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Abstract
Climate change is intensifying the frequency and severity of environmental hazards, with distinct impacts in urban and rural areas. Cities can experience
amplified risks due to the urban heat island effect and increased exposure to extremes. We analyze climate extreme indices using Euro-CORDEX regional
climate models that include urban representations, focusing on 40 cities and their surrounding rural areas. Our findings highlight that city-scale hazards
intensify with warming across the domain, while precipitation responses are strongly regional. Mediterranean cities exhibit robust drying and longer dry
spells, whereas central and northern European cities experience the strongest and most widespread increases in heavy-precipitation extremes. Urban–rural
contrasts strengthen several hazard metrics, particularly minimum-temperature extremes, with the strongest signals found in inland cities, underscoring the
need for targeted adaptation measures. Understanding how global warming impacts these hazard indices is crucial for developing climate-resilient policies
and strategies tailored to both urban and rural settings.

1. Introduction
Cities represent critical hotspots of climatic change, where complex interactions between land cover changes, anthropogenic heat release, and
heterogeneous urban geometry significantly modify local atmospheric conditions. In Europe, where over 75% of the population lives in urban areas 1, the
interplay between urbanization and climate variability has become an issue of growing scientific, environmental and policy concern. These physical changes
represent the basis for the so-called Urban Heat Island (UHI) phenomenon: the urban centers often show higher temperatures compared to their rural
surroundings. Beyond that, cities affect other climatic processes like local wind conditions, humidity levels, and precipitation regimes, often enhancing
convective activity. Moreover, urban populations face heightened exposure and vulnerability to climate extremes, such as heatwaves, droughts, and intense
rainfall events, whose frequency and intensity are projected to increase under global climate change scenarios. Consequently, understanding the
mechanisms driving urban-climate interactions is essential not only for advancing scientific knowledge but also for guiding sustainable urban planning,
climate adaptation, and public health strategies 2.

Extreme weather events have increased in both frequency and intensity in recent decades as a consequence of climate change 3. In Europe, the climate is
changing rapidly, and the extreme events observed in recent years provide a glimpse of what may lie ahead under continued global warming 4. Floods,

droughts, and heatwaves have increasingly disrupted ecosystems, agriculture, infrastructure, and public health across the continent 4–6. Managing these
escalating climate risks and enhancing resilience has therefore become a central concern for decision-makers at all levels of governance, from European and
national to regional and local 4,7.

Climate models are increasingly incorporating urban processes to more accurately simulate city-climate interactions. High-resolution EURO-CORDEX regional
climate simulations have proven especially valuable in providing an essential framework to examine the role of urban land cover in regulating temperature,
humidity, and extreme weather events at the continental scale. However, a crucial challenge persists in accurately quantifying both the spatial extent and
magnitude of the urban effect in such simulations, particularly given their relatively coarse horizontal resolution for city-scale analyses (approximately 12.5
km), the heterogeneous representation of urban fraction (UF), the parametrization of surface effects and the limited quality of underlying data across
different models. Most applications of RCMs to urban climate have so far focused on single cities or limited regions 8–12, where the inclusion of urban

canopy models has shown an improvement in the representation of the urban heat island (e.g., Huszár et al.13). For instance, studies over Central Europe and
France demonstrated that explicit canopy parameterizations capture nocturnal warming and diurnal cycles more realistically compared to bulk schemes
13,14. However, only a few recent efforts have extended such analyses to the continental or even global scale, notably Langednijk et al. 15 and Diez-Sierra et al.
16, who applied urban representations consistently across the CORDEX-CORE ensemble (at 25 km resolution) to assess urban climate change signals in a
multi-city framework.

While convection-permitting (CP) simulations operating at kilometer-scale resolution can resolve urban morphology and local processes with far greater
detail—thereby improving the representation of boundary-layer dynamics, extreme temperature events, and fine-scale UHI patterns 9,11,17,18 — their application
remains constrained to individual cities or limited regions due to computational demands. As a result, CP-based projections offer valuable process-level
insights but lack the spatial coverage and ensemble diversity needed for continental-scale assessments. In contrast, the EURO-CORDEX at 12 km resolution
provides a uniquely comprehensive framework: it covers the full range of global warming levels with continuous, multi-decadal simulations produced by
multiple RCMs downscaling multiple GCMs, yielding a multi-member ensemble suitable for robust multi-city and pan-European analyses. Despite its coarser
resolution and simplified urban representation, this ensemble offers the essential advantage of geographical completeness at continental scale and
statistical robustness, enabling a systematic characterization of urban climate signals across Europe under future scenarios.

Hazard indices serve as critical tools to quantify and compare risks, providing insight into how different areas respond to climate stressors. Schwingshackl
et al. 19 analysed the EURO-CORDEX ensemble for 36 major European cities using three metrics: yearly maximum temperature, number of days with
temperatures exceeding 30°C, and daily Heat Wave Magnitude Index. They found that ambient heat is projected to increase across all cities at 3°C global
warming, with particularly strong increases in southern Europe, though the magnitude and spatial patterns of projected heat depend strongly on the chosen
metric. Similarly, analyses based on the Universal Thermal Climate Index (UTCI) highlight that thermal stress patterns across Europe are shaped not only by
large-scale warming but also by local geographic and urban factors. Northern European coastal cities have experienced reduced cold stress due to maritime
moderation, while inland Mediterranean cities exhibit higher summer heat stress compared to coastal counterparts in the same subregion. In contrast,
densely built cities with limited vegetation, such as Milan, are expected to face amplified summertime thermal stress, illustrating the combined effects of
regional climate change and urban heat island intensification on human thermal comfort 20.



