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Abstract Coupled multi‐decadal global km‐scale simulations completed in recent years open new
perspectives in the investigation and understanding of urban climate change. This study introduces a generic
method for extracting urban areas and their rural references worldwide and validates it on hourly timescales with
remote‐sensing observations of land‐surface temperature for over 400 cities, while identifying the key role of
spatial resolution. We showcase the immense amount of hourly data available for each city for 60 years of past
and future climate in the Next Generation Earth Modelling Systems simulations, and how these simulations
represent surface‐atmosphere interactions driven by urban areas. We finally propose city clustering as a method
to exploit these simulations and move beyond city‐specific results. Results suggest a mean potential decrease in
future urban heat island intensity driven by stronger rural warming for all clusters except for cold climates.

Plain Language Summary Current methods to investigate how climate change affect cities have
several limitations. New very high‐resolution (10 km or finer) climate simulations allow to overcome many of
those limitations. First, we propose a method to identify urban areas worldwide, and to set up a rural reference
for each of them to better understand the particular climate effects over cities. We use and validate with satellite
observations the method over more than 400 cities for model simulations with increasing spatial resolution, and
find the very high resolution is needed to represent the temperature effects of cities. We also show very high
resolution simulations from the Next Generation Earth Modelling Systems project and how much information,
both in time and in space, they contain with respect to cities on a changing climate. Finally, we also try to
aggregate cities according to city characteristics such as their climate (tropical, cold, arid or temperate), to infer
more general city behavior on a changing climate. Very high resolution simulations of future climate suggest
that rural areas warm up faster than the cities nearby, and therefore the typical effect of cities being warmer than
their surroundings weakens.

1. Introduction
With a constantly increasing share of the world's population living in cities, and the threat of climate change, it is
of critical relevance to provide studies that inform both technical and broad audiences on the urban‐specific
climate risks. The state‐of‐the‐art analysis for future urban climate relies on four alternative approaches: (a)
statistical or dynamic downscaling of climate simulations as proposed by the CORDEX initiative and others
(Duchêne et al., 2020; Langendijk et al., 2024), (b) global uncoupled surface modeling lacking surface‐
atmosphere feedbacks (Lauwaet et al., 2015), (c) city or region‐specific case studies using local modeling or
machine learning methodologies for current or future climates (Johannsen et al., 2024; Lemonsu et al., 2013; Zhao
et al., 2014), and (d) the use of urban scheme emulators to obtain urban information from global low‐resolution
climate simulations (Zhao et al., 2021). While all these approaches have benefits (Hamdi et al., 2020), the absence
of a general understanding of how climate change affects urban areas stems from the lack of a climate‐consistent,
coupled, global high‐resolution perspective. Climate‐consistent here means that all urban areas should be studied
under a global and physically plausible atmospheric state across short and long timescales; by coupled, we mean
that such a perspective considers the feedbacks between terrestrial surfaces and the atmosphere; and global high‐
resolution simulations enable a local perspective on climate impacts anywhere in the world without further
postprocessing or limited‐area climate downscaling.

Over the past 5 years a community effort was undertaken to realize the first multi‐decadal global coupled km‐
scale simulations (i.e., grid‐spacings between 1 and 10 km), facilitated by the increase in computational power
and the adaptation of models for efficient performance in such HPCs (Segura et al., 2025). Compared to previous
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climate simulations, these km‐scale simulations explicitly resolve more of the surface and atmospheric processes
driving the climate, such as convection (Becker et al., 2021; Prein et al., 2020) and its impact on surface radiation
(Pedruzo‐Bagazgoitia et al., 2019) or orography and its impact on large scale circulation and atmospheric
blockings (Sandu et al., 2019; Woollings et al., 2018). In addition, these simulations provide local surface
granularity with global coverage. These features present a clear opportunity for global impact studies of which,
provided an urban parametrization is included, km‐scale urban climate analysis is one example that has not been
attempted to this day (Rackow et al., 2025). Such analyses could aid climate adaptation and mitigation strategies
globally at different governance levels in aspects such as health (Le Roy et al., 2024), energy and infrastructure
demands (Nik et al., 2020; Ren & McGregor, 2021), and hazard preparedness (IPCC, 2023a).

