motivating comparison between 2003 
and 2026 shows why such a workflow is needed. Within ERA5, the 2026 
heatwave is almost as strong as the 2003 benchmark over Germany and 
France, but the ranking combines event-based HWMId information on 
duration and local anomaly with subsequent spatial aggregation rather 
than on maximum temperature alone. The small ERA5 score gaps at the 
90th and 95th percentiles and the reversal at the 99th percentile show 
that 2003 and 2026 are best treated as closely matched candidates 
rather than as universally ordered events.

The humidity-aware sensitivity also demonstrates that the term 
comparable is impact-pathway dependent. Metrics that include 

Fig. 9. Representative TYNDP 2024 capacity-weighted heatwave-year sensitivity. Rows compare the unweighted Germany-France reference with representative 
country-level capacity-weighted sensitivities for the broader Western/Central European domain, based on installed electricity-generation capacities from the TYNDP 
2024 National Trends 2040 dataset. For each weighting scheme, country-level capacity shares weight the area-weighted country mean HWMId values. Cells show the 
highest-ranked year, with the second-ranked year in parentheses; colours indicate whether the top-two years match the unweighted reference ranking.
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atmospheric moisture may be informative for cooling-demand, human- 
exposure or evaporative-cooling applications, whereas dry-bulb 
maximum temperature remains more directly connected to other tech
nical stressors. The alternative metrics therefore complement the 
HWMId selection for specific applications rather than providing a uni
versally superior ranking (Cvijanovic et al., 2023).

The historical and projection results also show that a heatwave year 
should not be reported as a generic “RCP4.5”, “RCP8.5” or “SSP” year. It 
is always the result of a specific data product, model chain, spatial 
domain, reference period and ranking criterion. This is especially 
important for downstream energy-system studies, where a selected 
weather year may influence electricity demand, renewable generation, 
thermal plant availability, storage operation and market outcomes.

The comparison between CORDEX-CMIP5 and CORDEX-CMIP6 
should therefore be interpreted as a demonstration of transferability 
and projection-chain sensitivity, not as a direct attribution of differences 
between the two ensemble generations. The workflow can be applied to 
both data families, but the selected calendar years remain chain-specific. 
This is visible in the high-forcing cases: CNRM-ICON SSP5–8.5 selects 
end-century years, whereas MPI-ICON SSP5–8.5 selects 2062 and 2086. 
The selected year reflects both the climate-change signal and internal 
variability within the respective model chain.

For practical energy-system applications, the main value of the 
workflow is not to replace simulations of many weather years where 
those are feasible. Its value is to define a small, traceable set of stress-test 
years before running computationally expensive or highly detailed 
model studies. This is useful when full multi-decadal weather-year en
sembles would require strong model simplifications, repeated greenfield 
optimizations or large scenario matrices. The selected years should 
therefore be understood as transparent stress-test inputs, not as proba
bilistic estimates of future heatwave occurrence.

The sensitivity analyses indicate how the workflow can be adapted to 
different modelling questions. A purely meteorological Germany-France 
stress test supports 2043 as the primary RCP4.5/IPSL-WRF year. A 
broader or capacity-weighted energy-system perspective may shift the 
emphasis toward 2070 or other secondary years. This is not a weakness 
of the method; it makes explicit that the “most relevant” heatwave year 
depends on the system boundary and the stress mechanism being tested. 

The recommended practice is therefore to report the baseline meteoro
logical selection together with a small number of documented sensitivity 
years.

7. Limitations and appropriate use

The workflow is designed to define internally consistent heatwave 
stress-test years. The selected years therefore depend on the specific 
climate data product, emission pathway, bias correction and GCM/RCM 
model chain used in the analysis. Accordingly, a reported scenario year 
should not be interpreted as a generic RCP4.5, RCP8.5 or SSP heatwave 
year, but as the outcome of a defined ranking procedure applied to a 
specific model chain and spatial domain. HWMId values should be 
interpreted in the same way: they are relative ranking scores within the 
chosen dataset and reference-period definition.