Page 3/23

In this paper, we assess the climate signal across a tailored set of 40 European and Northern African cities through a systematic analysis of EURO-CORDEX
simulations. The objective is to characterize how these regional climate models capture the climatic signature of urban areas and to evaluate the robustness
of the simulated urban effects across Europe. This kind of analysis is needed not only for improving the fidelity of urban climate projections, but also for
guiding adaptation strategies tailored to city-specific climate risks under future warming scenarios.

2. Results

2.1. Urban Heat Island of maximum and minimum temperature

2.1.1. Evaluation
The evaluation runs driven by ERA-Interim provide valuable insights into the ability of the models to represent the UHI signal for both maximum and minimum
temperatures. For this analysis we use six RCMs, since the evaluation output from the model UHOH-WRF361H was unavailable when the study was
conducted. UHI intensity is calculated as the difference between the daily (minimun or maximum) temperature of urban and rural grid points. Figures 1 and 2
show the annual cycle of UHI (tasmax and tasmin, respectively) compared against observations for a subset of 12 cities with sufficient data coverage. Not all
models are available in all cities due the 40% minimum urban-fraction threshold (see section 4.2) used to select urban grid cells in each model. For tasmax
(Fig. 1), most RCMs simulate a modest UHI intensity, generally below 2°C across the year, consistent with observations in most of the cities. The REMO2015
model stands out for producing a pronounced annual cycle, with peak values during summer months across nearly all cities, except in the NEU coastal cities
(Copenhagen and Stockholm), where the signal is much weaker. This feature in REMO’s performance was also shown in Langendijk et al. 15 in several cities
around the globe and at a lower resolution. In Athens, observations reveal a distinct minimum in summer UHI, opposite to REMO’s strong summer maximum.
In Glasgow, all models show weaker UHI intensity throughout the year, although they capture the seasonal behaviour. Overall, in most of the cities the
observations lay in the range of the represented UHI annual cycle by the RCMs.

For tasmin (Fig. 2), observations exhibit a stronger and more persistent UHI signal than for tasmax, with values exceeding 2–3°C in several cities throughout
the year. The RCMs generally show a large inter-model variability, with REMO, RACMO and ALADIN mostly underestimating the observed UHI across the year,
as opposed to RegCM, WRF381P and HadREM which tend to overestimate the tasmin annual evolution in around half of the cities. WRF381P, in particular,
shows a strong annual cycle, with an overestimation of summer maxima in nearly all cities, diverging from observations. This could be partly related to the
WRF model’s use of a binary urban fraction (0% or 100%), which can accentuate the contrast between urban and rural grid cells and thereby amplify the
simulated UHI signal. For the largest cities of London and Paris, both RegCM and HadREM3 show a good agreement with observations throughout the year.
REMO shows a flattening in the annual cycle of tasmin with respect to tasmax (Fig. 1). ALADIN and RACMO show in general a large underestimation of the
UHI effect, except for the cities of Hamburg, Warsaw and Copenhagen where they better align with observations than the rest of the RCMs.

The evaluation runs demonstrate that while models can capture the presence of UHI to some extent, they often struggle with its magnitude of the UHI and
amplitude of the seasonal cycle. Differences between tasmax and tasmin UHI are consistently found in both observations and models, with nocturnal UHI
being more intense and persistent. The RegCM model, which includes a UCM urban scheme (see Table 1), shows more intense UHI values for tasmin than
most of the bulk-based models, due to the UCM scheme’s ability to retain heat during the night 21. The opposite occurs for tasmax, where the slab-based
models tend to reach higher temperatures during the day in most cases.

2.1.2. Projections
In this section, we analyze future projections of mean summer UHI using the RCP8.5 scenario simulations. Figure 3 summarizes the projected tasmax UHI
for each city at each of the five GWLs. For the NEU region, coastal cities (blue tones) show smaller UHI intensities, in some cases even negative, and either
no change or a slight decrease with increasing GWLs, except in Copenhagen. In contrast, inland cities exhibit positive values, with London and Glasgow
reaching medians around 1°C, although not much difference across GWL is evident in most of the cities except for the GWL 4 with London showing a small
decrease. In WCE and EEU, where most cities are inland, the behavior is broadly similar to NEU inland sites, with UHI medians typically between 0.5 and 1°C.
Moscow is an exception, showing a systematic decrease in UHI intensity with higher GWLs. In the MED region, inland cities and most coastal cities present
positive UHI values, with Istanbul, Naples, Rome and Sofia showing the largest intensities of 1°C or more. Ankara stands out with a wide inter-model spread
and even decreases in UHI at higher GWLs. By contrast, the coastal Northern African cities of Tunis and Algiers show small negative median values,
indicating a possible suppression of the UHI effect under future warming. The negative tasmax UHI in these cities is consistent with the urban cool island (or
“urban oasis”) effect previously documented in hot desert environments, where the abundance of vegetation and urban albedo lead to daytime cooling
relative to the surrounding bare landscape 22. Overall, MED cities display strong spatial contrasts, highlighting the influence of local geography on diurnal UHI
intensity and its future projections.