For the first time, we leverage global km‐scale climate simulations for a systematic urban climate analysis. Here,
we (a) develop a generic method to define urban areas and their rural counterparts worldwide, (b) validate over
400 cities globally against satellite land surface temperatures (LST) at 28, 9, and 4.4 km model resolution, and (c)
analyze urban climates in multi‐decadal km‐scale simulations and explore clustering techniques to generalize our
findings beyond city‐specific conclusions.

2. Cities in Global Coupled km‐Scale Climate Simulations
Here, we analyze some of the first ever multi‐year global km‐scale simulations and validate their performance
over urban areas, with a focus on the spatial resolution dependence.

2.1. Simulations

The simulations analyzed in this study were produced during the nextGEMS project cycle 3 (Rackow et al., 2025)
and cycle 4 (production cycle, Segura et al., 2025) and use the Integrated Forecasting System (IFS) coupled to the
ocean models Nucleus for European Modelling of the Ocean (NEMO 3.4) (Gurvan et al., 2013; Mogensen
et al., 2012) or Finite‐Element/volumE Sea ice‐Ocean Model (FESOM) (Rackow et al., 2023, 2025; Scholz
et al., 2019). The IFS (ECMWF, 2024a, 2024b) is a surface‐atmosphere coupled model developed and maintained
at ECMWF together with its member states. Of particular interest is the urban scheme (McNorton et al., 2021,
2023) present in the IFS land‐surface model ecLand (Boussetta et al., 2021). The urban scheme uses a canyon
representation and explicitly accounts for radiative trapping, shadowing, and heat storage within the canyon,
shaping the diurnal evolution of urban surface temperatures and allowing the simulations to capture the surface
urban heat island (SUHI) in a physically consistent way across diverse city types. The urban surface as part of the
land‐surface model is coupled to the atmosphere via surface fluxes of momentum, heat, and moisture, receiving
input from the regional weather and simultaneously impacting it. The model therefore captures interactions
between cities and meteorological processes, for example, there is a direct impact on near‐surface air temperature,
but also humidity (affecting thermal comfort in cities) and city‐scale effects such as modified boundary layers.
Urban parameters such as height‐to‐width and road‐to‐building ratios, emissivities, or heat capacities are spatially
homogeneous in the current model version given the lack of model‐tested consistent information for cities
worldwide (McNorton et al., 2023).

Three ocean‐coupled simulations from nextGEMS cycle 3 (Koldunov et al., 2023) are used in Section 2.3 for a
global validation of modeled urban surface temperatures. The simulations span 5 consecutive years with hori-
zontal model resolutions of 28, 9, and 4.4 km (hereafter called 4 km) for atmosphere and land producing what is
considered a “perpetual 2020”: they are initialized on 20 January 2020 and apply the same 2020 greenhouse gas
concentrations and aerosol forcings across the entire period (Koldunov et al., 2023; Rackow et al., 2025).

The two 30‐year simulations used in Section 3 are the so‐called IFS‐FESOM production simulations in next-
GEMS (Segura et al., 2025; Wieners et al., 2024). These simulations were produced by running the surface‐
atmosphere model components of IFS at 9 km resolution coupled to the FESOM ocean model at 5 km resolu-
tion. The historical simulation is initialized on 1 January 1990 and covers the 1990–2020 period. The future
scenario is an analogous simulation initialized using the ECMWF analysis of 20 January 2020 for atmosphere and
land, and an ocean span‐up over 5 years. Such simulated projection covers the 2020–2050 period and follows the
Shared Socioeconomic Pathways scenario SSP3‐7.0 (O’Neill et al., 2016) for greenhouse‐gas and ozone con-
centrations. The land‐cover information remains constant for all simulations. To our knowledge, the scenario
simulation was the first global coupled km‐scale and multi‐decadal simulation ever completed.
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2.2. Defining Urban Agglomerations and Rural Reference Regions

To systematically study cities in global simulations, we developed a methodology to define urban agglomerations
and their representative surrounding rural regions based on the cities' center coordinates and the surface cover
information used as model input data.

