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Abstract
More than half of the world’s population lives in urban areas (UN Population Division 2018 The
World’s cities in 2018 (UN: New York)), which are especially vulnerable to climate extremes (Field
et al 2012 Managing the Risks of Extreme Events and Disasters to Advance Climate Change
Adaptation: Special Report of the Intergovernmental Panel on Climate Change (Cambridge:
Cambridge University Press)). Urbanization itself is known to increase surface temperatures, but
its quantitative effect on extreme precipitation remains very uncertain. Using decadal
convection-permitting climate simulations in four midlatitude megacities (Paris, France; New York
City, USA; Tokyo, Japan; Shanghai, China), we show that urbanization can strongly increase the
frequency and intensity of extreme urban precipitation. Frequency increases far more than
intensity, by+16% (11%–22%) (95% confidence interval) for 1 year daily extremes, and+26%
(11%–41%) for 1 year hourly extremes, downwind of city centers. Intensities of the same events
increase by+5% (3.2%–6.4%) (daily extremes) and+6% (3.2%–9.8%) (hourly extremes),
respectively. The intensity and frequency of extremes increases more for the rarest, most extreme
events considered, and there is some indication that hourly extremes increase more than daily
extremes. Our simulations also show that direct urban anthropogenic emissions of heat could be
an important factor driving these changes. Urbanization is expected to continue in the future, and
our results indicate that these effects should be considered in urban planning decisions to make
cities more resilient to extreme precipitation.

1. Introduction

Urban areas have a different climate than surround-
ing areas, and often experience higher surface air
temperatures. This well-known urban heat island
(UHI) effect [1] is especially strong at night and
during summer, exacerbating the health impacts of
deadly summer heat waves [2]. UHI is primarily due
to increased solar absorption and reduced turbu-
lent and radiative cooling in street canyons, associ-
ated with the low surface albedo and high heat stor-
age capacity of artificial urban surfaces [3]. Urban
temperatures are also increased by direct anthro-
pogenic heat emissions (AHE) by domestic heat-
ing, air conditioning and combustion engines [4].

UHI intensity is closely linked to urban population
numbers [5], but the background climate is also
important for the efficiency of UHI, particularly dur-
ing summer [6]. Cities in dry climates have a smal-
ler UHI effect than in other climates, and in the
former the UHI effect can even lead to cooling.
In wetter climates, dissimilarities in evapotranspira-
tion and convective efficiency are the main factors
explaining the urban-rural temperature differences
[5].

Observations and modeling indicate that urban-
ization can also enhance precipitation in cities, espe-
cially downwind of major urban centers [7–9]. This
urban-induced rainfall has been linked to the sur-
face heating associated with UHI, destabilizing the
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atmosphere and triggering convective rain, and to the
surface roughness from tall buildings, slowing down
surface winds and enhancing low-level moisture
convergence [10].

Urban areas are especially sensitive to extreme
precipitation events, which can overwhelm sewer
systems and cause costly, life-threatening urban
floods [11]. It is then societally crucial to understand
the drivers of extreme urban precipitation, in order to
build more resilient cities and mitigate the risks from
future urban floods.

In the past decades, many studies have shown
enhanced thunderstorm activity in the vicinity of
large cities, using surface and satellite-based observa-
tions of rainfall and lightning [10, 12]. However, it
is still difficult for long-term observational studies to
separate urban effects from other drivers of extreme
precipitation change in cities, such as climate change
and aerosol changes (concentration, composition and
size). In addition, the very high natural variability
associated with extreme precipitation events makes
it very difficult to identify any urban effects. In fact,
the vast majority of recent past climatological studies
did not provide a confidence interval when quantify-
ing urban induced rainfall [13]. As a result, although
there is more and more observational evidence that
urbanization enhances extreme rainfall, the quantit-
ative contribution of urbanization to these changes
is still very uncertain. On the other hand, modeling
studies, which are able to separate the different drivers
of urban rainfall, have in the past mostly investig-
ated the effect of urbanization on single extreme pre-
cipitation events [9, 14–16]. Long-term climatolo-
gical model studies have usually focused on the sum-
mer period [13], even though extreme events can
occur in all seasons and especially in the fall [17]. To
our knowledge, all previous modeling studies have
also focused on single cities or on urban areas in
one specific region. Some of these studies have also
used short simulation periods of less than 10 years
[13, 18, 19], which might be insufficient to prop-
erly quantify extreme precipitation statistics. Further-
more, simulating urban-induced extreme precipita-
tion requires long-term high-resolution simulations
to properly resolve urban areas and convective sys-
tems, which only became computationally feasible
recently [20].

In order to improve our quantitative understand-
ing of the effect of urbanization on extreme urban
precipitation statistics, we quantify in this study for
the first time the effect of urbanization (defined as
the presence of urban surfaces and AHE) on daily
and hourly extreme urban precipitation statistics
in four large megacities (Paris, France; New York
City, USA; Tokyo, Japan; and Shanghai, China) using
decade-long, all-year-long, convective-permitting
simulations.

2. Methods

2.1. WRFmodel and setup
For each city, we perform two sets of 10 year (2008–
2017) experiments (20 year for Paris, 1998–2017),
using the Weather Research and Forecasting model
version 3.9.1 [21], run at a convective-permitting
3 km resolution. Simulations are performed as
13 month time slices starting on December 1 and
ending on January 1. Initial and boundary condi-
tions are from the ERA-Interim reanalysis. Themodel
is run with three nested domains, at horizontal res-
olutions of 45 km, 15 km, and 3 km, with 50 ver-
tical levels from the surface to the 50 hPa level. The
3 km resolution domains are 483 km× 483 km wide.
In the 45 km domain, horizontal wind, temperature
and geopotential height are spectrally nudged to the
ERA-Interim reanalysis. The detailed model setup is
given in the supplementary table S1 (available online
at stacks.iop.org/ERL/15/124072/mmedia), and the
simulation domains are shown in figures S1 and
S2. No convective parameterization is used in the
3 km domain. In the other domains, the Grell–Freitas
cumulus scheme [22] is used. Urban physics are cal-
culated by the Single-Layer Urban Canopy model
[23] embedded in the Noah Land Surface Model [24]
coupled with WRF.