Figure 4 shows the same analysis for tasmin. Compared to tasmax, the UHI intensity is systematically larger and always positive, with inter-model spread
considerably wider. In the NEU region, median UHI values are generally smaller than in other regions, typically around 1–1.5°C, except for Riga that shows
higher intensities approaching 2°C. In WCE and EEU, the UHI effect ranges from 0.5 and 1.0°C of median for most cities with some cities with medians
exceeding 2°C and in some cases approaching 3°C, as in Zagreb, along with substantial spread across models. There is no clear behavior toward increasing
or decreasing mean summer tasmin UHI with higher GWLs — median values remain relatively stable across warming levels, with the main feature being the
persistent and strong night-time UHI effect.

2.2. Hazards changes at GWLs for cities
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Understanding how climate hazards intensify with rising global temperatures is essential for anticipating future risks in urban environments. To assess how
climate hazards evolve with increasing global warming, we examined the projected changes in the selected extreme indices for all the grid points classified
as urban, where the selected cities are located, at different Global Warming Levels (GWLs). Cities are defined as areas with an urban fraction greater than
40%, as described in Section 4.2 (“City/rural outlines”). Figure 5 presents heat maps of the change relative to the reference period (1995–2014) for each city
and GWL, across a set of temperature-based indices. Each cell shows the absolute change for one index, city, and GWL, while asterisks mark statistically
significant differences at the 95% confidence level according to the Student’s T-test. The figure reveals a consistent and robust temperature hazard increase
across all European cities and regions, with statistically significant increases in most of the temperature-based indices as GWLs rise. Hot day indices (TX25,
TX30, TX35, TX90p) exhibit strong and nearly ubiquitous increases of total number of days or day/year, particularly in the MED and WCE regions, where
changes are showing a one month increase for higher GWLs. Warm night indices (TN20, TN25, TN90p) also show large relative increases across all regions,
reflecting the intensification of nocturnal heat stress in urban areas. In contrast, cold-related indices such as frost days (FD) show sharp decreases,
consistent with the disappearance of cold extremes under warming conditions 3,23,24 especially in NEU and EEU cities. The density of asterisks state that
most of these changes are significant at the 95% confidence level, indicating a robust signal across the ensemble. The figure highlights a clear and regionally
coherent increase in heat-related hazards and a decline in cold extremes with progressive warming, showing the heightened risks of urban heat stress in
European and NorthAfrican cities under higher global warming levels.

Analogous to the previous figure on temperature extremes, Fig. 6 presents the change relative to the reference period (1995–2014) for a set of impact-
oriented indices, specifically the Heat Index thresholds (HI41, HI32) and degree-day indicators (coolDD, heatDD), expressed as percentage of change, across
European cities and GWLs. The results reveal a widespread and statistically significant intensification of heat stress conditions, with HI41 and HI32 showing
sharp increases in frequency, particularly over MED and WCE cities, where changes often exceed 50 days per year at higher GWLs. Cooling degree days
(coolDD) also rise consistently across regions, indicating a substantial growth in cooling energy demand under warmer climates. In contrast, heating degree
days (heatDD) display robust decreases, most pronounced in NEU and EEU cities, consistent with reduced energy demand for heating. The prevalence of
statistically significant changes underlines the robustness of these responses. This figure underscores strongly relevant information for the society by
showing warming impacts in urban environments that point to increasing health risks from heat and shifting patterns in energy consumption.

Figure 7 presents the percentage change relative to the reference period (1995–2014) for precipitation-based indices (NDD, CDD, CWD, RX1DAY, R99p)
across the selected cities and GWLs. The spatial patterns reveal regionally contrasting responses, with the MED cities standing out for a pronounced drying
signal. In this region, both the number of dry days (NDD) and consecutive dry days (CDD) increase significantly with warming, while consecutive wet days
(CWD) tend to decrease. Together, these changes indicate a clear shift toward more persistent drought conditions as warming intensifies. At the same time,
the indices of extreme precipitation, RX1DAY and R99p, reveal strong significant increases across most of MED cities, except for the most western cities of
Lisbon and Madrid. This suggests that while average wet spells become shorter, single-event extremes intensify. This dual signal of drying trends alongside
more severe extreme rainfall events underscores the growing challenges for water management and flood risk in southern European urban areas. In contrast,
cities in NEU, EEU and WCE display weaker or more heterogeneous changes in both dry-day and wet-day metrics (NDD, CDD, CWD), while showing clear and
widespread increases in the intensity (RX1DAY) and frequency (R99p) of extreme precipitation events across all warming levels. Overall, the emerging
pattern suggests that, whereas the Mediterranean experiences a dual signal of drying and intensifying extremes, the rest of Europe is projected to face a
pronounced strengthening of heavy precipitation events. These differences highlight the strong regional dependence of hydrological responses to global
warming and underscore the need for geographically differentiated adaptation strategies within Europe’s urban areas.