Starting from the center coordinates of a city (e.g., from a global database, see Section 2.3 below), we define the
urban agglomeration as the continuous cluster of grid points where urban cover exceeds 10% around the given
coordinates (Figures 1a and 1e). The respective surrounding rural agglomeration contains a subset of land grid
points within a specified radius from the urban center point. Here, those grid points are defined as land points
around the urban agglomeration where the total land cover fraction is larger than 99% (Figures 1b and 1f) and the
urban cover is lower than 3%, hence excluding any water or peri‐urban regions for a clean rural reference.

Figure 1 illustrates the methodology for the cities of Lyon, France and Brisbane, Australia. The radius defining the
rural agglomeration is defined as 1.5 times the mean city width, which is derived from the perimeter of the convex
hull enclosing the urban agglomeration (white outlines in Figures 1a–1c and 1e–1g). The scaling factor of 1.5
guarantees a balance between the number of rural and urban points (see Figure S1 in Supporting Information S1).

Figure 1. Methodology to define urban and rural agglomerations for Lyon, France (left), and Brisbane, Australia (right) at a resolution of 0.045◦ with (a/e) urban cover,
(b/f) land cover, and (c/g) resulting agglomerations. The red markers indicate the respective city's center reference coordinates; the red outlines show the urban convex
hulls (enclosing the urban agglomeration) and the red circles indicate the radius of the rural agglomerations. The summer (JJA for Lyon and DJF for Brisbane) 5‐year
mean diurnal cycle of the surface urban heat island (SUHI) is shown (d/h) for observations and three different resolutions. Below each diurnal cycle, the heatmaps
illustrate the SUHI error made at each hour of the day.
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The urban convex hull may encompass non‐urban regions that are embedded by the urban agglomeration (cf.
Sützl et al., 2021); and which subsequently are excluded as they are likely directly influenced by the city and could
perturb the rural reference values. Figures 1c and 1g show the urban and rural agglomerations determined with
this method.

2.3. Critical Role of Resolution for Urban Representation in Models and Satellite Retrievals

Before analyzing the 30‐year production simulations, a global validation of the surface urban heat island (SUHI,
the difference between area‐averaged urban and rural surface temperatures for a given city) was performed to
build confidence in the simulations' ability to reproduce realistic urban climates. The IFS surface model ecLand,
including the urban scheme, used in the nextGEMS simulations has been running operationally at ECMWF in IFS
CY49R1 since November 2024 and has undergone strict development, testing, and validation processes before its
operationalization. The validation presented here is an additional test to confirm that the features previously
studied at timescales of days and weeks are preserved at multi‐annual timescales. The validation uses LST due to
its observational global coverage, unlike for other variables like 2‐m temperature Hamdi et al. (2020).

This validation uses the Copernicus Land Monitoring Service (CLMS) LST version 3 data set (Copernicus Land
Monitoring Service (CLMS), 2026) as a reference. The CLMS product provides global hourly LST on a regular
grid with a resolution of about 0.045◦, derived from measurements collected onboard the Himawari‐8/9, GOES‐
16, and MSG satellites, the latter operating the 0◦ and Indian Ocean Data Coverage missions. The LST retrieval is
based on a generalized split‐window algorithm, using measurements from two adjacent channels within the
infrared atmospheric window of each sensor. The LST product is a directional estimate and may not correspond
exactly to the integrated skin temperature of a heterogenous urban surface as simulated by the model. However,
LST retrievals from geostationary satellites have been successfully used in previous urban studies (e.g., Hurduc
et al., 2024; Nogueira et al., 2022). The purpose of using this LST data set is not to resolve or characterize urban
signals in detail, but rather to provide an independent observational reference for assessing the realism of the
model simulations. The selected LST product has a horizontal resolution close to that of the highest‐resolution
climate simulations, and is unique in offering near‐global coverage and sub‐daily (hourly) temporal resolution,
enabling a comprehensive evaluation of the diurnal cycle.

To automatically select the cities for validation, we assembled a database with the 10 largest cities per country
with a minimum of 100,000 inhabitants using open‐source software (joelacus/world‐cities). This resulted in a list
of 404 cities to validate on the observation reference grid of 0.045◦ using the methodology described in Sec-
tion 2.2 (see the list of validated cities in Supporting Information S1).