The heatwaves can be compared directly for the 2003 and 2026 
ERA5 event-period comparison because the data product and aggrega
tion setup are identical, but they should not be used as exact physical 
magnitude ratios across E-OBS, ERA5, NOAA CORe, CORDEX-CMIP5 
and CORDEX-CMIP6. The humidity-aware extension is exploratory. 
Wet-bulb temperature is estimated with the standard-sea-level-pressure 
approximation of Stull (2011), and the shade-WBGT proxy assumes no 
solar load and uses psychrometric wet-bulb temperature in place of a 
measured natural wet-bulb temperature. It is therefore not a full outdoor 
WBGT calculation. Applying the HWMId event and ranking logic to 
these alternative daily variables produces study-specific sensitivity 
scores, not standardized heatwave indices or direct estimates of elec
tricity demand, health outcomes or technical derating.

The Germany-France domain reflects the motivating cross-border 
energy-system use case of this study. Applying the method to another 
model perimeter may change the ranking and its stability, especially if 
the spatial extent of the heatwave differs across countries. The same 
applies to the capacity-weighted sensitivity checks. These weights 
approximate the spatial relevance of future energy-system assets using 
one TYNDP 2024 National Trends 2040 dataset, but they do not repre
sent detailed plant locations, hourly generation profiles or weather- 
dependent availability. They should therefore be understood as diag
nostic checks on the meteorological ranking rather than as a general 

Fig. 10. Sensitivity of selected heatwave years to alternative ranking criteria for Germany and France. Rows compare the baseline summed-HWMId score with area- 
weighted mean HWMId, unweighted mean HWMId, maximum grid-cell HWMId, area-weighted heatwave duration and area-weighted annual maximum-temperature 
anomaly. Cells show the highest-ranked year, with the second-ranked year in parentheses. Colours indicate whether both selected years match the baseline HWMId- 
sum ranking, only rank 1 matches, rank 1 changes but one baseline year remains among the top two, or neither baseline year remains among the top two.
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energy-system weighting scheme.

8. Conclusions

This study presents a transparent HWMId-based workflow for 
selecting concrete heatwave years for energy-system stress-test sce
narios and for comparing recent events with historical benchmarks. 
Applied to Germany and France, the workflow identifies 2003 as the 
historical reference year and, at the primary threshold, places June 2026 
closely behind it in ERA5 and CORe; alternative thresholds and 
humidity-aware metrics can reverse the exact ordering. For projected 
climate conditions, it identifies 2043 under RCP4.5/IPSL-WRF as the 
primary future stress-test year, 2070 under the same chain as an addi
tional future sensitivity case, and 2092 under RCP8.5/MPI-CLM as a 
high-impact late-century sensitivity case. The CORDEX-CMIP5 and 
CORDEX-CMIP6 comparison demonstrates that selected future years 
remain projection-chain specific. We therefore recommend that heat
wave stress-test years are always reported together with the data 
product, climate-model chain, spatial domain, ranking criterion, 
weighting choice and HWMId-score interpretation used to select them.

The workflow is released as open-source code, with configurable 
methodological choices including the heatwave index, regional defini
tion and weighting scheme, so that it can be reproduced and adapted to 
other applications. Future research could extend the approach by testing 
additional heatwave and heat-stress metrics, developing alternatives for 
explicitly spatially coherent event identification, and assessing how 
different weather-year selections propagate into downstream energy- 
system outcomes such as demand, generation availability, storage 
operation, network flows and supply adequacy.
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Appendix A. Data used

Table A.1 summarizes the data basis used in this study.

Table A.1 
Data products and their role in the scenario-definition workflow.

Data product Period used Role in this study

E-OBS v33.0e daily Tmax (tx) 1950–2025 Historical ranking and plausibility check against known European heatwaves.
ERA5 hourly 2 m temperature (t2m) and dewpoint 

temperature (d2m)
1950–2026 Reanalysis-based comparison, 2003/2026 benchmark assessment and 

exploratory humidity-aware sensitivity.
NOAA CORe daily maximum 2 m temperature 1950–2026 Independent historical reanalysis sensitivity and 2003/2026 ranking check.
CORDEX-CMIP5/RCP tasAdjust to 2100 Primary future scenario selection and raw-data ensemble sensitivity.
CORDEX-CMIP6/SSP ICON-CLM tas historical 1950–2014; SSP periods from 

2015 onward
Workflow transferability check and additional projection-chain sensitivity.