2.3. Urban Heat Island of Hazard Indices
In this section, we present an analysis of the projected UHI for the selected hazard indices. Figure 8 shows the projected UHI of threshold-based indices of
tasmax and tasmin, using region-specific thresholds that are most appropriate for each case. This analysis reinforces the finding that the UHI is more evident
in tasmin, with larger values across all regions for tasmin-based indices. In the NEU region, almost all cities show an increase in UHI, except for Glasgow and
Oslo, where UHI effects are either negligible or non-existent. In WCE, the city of Odesa stands out with the largest UHI effect in TN25, projected to further
increase, while for TX35 it shows the largest inter-model spread. The remaining cities in WCE and EEU exhibit positive UHI for both indices with increased
signal in the projections. In the MED region, the UHI effect is stronger compared to other regions. The tasmax-based indices show a mixed signal in this
region. In coastal cities (Algiers, Tunis, Marseille, Lisbon, and Tunis), negative UHI values in TX35 are registered and projected to persist. In contrast, inland
cities show positive and increasing UHI with higher GWLs. For TN25, the behavior is more uniform across MED cities, with widespread increases in UHI,
however with a larger inter-model spread as a measure of the uncertainty in future projections. To further illustrate the differences between coastal and
inland cities in the Mediterranean region, Fig. 9 compares an inland city (Madrid) with a coastal city (Marseille) and allows us to make additional
considerations on the choice of thresholds. The figure shows the projected values for urban grid points and their corresponding countryside for two different
thresholds (TX30 and TX35). For the city of Marseille, both indices increase with rising temperatures, as expected. However, due to the nature of threshold-
based indices, there is a natural upper limit close to the total number of summer days. As a result, the TX30 index reaches a maximum of about 75 days per
year (median) for both the city and the countryside. This limit is dictated by the climatological characteristics of the region, meaning that further warming has
a diminishing effect on the number of hot days above this threshold. In contrast, TX35 starts from lower values at lower GWLs and increases more rapidly in
the countryside, resulting in a reduced or even negative UHI signal for this coastal city. This pattern highlights a key difference between urban and rural areas:
while Marseille's coastal location moderates the overall UHI effect, rural areas experience more pronounced increases in extreme temperature days as
warming progresses. For the inland city of Madrid, the increases in TX30 are similar in both urban and rural areas, resulting in an almost unchanged UHI in
the future. In contrast, for the more extreme threshold (TX35), the lower initial values create more room for increase. As a result the urban area of Madrid
experiences a steeper rate of change, leading to a projected intensification of UHI under higher GWLs. These results highlight the importance of the choice of
the thresholds in shaping the interpretation of extreme indices, as different thresholds may emphasize distinct aspects of the UHI response and its evolution
under warming scenarios.
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Figure 10 shows an analog analysis of Fig. 8, focusing on the hazard indices NOAA Heat Index and the cooling degree day (coolDD). For the northernmost
cities in NEU, the threshold of 32°C was chosen, corresponding to the threshold for extreme caution category on the Heat Index scale. In this region, a clear
geographic pattern between coastal and inland cities emerges. In most coastal cities (Oslo, Riga, Saint Petersburg, Stockholm) the index shows a decrease
with a large spread in the GWL 4.0 between negative and positive values. This suggests that while coastal cities may experience some moderation in heat
stress, the projected warming may not lead to a significant UHI intensification. In contrast, inland cities like Birmingham, Brussels, Glasgow, Hamburg and
London, show an amplification of the UHI, with increasing Heat Index values. This indicates that the combination of rising temperatures and the relative lack
of cooling influences in inland areas results in more intense heat stress for urban populations. In the WCE and EEU regions, all cities exhibit a clear decrease
in the Heat Index. In the MED region, the signal is again mixed, with clear increases in Madrid, Naples, and Rome, and decreases in the coastal cities of
Algiers, Lisbon, Marseille and Athens. The Heat Index is constructed combining the relative humidity and maximum temperature. Figure 11 shows the
relationship between those two variables in time for the period 1995–2100 separated by region. The Mediterranean and the Northern regions are divided into
coastal and inland areas as these categories respond differently to changes in temperature and humidity. In general, there is a projected increase in tasmax
accompanied by a decrease in relative humidity, except for the NEU inland cities. It is also clear that countryside grid points show slightly higher values of
humidity than the urban ones. The combination of these different changes in the two variables, result in having different impacts on the Heat Index: in
regions where increases in tasmax outpace the decrease in humidity, the heat index increases. This is evident in the NEU region, where inland cities show an
amplified UHI of this index, consistent with the patterns observed in the maximum temperature vs relative humidity plot, where the relative humidity is not
projected to decrease (Fig. 11, upper panel). In contrast, in WCE and EEU, the projected decrease in humidity leads to a corresponding reduction in the UHI of
HI41 index, particularly under higher GWLs.

The Cooling Degree-Day (coolDD) index measures the cumulative heat load exceeding a specified temperature threshold, serving as an indicator of the
potential demand for cooling energy and reflecting heat-related stress in buildings and urban environments. The projected UHI for the coolDD index is shown
in Fig. 10 (right panel). The results show that nearly all cities experience an increase in this index, with urban areas showing a higher heat load compared to
their surrounding rural environments. These results are in agreement with Salamanca et al. 25, who found that summertime air-conditioning energy
consumption was significantly greater in urban areas than in nearby rural regions. This finding aligns with the observed UHI effect, where cities-due to higher
heat retention and reduced cooling capacity- experience amplified demand for cooling, exacerbating energy consumption and heat stress.