We analyzed the 5‐year mean diurnal cycles of SUHIs for the boreal summer seasons (June, July, August [JJA]) of
the Northern Hemisphere (NH) extra‐tropics, and austral summer season (December, January, February [DJF]) of
the Southern Hemisphere (SH) extra‐tropics. In addition, cities within the tropics were assessed for their
respective dry seasons (DJF for NH tropics and JJA for SH tropics). Hours with cloud cover above 0.3 were
filtered out at gridpoint level due to the lack of analogous observations. We compared the 5‐year 2020 control
simulations to the observed 2018–2022 period. Focusing on the mean summer/dry‐season SUHIs removes
varying atmospheric conditions and isolates urban effects over the period when the coupled effects between the
urban surface and the atmosphere are the largest.

Figures 1d and 1h shows two examples of the observed and modeled mean diurnal cycles of summer SUHI and
the associated model bias for the three resolutions 4, 9, and 28 km. For the medium‐sized inland city of Lyon
(France), the error reduces gradually with increasing resolution: 4.4 km outperforms the coarser 9 km simulation,
while the 28 km simulation hardly shows any urban signal in the diurnal cycle. For the coastal city of Brisbane
(Australia), both the 9 and 4 km simulations reproduce the SUHI diurnal variations similarly. Meanwhile, the
28 km simulation struggles to reproduce the diurnal cycle and its correct amplitude. The results for both cities
show that the km‐scale simulations capture canonical inland SUHI cycles (Lyon) as well as more complex coastal
patterns (Brisbane), reflecting the diversity of urban thermal behaviors across different settings. The limited
improvement at 4 km compared to 9 km for Brisbane exemplifies that resolution alone does not warrant an
improvement: coarse or low quality surface information, missing urban processes in the model or dominance of
larger scale factors, especially for coastal or orographically complex cities, are potential contributors. Likely,
smaller and medium‐sized cities benefit most from a resolution increase from 9 to 4 km, given their limited spatial
extent.
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For a global evaluation of model performance and assessment of spatial resolution effects, we computed the root‐
mean square error (RMSE) of the SUHI mean diurnal cycles over the summer/dry seasons contained in the
5 simulated years for each simulation for the 404 cities. Figures 2a and 2c show that these average daily errors
(RMSE values) in the 9 km simulation are overall below 3◦C. Errors are smallest in the extratropical regions,
albeit slightly larger in the Japanese archipelago. These results demonstrate the robustness of the method for
detecting urban areas and their rural counterparts, as well as the reliability of the coupled simulations. For the
analysis in Section 3, we applied an RMSE threshold of 4◦C to exclude cities where the model performance was
particularly poor, which resulted in the removal of Medellín (Colombia). In contrast, the 28 km simulation shows
larger RMSE values (Figures 2c and 2e) for most regions compared to 9 km, while 4 km shows improvements
particularly for cities in Europe and Eastern Asia that have RMSE above 1◦C at 9 km, which may come from
better resolving their spatial extent at higher resolution, as shown for Lyon. Despite sporadic increases in RMSE
at 4 km compared to 9 km, the RMSE distribution function (Figure 2c) demonstrates a general improvement at
4 km compared to 9 km, and further shows the clear improvement from 28 to 9 km. Supporting Information S1
provides the hourly bias of 4, 9, and 28 km for the SUHI mean diurnal cycle for the 404 cities.

3. Urban Climate Trends
After the previous section confirming realistic SUHIs at km‐scale resolution and multi‐annual timescales, on top
of the validation by McNorton et al. (2021, 2023), this section explores the historical and scenario simulations.
These simulations total 60 years of global hourly 9‐km simulated resolution data for past, present, and future
scenario. The methodology introduced in Section 2.2 identifies around 200 cities at 9 km model resolution that are
analyzed below. Note that in this section we focus on 2‐m temperature and urban heat island (UHI, 2‐m tem-
perature difference) rather than LST and SUHI, as the formers are more relevant metrics for climate analysis.