TYNDP 2024 National Trends 2040 capacities 2040 Country-level electricity-generation-capacity weighting sensitivity.
WorldPoP 2020 and ISIMIP2b SSP1-SSP5 population 2020; 2040 Cell-level historical and future population-weighting sensitivities, respectively.

Appendix B. Population-weighted sensitivity

To test population exposure sensitivity, we apply cell-level population weights. Historical E-OBS uses WorldPop, 2020 counts, whereas future 
projections use ISIMIP2b population for a fixed 2040 planning year under SSP1-SSP5 (Jones and O'Neill, 2016; Piontek and Geiger, 2017; WorldPop, 
2020). The population year is independent of the selected weather-year label. Population is remapped to the HWMId grid and normalized before the 
annual grid-cell HWMId values are aggregated. The resulting score is 

Spop
y =

∑
gPg*Hg,y
∑

gPg
, ∀y (B.1) 

where Pg is the population assigned to grid cell g and Hg,y is the annual HWMId value of that grid cell in year y.
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The historical WorldPop weighting retains E-OBS 2003/2019. All five fixed-2040 SSP population distributions retain 2043/2070 for RCP4.5/IPSL- 
WRF and 2092/2082 for RCP8.5/MPI-CLM. The scores vary slightly, but the selected years do not change (Fig. B.1). Population weighting is treated as 
a separate exposure sensitivity, because cooling demand also depends on air-conditioning, buildings and adaptation.

Fig. B.1. Fixed-2040 SSP population-weighting sensitivity for the two primary future projection chains. Rows apply cell-level ISIMIP2b population weights for SSP1- 
SSP5. Cells show the highest-ranked year, with the second-ranked year in parentheses. Green indicates that both years match the unweighted reference. The 
population year is fixed at 2040 and is independent of the selected weather-year label. (For interpretation of the references to colour in this figure legend, the reader 
is referred to the web version of this article.)

Appendix C. N-1 country sensitivity

Fig. C.1. Western/Central European N-1 sensitivity of the heatwave-year ranking. Each row omits one country from the full Western/Central European domain 
before aggregating annual HWMId values. Cells show the highest-ranked year, with the second-ranked year in parentheses. Colours indicate whether both selected 
years match the full-domain reference, only rank 1 matches, rank 1 changes but one reference year remains among the top two, or neither reference year remains 
among the top two. This sensitivity test identifies whether the regional ranking is driven by any single country.
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Appendix D. Humidity-aware metric sensitivity

Humidity can influence human thermal stress, cooling demand and the performance of evaporative cooling. We therefore test whether the ERA5 
Germany–France ranking changes when daily maximum air temperature is replaced by three humidity-aware variables: Humidex, psychrometric wet- 
bulb temperature and a WBGT-inspired shade proxy.

Hourly 2-m air temperature T and 2-m dewpoint temperature Td are taken from ERA5. Relative humidity is derived from T and Td using the 
Magnus-form approximation for saturation vapour pressure with the coefficients recommended by Alduchov and Eskridge (1996): 

RH = 100*
exp
(

17.625 Td
243.04+Td

)

exp
(

17.625 T
243.04+T

) (D.1) 

where RH is expressed in percent and T and Td are in degrees Celsius.
Humidex is calculated from air temperature and dewpoint-derived vapour pressure following the formulation introduced by Masterton and 

Richardson (1979) and used in subsequent climate applications (e.g. Chakraborty et al., 2022; Diaconescu et al., 2023): 

Hu = T+0.5555(e − 10) with e = 6.11 exp
(

5417.753
(

1
273.15

−
1

Td,k

))

(D.2) 

where e is vapour pressure in hPa and Td,k = 273.15 + Td is dewpoint temperature in Kelvin.
Psychrometric wet-bulb temperature is estimated from air temperature and relative humidity using the empirical approximation of Stull (2011): 

Tw = T⋅arctan
[

0.151977(RH + 8.313659)
1
2

]

+ arctan(T + RH) − arctan(RH − 1.676331) + 0.00391838 RH3/2arctan(0.023101 RH) − 4.686035

(D.3) 

The approximation was derived for standard sea-level pressure and is applicable for air temperatures from − 20 to 50 ◦C and relative humidity from 
5% to 99%, except for combinations of low temperature and low humidity. Across its stated valid range, Stull (2011) reports errors between 
approximately − 1 and +0.65 ◦C and a mean absolute error below 0.3 ◦C.