3. Discussion and Conclusions
This paper provides an assessment of the urban imprint using a set of EURO-CORDEX-CMIP5 Regional Climate Models. This dataset is exceptional within the
CORDEX framework, since the European domain is the only domain that was run at 12.5 km resolution under a coordinated multi-model experiment with
more than 70 ensemble members, whereas all other CORDEX domains were run at a coarser 25 km resolution and with substantially fewer ensemble
members. Over Europe, Landendjik et al 15 has shown the added value of the 12.5 km resolution over the coarser 25 km, in representing the UHI effect.
Despite its unique high resolution and multi-member characteristics, the ensemble still has important limitations for urban scale studies. On one hand, many
of the RCMs were run with urban scheme deactivated 26, or did not provide the description of the urban fraction of the model. The majority of the models use
a bulk parametrization with the exception of RegCM, which uses a single-layer urban canopy model. On the other hand, another important aspect to
accurately simulate urban processes, is that the land cover input is often outdated 15,27 and fixed for the entire simulation period, which may not be adequate
to represent the urban development over time. For the next generation of EURO-CORDEX-CMIP6 28, promisingly some RCMs will provide a dynamical
evolution of land cover for the evaluation period and the single-layer urban canopy model will be adopted by multiple RCMs, beyond RegCM. Furthermore,
CORDEX-CORE is expected to provide, for the first time, a coordinated global ensemble at relatively high spatial resolution (12.5 km), enabling the extension
of studies of this kind to the global scale, albeit with a reduced number of ensemble members compared to the European domain.

To ensure a consistent and model-aware representation of cities across this heterogenous ensemble, we apply the urban/rural classification algorithm from
Diez-Sierra et al. 16 which derives urban and countryside masks from each model’s static fields (See Section 4.2). Unfortunately, the urban fraction (sfturf)
data was not available for all RCMs in the EURO-CORDEX ensemble since it was not a mandatory field to publish by the modelling institutes. So for this paper,
we were able to gather a total of seven RCM’s urban fraction data that will be available jointly with this publication. For the upcoming CORDEX-CMIP6
experiment, this variable is classified as Tier 2, which will enable future urban climate studies with a larger ensemble. The resulting ensemble for this study
encompasses seven Regional Climate Models with a total of 39 individual members, which allow a characterization of model uncertainties and provide a
robust framework for assessing city-scale climate signals.

The annual cycle of UHI for maximum and minimum temperature reveals that the models tend to exhibit larger amplitude than the observations, a finding
consistent with the results from Karlický et al.29 for WRF and RegCM. As pointed out by Daniel et al. 14, evaluating the UHI in RCMs presents challenges due
to the fact that observational networks locate the meteorological stations in open areas, often green parks in cities 30–32. Recent high-density measurements
in Prague have shown temperature differences exceeding 3°C between urban sites depending on local morphology, further confirming that the placement of
observational stations and spatial heterogeneity can significantly flatten the observed UHI signal 33. Similarly, observations in Hamburg reveal strong spatial

variability in nocturnal UHI intensity, with a clear radial gradient pattern driven by local morphology and land-cover differences 34. Moreover, as several studies
have demonstrated, the urban heat island effect is more pronounced at night and during the summer months. The stronger nighttime UHI simulated by the
RegCM model highlights the importance of incorporating detailed urban canopy schemes for capturing heat storage and release processes. In contrast, bulk-
based models often overestimate daytime heating due to simplified surface parameterizations. Future projections for summer months UHI suggest no clear
shift in either daytime or nighttime mean temperatures, suggesting that the models may not yet fully capture the potential shifts in UHI intensity under
increasing warming levels. Moreover, these scenarios assume static city boundaries and properties (i.e., no future urban expansion or morphological
transformation), which can underestimate future urban climate impacts 35,36.
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Projected changes in climate hazard indices across the selected cities in the EURO-CORDEX domain reveal a clear and robust intensification of heat-related
hazards with increasing global warming levels. Temperature-based indices consistently show strong increases in both daytime and nighttime extremes,
particularly in the Mediterranean (MED) and Western-Central Europe (WCE) regions. Concurrently, cold-related events such as frost days markedly decline,
reflecting the diminishing occurrence of cold extremes. Impact-oriented indicators further highlight the growing societal implications of these changes, with
substantial increases in heat stress (HI41, HI32) and cooling energy demand (coolDD), alongside a pronounced decrease in heating requirements (heatDD).
Precipitation-based indices display more regionally contrasted patterns. Mediterranean cities, in particular, show a clear drying trend characterized by longer
dry spells, consistent with Spinoni et al. 37 and fewer wet days while still experiencing localized intensification of extreme rainfall events, contributing to the
increasing frequency of droughts and floods in these areas. However, the most significant and spatially coherent increases in heavy-precipitation indices
(RX1DAY, R99p) are projected outside the Mediterranean. Cities in Northern Europe (NEU), as well as in Eastern (EEU) and Western-Central Europe (WCE),
display strong and widespread intensification of extreme rainfall across all warming levels—already evident at GWL2 and becoming significant across all
cities at GWL3–4. Taken together, these results underscore a coherent and significant rise in both urban heat stress and drought hazards under higher global
warming levels in southern Europe, and a pronounced strengthening of heavy-precipitation extremes across northern and central regions. These contrasts
highlight the urgent need for adaptation strategies tailored to regional climate risks across Europe.

The analysis of the UHI contribution for hazard indices confirms that the urban signal remains robust across future scenarios, particularly for minimum
temperature–based indices. UHIs based on tasmin-derived indices intensify consistently with increasing global warming levels across regions, whereas
tasmax-based indices show greater spatial variability, with the Mediterranean standing out for its contrasting coastal and inland responses. Coastal cities
show stable or diminishing of the UHI intensity for the highest temperature thresholds, reflecting the moderating effect of the sea and the saturation of the
available number of summer days for which the hot-day indices are calculated, whereas inland cities exhibit clear intensification with warming. Impact-
oriented metrics such as the Heat Index and cooling degree days further emphasize the amplification of urban heat stress in inland areas, driven by stronger
temperature increases and limited cooling from humidity and maritime influences. Conversely, some northern and coastal cities may experience partial
moderation due to declining relative humidity or threshold saturation effects. Overall, these results underscore the complex interplay between regional
climate drivers, urban morphology, and local geography in shaping the future evolution of UHI-related hazards across European and Northen African cities,
highlighting the need for geographically differentiated adaptation strategies.