Figure 2. Spatial map of root mean squared error (RMSE) of the mean surface urban heat island diurnal cycle for summer/
dry‐season for the 404 cities validated in (a) 9 km including (b) a zoom over Europe, (d) 4 km, and (e) 28 km simulations
against observations. Dotted and dashed lines indicate the tropics and equator, respectively. The RMSE distribution for the
three resolutions is shown in panel (c).
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Figure 3 showcases the extensive amount of data available for individual cities. The urban heat island intensity
(UHII) in Lyon (Figure 3a) is strongest in summer as expected, and its diurnal variation increases between the
1990–2000 and 2040–2050 decades, particularly in summer and autumn evenings and night‐time. The change in
UHII stems from the unequal long‐term warming of urban and rural areas (Figure 3b) leading to an increase of
UHII over time (Figure 3d). Urban surface processes impact the boundary layer above in distinct ways: increased
net‐radiation due to lower urban surface albedo combined with lower surface evaporation leads to higher surface
sensible heat fluxes deepening the boundary layer over urban areas (Oke, 2002). This is visible for most seasons
and hours in Lyon, but especially in summer and autumn evenings (Figure 3c). Interestingly, and probably led by
future larger UHIIs (Figure 3a), the urban‐rural boundary‐layer height difference is expected to increase further in
the future, potentially impacting near‐surface air quality as a consequence of surface‐driven increased turbulent
mixing within the boundary layer. The available high spatio‐temporal data allows to analyze long‐term hourly
trends in rural and urban areas (Figure 3b), and to compute metrics such as cumulative degree hours above a given
threshold (30 here), which is a relevant metric for urban studies (X. Yang et al., 2017) and its impact on health
(Jung et al., 2020). Figure 3d shows how the accumulation differs for Lyon's urban and rural areas and how both
trends accelerate, albeit stronger for the urban area, after 2040.

To investigate the general impact of climate change and considering the uncertainty of single‐model realizations
and city peculiarities, we classified cities into distinct groups and analyzed their averaged behavior. We explored
clustering along several parameters such as water access, city size, or elevation, but will focus here on results
clustered according to four main Köppen‐Geiger climate zones based on high‐resolution, observation‐based
climatologies from 1991 to 2020 (Beck et al., 2023): cold, arid, temperate, and tropical. Note that a single city
in our data set was categorized as polar, which we added to the cold‐cities category.

Figure 4a reveals that temperate cities have the largest UHI intensities at any time of the day, followed by tropical
cities; while the largest diurnal UHII variability occurs for arid cities. More interestingly, we find that, unlike for
Lyon, UHII decreases under future climate for all cluster averages except for cold climates. The general UHII
decrease is explained by a stronger warming of the rural surroundings than the urban area (cf. Figure 4b), which
was also concluded by Oleson et al. (2011) and Oleson (2012) at much coarser resolutions, but disagrees with the
reported stronger surface warming as observed remotely (Liu et al., 2022). The evolution of mean 2‐m tem-
peratures in past and future climates (Figure 4b) shows the strongest warming for cold cities (cf. increase along
x‐axis in Figure 4b), consistent with mountains and high latitudes warming faster in recent (Pepin et al., 2022;
Rantanen et al., 2022) and future climate (IPCC, 2023b; Ma et al., 2022). In contrast, tropical cities experience the
weakest warming, but the largest increase in tropical nights (cf. increase along y‐axis in Figure 4b). Average
night‐time temperatures are already high in the tropics; therefore, small temperature increases are sufficient to re‐

Figure 3. Example diagnostics for Lyon: season‐mean diurnal cycles for (a) urban heat island intensity (UHII) and (c) urban‐
rural boundary layer height difference for the first decade 1990–2000 of the historical simulation (full) and last decade
2040–2050 of the future‐scenario simulation (dashed) (see shaded areas in panels (b, d)), respectively, with inter‐annual
standard deviation in shaded colors; 60‐year hourly timeseries of (b) 2‐m temperature 1‐year rolling‐mean for urban (black)
and rural (green) areas and (d) urban‐rural difference (UHII) (gray) with its long‐term trend (linear regression dashed);
cumulative degree‐hour above 30◦C for urban and rural areas (also in panel (d)).
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classify many nights as tropical. Finally, Figure 4b shows that the temperature increase due to climate change is
larger than the difference in temperature between urban and rural for all city clusters. The inter‐city variability
(errorbars in Figures 4b and 4c) suggests that further cluster refinement may decrease result uncertainty.