As a third humidity-aware sensitivity metric, we calculate a WBGT-inspired shade proxy as 

WBGTshade = 0.7 Tw +0.3 T (D.4) 

The same weighting is commonly used for simplified WBGT calculations under radiation-free conditions, for which globe temperature is assumed 
to equal air temperature (e.g. Schwingshackl et al., 2024). Here, however, Tw is the psychrometric wet-bulb temperature estimated with Eq. (D.3), 
rather than the natural wet-bulb temperature required for a full outdoor WBGT calculation. WBGTshade is therefore used only as a humidity-aware 
proxy and should not be interpreted as full outdoor WBGT, which additionally depends on radiative and wind conditions and requires explicit nat
ural wet-bulb and globe-temperature calculations (Budd, 2008; Kong and Huber, 2022).

For each variable, hourly values are reduced to daily maxima. The local 90th-percentile thresholds and reference quartiles are then recalculated 
separately for each metric over the 1981–2010 reference period. The same event-detection and ranking procedure as in the temperature-based analysis 
is subsequently applied: a minimum event duration of three consecutive days, selection of the strongest annual event at each grid cell, and spatial 
aggregation over the Germany-France domain. Because each metric has its own physical scale, threshold distribution and normalization, absolute 
event scores are compared only within the same metric; comparisons between metrics are based on ranks, rank correlations and top-ten overlap.

The completed-year comparison retains 2003 at rank 1 for temperature-based HWMId, Humidex and the shade-WBGT proxy, but places it at rank 4 
for wet-bulb temperature. When ERA5 data through 1 July 2026 are included, 2026 ranks second under HWMId, reaching 98.1% of the 2003 score, 
but ranks first under all three humidity-aware variants. Within the respective metric, the 2026 score is 146.8% of the 2003 Humidex score, 221.0% of 
the 2003 wet-bulb score and 151.0% of the 2003 shade-WBGT score. Spearman rank correlations with the temperature-based ordering are 0.91 for 
Humidex, 0.69 for wet-bulb temperature and 0.91 for the shade-WBGT proxy. Fig. D.1 therefore indicates that the June 2026 event was substantially 
more exceptional when humidity was included than when it was characterized by dry-bulb temperature alone. 
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Fig. D.1. Humidity-aware sensitivity of the ERA5 Germany-France heatwave-year ranking. Rows show the ten highest-ranked years for temperature-only HWMId, 
Humidex, wet-bulb temperature and a shade-WBGT proxy. Panel A includes completed years from 1981 to 2025; Panel B additionally includes 2026 through 1 July. 
Each row uses locally recalculated thresholds and reference quartiles while retaining the same 1981–2010 reference period, 90th-percentile threshold, minimum 
three-day duration, strongest-event rule and spatial aggregation. Red identifies 2003 and orange identifies the incomplete 2026 year. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.)

Appendix E. Reanalysis data and threshold sensitivity

The historical-product comparison retains each product on its native grid and therefore compares ranks rather than absolute HWMId sums.

Fig. E.1. Top-ten heatwave-year rankings over Germany and France for E-OBS, ERA5 and NOAA CORe. Panel A contains completed years from 1950 to 2025. Panel B 
additionally includes ERA5 and CORe data through 1 July 2026; E-OBS remains available through 2025. CORe lacks 19 May 2026, which is outside the selected June 
event. Red identifies 2003 and orange the incomplete 2026 year. (For interpretation of the references to colour in this figure legend, the reader is referred to the web 
version of this article.)
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Fig. E.2. Threshold sensitivity of the two highest-ranked Germany-France heatwave years. The E-OBS and ERA5 calculations use 90th-, 95th- and 99th-percentile 
thresholds while retaining the 1981–2010 reference period, minimum three-day duration and spatial aggregation. Solid lines denote rank 1 and dashed lines rank 2; 
labels identify the selected years. ERA5 includes data through 1 July 2026, whereas E-OBS contains completed years through 2025.
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