4. Methods

4.1. EURO-CORDEX data
The EURO-CORDEX initiative 38 is the European branch of the World Climate Research Programme’s (WCRP) Coordinated Regional Downscaling Experiment
(CORDEX,39), providing high-resolution regional climate projections for Europe. It has delivered an ensemble of regional climate model (RCM) simulations at
horizontal resolutions of 0.11° (approximately 12.5 km), based on the dynamical downscaling of global climate model outputs from the 5th Coupled Model
Intercomparison Project (CMIP5,40). The simulations cover the EURO-CORDEX domain, encompassing the entire European continent and adjacent areas, and
are available for multiple greenhouse gas concentration scenarios. The EURO-CORDEX ensemble represents the most recent and comprehensive high-
resolution RCM data set available for climate change studies in Europe and it has been used as a reference for the regional analysis in the Intergovernmental
Panel on Climate (IPCC)’s Sixth Assessment Report 41. Its higher spatial resolution and detailed representation of physical processes offer improved
simulation of regional climate features and high-impact events, such as heavy precipitation, heatwaves, and dry spells, providing added value compared to
coarser-resolution global simulations 42,43.

In the present study, we use 7 RCMs from the EURO-CORDEX ensemble, gathering a total of 39 members as described in Table 1. We use the evaluation
simulations (1989–2008) available for six of the seven RCMs included in our ensemble. These runs are forced by the ERA-Interim reanalysis 44 and allow us
to assess model performance in reproducing the observed regional climate and urban-related features. Evaluation data from the RCM UHOH-WRF361H was
not available at the time of analysis. For the climate change assessment, we further consider both historical simulations (1951–2005) and scenario
integrations following the high-emission pathway RCP8.5 (2006–2100;45).

Each regional model represents urban areas in different ways: The RegCM4.7 was run using the Community Land Model (CLM) version 4.5 as land-surface
scheme 46. In particular, urban areas are handled within CLM using the CLM-Urban (CLMU) module, a single-layer urban canopy model. Within CLMU the
urban fraction of each grid cell is further decomposed into urban density classes—tall-building district, high-density, and medium-density areas—and the
energy balance takes into account storage, roughness, radiation trapping, anthropogenic heat, and modified fluxes characteristic of urban settings.

The rest of the models - REMO2015, HadREM3-GA7-05, RACMO22E, WRF381P, WRF361H, ALADIN63 -follow a bulk urban approach. In these schemes, cities
are not treated as three-dimensional structures but rather through modified bulk properties in the soil-vegetation-atmosphere transfer scheme. Surface
parameters such as albedo, thermal conductivity, roughness length and displacement height are adjusted to reflect the urban context; energy balance
formulations are altered to include additional urban flux components like anthropogenic heat, enhanced heat storage, and reduced evaporation 26,47. While
these bulk schemes capture general urban heat island (UHI) characteristics, particularly over typical dense city centers, they do not resolve the three-
dimensional interactions and complex canopy processes (e.g., shading, multiple radiation scattering, vertical structure effects) that single-layer or multi-layer
canopy models attempt to represent.
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Table 1
Regional Models used in this study, with their driving GCMs.