4. Conclusions and Outlook
For the first time there are global, km‐scale, urban‐aware simulations of past and future climates that permit the
analysis of hundreds of cities and their interactions with other Earth System components, opening unprecedented
possibilities to study urban climate change. We propose here a method to systematically extract data of urban
agglomerations and their respective rural surroundings, and validate it in combination with km‐scale, multi‐year,
global simulations employing three different spatial resolutions for over 400 cities worldwide. Results confirmed
that the simulations generally capture urban‐rural thermal contrasts and that the method to define urban and rural
agglomerations is sufficiently general to do so; further it is shown that km‐scale resolutions, for example, of 9 km
or finer, are necessary to reliably represent these thermal effects. This requirement is likely due to most cities not
being large enough (or having a sufficiently high urban fraction) to induce these thermal effects at coarser res-
olutions. The results further show that the simulations successfully represent urban‐driven atmospheric impacts,
such as distinct urban boundary layer heights.

A caveat of global multidecadal km‐scale climate simulations is the limited number available due to their
computational cost. Their scarcity presents a challenge to address the uncertainties of input data (e.g., reliability,
change with urbanization), future scenarios, or local model biases, to name a few examples. In order to address
some of these aspects, but also to quantify generalized effects of cities under climate change, we clustered cities of
similar characteristics to compute a “city‐ensemble.” After exploring several criteria, clustering was done by
climate zones as it provided the most distinct clusters.

Additional assessments of result uncertainty could involve comparisons with alternative approaches for delin-
eating urban and rural areas (Q. Yang et al., 2024) and adding to the simulations realistic time‐varying surface
properties, including non‐homogeneous urban properties, consistent with the historical record and scenarios.
Future work should incorporate spatially varying urban properties given recently developed km‐scale global data
sets Cheng et al. (2025). For example, McNorton et al. (2023) found that the assumption of homogeneous
building‐to‐road ratio results in model biases, affecting the simulation of winds at airports in particular, since such
ratios do not apply to road‐dominated environments.

This analysis suggests that on average rural areas experience a stronger warming with climate change than urban
areas, which may decrease future UHI effects for cities in most climate zones; and while this decrease of UHII is
not the case for average cold cities, these cities will experience the strongest temperature increases in the
simulated scenario. A rural drying, or an “aridification” as also suggested by Oleson (2012) on coarser simu-
lations may be a driver for the stronger warming in rural areas, however this effect deserves further analysis.

This study primarily presents information on near‐surface temperature contained in km‐scale climate simulations.
However, the data contained therein allows to investigate a myriad of processes and scientific questions: humidity

Figure 4. Cluster‐mean (a) change in urban heat island intensity (UHII) between the first decade 1990–2000 of the historical
simulation (solid) and last decade 2040–2050 of the future‐scenario simulation (dashed), cluster mean (b) UHII difference
between the shown decades with error bars indicating inter‐city standard deviation, and (c) 2‐m temperature (x‐axis) and
percentage of tropical nights (y‐axis) for urban (circles) and rural (squares) between 1990–2000 (full) and 2040–2050
(outline) decades. The legend provides the number of cities per cluster.
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effects in urban areas linking to thermal comfort, the prevalence of the so‐called urban wind island (Droste
et al., 2018), interactions between urban areas and the atmospheric boundary layer at both short and long
timescales, the potential triggering of convection and downwind precipitation due to urban properties (Sui
et al., 2024), among others. The km‐scale character allows for city‐specific analysis for those interested, while the
global coverage permits urban research beyond a few well‐studied cities (Montfort et al., 2025). Most impor-
tantly, these simulations allow to address these questions combined with the impact of climate change.

We believe the urban community can benefit from adding coupled km‐scale climate simulations to their reper-
toire, and that the climate community has now the chance to study urban phenomena missing in the field to this
date. Projects aiming to further develop global km‐scale climate models and their understanding such as EERIE,
WARMWORLD or TERRA DT, will continue to produce improved multi‐decadal simulations in the years to
come, opening an opportunity to address uncertainty with a model‐ensemble approach. In parallel, plans for a
third intercomparison of km‐scale global models are on‐going, with a 1‐year targeted simulation time (Takasuka
et al., 2024). The Destination Earth initiative, funded by the European Commission, is already operationalizing
the production of such simulations in the context of the Climate Adaptation Digital Twin (Doblas‐Reyes
et al., 2026). In Destination Earth, 3 km‐scale coupled climate models are continuously producing multi‐decadal
simulations at 5 km resolution available on the Destin Eplatform for European public and selected partners
worldwide.
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