RCM Institution GCM Member Urban config

RegCM4 ICTP CNRM-CERFACS-CNRM-CM5 r1 UCM

    ICHEC-EC-EARTH r12  

    MOHC-HadGEM2-ES r1  

    MPI-M-MPI-ESM-LR r1  

    NCC-NorESM1-M r1  

REMO2015 GERICS CCCma-CanESM2 r1 Bulk

    CNRM-CERFACS-CNRM-CM5 r1  

    ICHEC-EC-EARTH r12  

    IPSL-IPSL-CM5A-MR r1  

    MIROC-MIROC5 r1  

    MOHC-HadGEM2-ES r1  

    MPI-M-MPI-ESM-LR r1  

    NCC-NorESM1-M r1  

RACMO22E KNMI CNRM-CERFACS-CNRM-CM5 r1 Bulk

    ICHEC-EC-EARTH r12  

    ICHEC-EC-EARTH r1  

    ICHEC-EC-EARTH r3  

    IPSL-IPSL-CM5A-MR r1  

    MOHC-HadGEM2-ES r1  

    MPI-M-MPI-ESM-LR r1  

    NCC-NorESM1-M r1  

WRF381P IPSL CNRM-CERFACS-CNRM-CM5 r1 Bulk

    IPSL-IPSL-CM5A-MR r1  

    ICHEC-EC-EARTH r12  

    MOHC-HadGEM2-ES r1  

    MPI-M-MPI-ESM-LR r1  

    NCC-NorESM1-M r1  

WRF361H UHOH ICHEC-EC-EARTH r12 Bulk

    MOHC-HadGEM2-ES r1  

    MPI-M-MPI-ESM-LR r1  

ALADIN63 CNRM CNRM-CERFACS-CNRM-CM5 r1 Bulk

    MOHC-HadGEM2-ES r1  

    MPI-M-MPI-ESM-LR r1  

    NCC-NorESM1-M r1  

HadREM3 MOHC CNRM-CERFACS-CNRM-CM5 r1 Bulk

    ICHEC-EC-EARTH r12  

    MOHC-HadGEM2-ES r1  

    MPI-M-MPI-ESM-LR r1  

    NCC-NorESM1-M r1  

4.2. City/rural outlines
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To delineate urban areas and their rural surroundings within RCM outputs, we apply the algorithm developed by Diez-Sierra et al. 16 based on three static
model variables: urban fraction, land area fraction, and orography, ensuring that the delineation is directly adapted to the way each model represents urban
land cover and topography. Urban grid cells are identified using a minimum urban fraction threshold, in this study 40%, while rural surroundings are selected
from nearby cells that meet specific criteria: urban fraction lower than 5%, sufficient land coverage (more than 70%), and similar elevation to urban cells. In
the case of WRF, however, the urban fraction variable is provided as a binary mask (urban = 1, non-urban = 0) rather than a continuous fraction, and thus the
thresholds of 40% for urban and 5% for rural are not applied in the same way but instead interpreted according to this categorical representation. A
morphological dilation process is then iteratively applied to expand the rural mask outward from the urban core until a target rural-to-urban cell ratio is
reached. This approach ensures a consistent yet flexible urban/rural classification across different cities and RCMs, and has been validated across multiple
CORDEX domains 15.

Alternative methods to represent city areas in gridded climate data have been adopted in previous studies. For instance, Smid et al. 48 used the Urban Atlas
produced by the European Environmental Agency to delineate greater metropolitan areas, thereby including both central municipalities and surrounding
zones of urbanization, and then extracted all RCM grid cells covering these extended metropolitan extents. Their approach contrasts with earlier studies that
often relied on only a single representative grid point (e.g. Guerreiro et al.,49), by instead incorporating the full spatial heterogeneity of each city region.
However, as noted by Zhou et al. 50, administrative boundaries often differ from the actual urban extent, which may introduce inconsistencies when
transferred onto model grids, since it may not align with how each RCM represents urban land cover. In contrast to coordinate- or GIS-based approaches
19,48,49, the method proposed by Diez-Sierra et al. 16 explicitly accounts for the RCM-specific representation of urban fractions and surrounding areas. This
allows for a more robust, model-aware delineation of urban and rural areas, ensuring methodological consistency across multiple models and cities.

4.3. City selection
City locations are identified by using their geographic coordinates, and urban areas are then delineated based on a predefined urban threshold, and
corresponding surrounding (rural) areas are defined for comparative analysis. The initial criterion for city selection was an established threshold of 40%
urban fraction, which has also been applied in previous large-scale urban climate assessments 15,16. This threshold was used to identify potential candidate
cities, by locating areas containing at least one grid cell meeting the criterion. At the EUR-11 resolution (~ 12.5 km, ≈ 150 km² per grid cell), this corresponds
to a minimum detectable urban footprint in the models. In addition, only cities with population exceeding 500,000 inhabitants, according to the GHS Urban
Centre Database 51, were retained, to ensure that the analysis focuses on major urban areas with significant population exposure. Additionally, since we are
considering seven RCMs in this study, each city was required to be classified as urban in a majority of models (approximately 60% or more), to avoid
including cities that are model-dependent outliers. This multi-model consistency criterion enhances the robustness of the inter-comparison and ensures that
resulting urban climate signals are not overly sensitive to the land-cover representation of any single RCM.

Finally, to ensure that the selected sample was geographically representative, we applied a spatial balancing criterion, selecting cities across the European
and Northern Africa AR6 regions (NEU, WCE, MED, EEU; see Iturbide et al.52), with the additional aim of including both coastal and inland settings. This step is
important, as coastal and inland cities may exhibit markedly distinct urban climate responses driven by variation in land-sea interactions, local circulation
patterns, and surface energy balance. The final set of 40 selected cities, illustrated in Fig. 12, thus reflects both geographical diversity and the variety of
urban typologies within the EURO-CORDEX domain.

4.4. Hazards Indices
Table 2 shows the list of climate hazard indices selected for this study. These indices are based on the definitions from the Expert Team on Climate Change
Detection and Indices (ETCCDI;53,54) and have been widely used to characterize extreme temperature and precipitation events in both global and regional
climate assessments (55–58 among others). The chosen set includes temperature-based indices such as thresholds for hot days (TX35, TX30, TX25), warm

nights (TN25, TN20), and heat stress conditions (Heat Index HI41, HI32). For the Heat Index, we adopt the extended formulation of Lu and Romps 59, which
builds on Steadman’s physiological model but removes the limitations at very hot–humid or cold–dry conditions, thereby ensuring the index is well defined
for all combinations of temperature and humidity. The set further includes percentile-based indices for extreme hot days (TX90p) and warm nights (TN90p).
Indicators of cold events (FD) are also included. To better capture hydrological extremes, we also include precipitation-based indices, such as consecutive
dry days (CDD), number of dry days (NDD), consecutive wet days (CWD), annual maximum 1-day precipitation (RX1DAY), and extremely wet days (R99p).
Finally, we add degree-day indicators (heatDD, coolDD), which provide an integrated measure of energy demand for heating and cooling.

This selection covers a broad spectrum of climate hazards relevant to urban settings, from heat stress and warm nights to droughts and extreme
precipitation, enabling an integrated assessment of climate-related risks for European cities under future warming levels.
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Table 2
Hazard indices used in the study

Index Description Input
variables

Units

TN20 Tropical nights: number of days with tasmin > 20°C tasmin days

TN25 Equatorial nights: number of days with tasmin > 25°C tasmin days

TN90p Warm nights: percentage of days when tasmin > 90th percentile of reference period (1981–2010) tasmin % of
days

TX25 Summer days: number of days with tasmax > 25°C tasmax days

TX30 number of days with tasmax > 30°C tasmax days

TX35 number of days with tasmax > 35°C tasmax days

TX90p Hot days: percentage of days when tasmax > 90th percentile of reference period (1981–2010) tasmax % of
days

FD Frost days: number of days with tasmin < 0°C tasmin days

HI41 number of days with NOAA Heat Index > 41. The ‘Heat Index’ is a measure of how the hot weather "feels" to the
human body, when relative humidity is combined with the air temperature. The Index is computed from daily
relative humidity and maximum temperature, and the annual number of days with this index above a threshold of
41°C (category: danger) is provided as HI41.

tasmax,
hurs

days

HI32 number of days with NOAA Heat Index > 32 tasmax,
hurs

days

heatDD Heating degree day: Describe the need for the heating energy requirements of buildings tas,
tasmax,
tasmin

degree
day

coolDD Cooling degree day: Describe the need for the cooling (air-conditioning) requirements of building, used for energy
consumption

tas,
tasmax,
tasmin

degree
day

CWD Consecutive wet days. Maximum length of wet spell (RR ≥ 1 mm) pr days

CDD Consecutive dry days: the largest number of consecutive days where daily precipitation is below a threshold of 1
mm

pr days

NDD Number of dry days per year. A dry day is considered when the daily precipitation is below a threshold of 1 mm pr days

R99p Extremely wet days: Number of days with precipitation amount above the

99th percentile

pr days

RX1DAY Maximum 1 day precipitation pr mm

4.5 Observations
To evaluate the ability of the RCMs to represent the UHI, we use daily station data from the Global Historical Climatology Network (GHCNd 60) and the

European Climate Assessment and Dataset (ECA&D 61). In addition, for the city of Paris, six weather stations from MétéoFrance covering the period 1980–
2017 were also included. Station classification was based on the GHS-UCDB polygons delimiting urban center areas of each city. Stations located within the
polygon were classified as urban, while those situated outside, but in the surrounding area, were classified as rural. To ensure consistency, elevation
differences were taken into account: rural stations whose altitude differed by more than the internal elevation range of the corresponding city were excluded
from the analysis. As noted by Langendijk et al. 15, these observations provide only a qualitative benchmark, since point measurements cannot be directly
compared with model grid-cell averages. The analysis covers the period 1989–2008, corresponding to the evaluation run, and focuses on a subset of 12
cities for which sufficiently complete and reliable observational records were available.
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Figures

Figure 1

Annual cycle of UHI of tasmax for the evaluation runs and the observations for the period 1989-2008.
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Figure 2

Annual cycle of UHI of tasmin for the evaluation runs and the observations for the period 1989-2008.
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Figure 3

Projected Urban Heat Island (UHI) of tasmax for each city at 1.0, 1.5, 2.0, 3.0, and 4.0 global warming levels (GWLs) under RCP8.5. Triangles indicate the
ensemble median, and horizontal lines represent the 25th–75th percentile range. Blue tones denote coastal cities, orange tones inland cities. Cities are
grouped by AR6 regions (NEU, WCE, EEU, MED).
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Figure 4

Same as Figure 3 but for tasmin.
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Figure 5

Heat map of index changes (day/year) with respect to the reference period (1995-2014) for each city at the 5 different Global Warming Levels (1.0, 1.5, 2.0,
3.0, 4.0) for temperature-based indices. Asterisks indicate significant changes at 95% confidence level with a t-student’s test.
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Figure 6

Heat map of the percentage change with respect to the reference period (1995–2014) for impact-oriented indices (HI41, HI32, coolDD, heatDD) for each city
at five Global Warming Levels (1.0, 1.5, 2.0, 3.0, 4.0). Asterisks denote statistically significant changes at the 95% confidence level based on a Student’s t-
test.
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Figure 7

Heat map of the percentage change with respect to the reference period (1995–2014) for precipitation-based indices (NDD, CDD, CWD, RX1DAY, R99p)for
each city at each of the five Global Warming Levels (1.0, 1.5, 2.0, 3.0, 4.0). Asterisks denote statistically significant changes at the 95% confidence level
based on a Student’s t-test.
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Figure 8

Boxplot of UHI for tasmax (left) and tasmin (right) threshold indices for cities grouped by region for each GWL. TX30 (left) and TN20 (right) for NEU region,
and TX35 (left) and TN25 (right) for WCE, EEU and MED regions. Size of the box indicates the range of the 25th–75th percentile range, horizontal line
indicates the median of all members.
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Figure 9

Boxplots of TX30 (left) and TX35 (right) for the 1.0, 1.5, 2.0, 3.0 and 4.0 GWLs for the coastal city of Marseille (upper panel) and the inland city of Madrid
(lower panel). Urban areas in red and countryside in green.
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Figure 10

Same as Figure 8 but for HI32 in NEU and HI41 in WCE, EEU and MED (left) and coolDD (right) indices.
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Figure 11

Relative humidity (hurs) vs Maximum temperature (tasmax) for all cities in each region. The NEU and MED regions are split into coastal cities (c) and inland
cities (i). Individual points represent the multimodel summer (JJA) mean and the color scale indicates the year in the period 1995-2100.
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Figure 12

Location of selected cities and the AR6 regions. Size of the dots represent the population from the GHS-UCDB database.