2.2. Description of the Urban and NoUrban
simulations
For the first set of simulations, called ‘Urban’, we
simulate the regional weather using an AHE invent-
ory (described below) and land cover informa-
tion obtained from the MODIS satellite instruments
[25, 26]. In the second, counterfactual set of experi-
ments, called NoUrban, the main contiguous urban
area for each city is replaced in the model by the main
periurban land type, usually cropland, and there,
AHE is cut completely. The difference between the
Urban and NoUrban simulations then gives the effect
of urbanization on the local urban climate.

The urban model represents urban areas as three
urban categories of different densities. In order to
set urban densities in our simulations, we calculated
the human settlement index [27] (HSI) using satellite
remote sensing observations, as:

HSI=
(1−NDVI)+OLS

(1−OLS)+NDVI+OLS×NDVI

Where NDVI is the maximum normalized differ-
ence vegetation index in the year, obtained from the
1 km resolution SPOT-4 VGT S10 satellite product
[28] for 2013, and OLS is the normalized light intens-
ity, from the DMSP-OLS satellite Nighttime Lights
product version 4 [29] for 2013. Once the HSI is cal-
culated for eachWRF surface grid cell, the 30% urban
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grid cells with the highest HSI are set as high-density
urban areas, the next 50% as mid-density, and the
bottom 20% as low density [30]. In theNoUrban sim-
ulations, the 45 km and 15 km domains use the same
land use map as in the Urban runs, but in the 3 km
domain the main contiguous urban area for each city
is replaced grid cell by grid cell by the most common
surrounding land type. This approach has the advant-
age of minimizing the urban-periurban contrast in
the NoUrban run, while focusing on the effect of the
presence of urban land and AHE, instead of invest-
igating the effect of broader regional land use change
(e.g. widespread deforestation) that would arise when
using pre-settlement maps for NoUrban. The result-
ing Urban and NoUrban land use maps are shown
on supplementary figure S1. This approach neglects
some of the structural differences across cities, by
using the same percentage for each urban category,
and by using the same urban parameters for each
city. However, using these simplifying hypotheses,
and comparing relatively similar midlatitude mega-
cities, allows us to better identify the common fea-
tures of the extreme precipitation response to urb-
anization inmidlatitudemegacities (sections 3.2–3.5)
and to aggregate results between cities to quantify
the influence of urbanization on extreme precipita-
tion statistics in midlatitude megacities (sections 3.3
and 3.4). In the Urban simulation, AHEs are from a
top-down 30 arc seconds, 1 h-resolved global invent-
ory [31] (shown in supplementary figure S2). Large
uncertainties remain in anyAHE estimate, which ulti-
mately require detailed knowledge of energy use and
characteristics at the building scale in each city. Even
though the AHE inventory used here is based on a
global, top down approach, we note that it has shown
good agreement with more detailed city-scale AHE
models [31]. In the NoUrban simulation, AHEs are
set to 0 W m−2 where the Urban area is replaced.

2.3. Extreme precipitation indices
The model output includes daily and hourly total
precipitation. Precipitation indices presented in this
study are calculated in each grid cell, then averaged
over the whole 20 year or 10 year time period before
calculating the Urban–NoUrban change. In sections
3.2–3.4, indices are also averaged over the whole
urban area for each city before calculating the Urban–
NoUrban change (see details in these sections). In sec-
tions 3.3 and 3.4, indices are also averaged only over
the part of each city’s urban area where mean precip-
itation increases (see details in these sections).

In this study, we calculate extreme precipita-
tion indices for different event return periods. For
example, the 1 year event in a given grid cell corres-
pond to the top tenth strongest precipitation event
in this grid cell in a 10 year dataset (or top 20 in
20 years). For daily precipitation, this also corres-
ponds to the 99.726 all-days percentile, and for hourly
precipitation, to the 99.989 percentile. We call the

difference between 1 year precipitation amounts in
millimeters in the NoUrban run and 1 year precipita-
tion amounts in the Urban run the ‘intensity change’
of 1 year events due to urbanization. For each of these
precipitation indices, we also calculate a ‘frequency
change’ due to urbanization. For 1 year events, we
calculate this frequency change as follows: the 1 year
event intensity inmillimeters is first calculated in each
urban grid cell in the NoUrban run, then the num-
ber of events exceeding that threshold in NoUrban
is calculated (by definition ten events per decade).
Next, we calculate the number of events exceeding
the same NoUrban threshold in the same grid cell in
the Urban case. This event count is averaged over the
urban area, and compared to the NoUrban number
to calculate the average Urban–NoUrban frequency
difference. When aggregating extreme precipitation
statistics for the four cities (sections 2.3 and 2.4), we
also give the 95% confidence interval (2.5% to 97.5%)
in our aggregated metrics, calculated using a one-
sample Student t-test.

3. Results and discussion

3.1. UHI and urban-induced precipitation in Paris,
France
Figure 1 shows the 20 year mean simulated effect
of urbanization in Paris on 2 m temperature, mean
precipitation and extreme daily precipitation with a
1 year return period. The base simulated results in the
Urban runs are also compared to surface observations
from the Global Summary Of the Day version 7 data-
set [32]. The model root mean square error (RMSE)
for temperature is 1.8 K, and for mean and extreme
precipitation normalized RMSEs are 27% and 9%
respectively. We find that the simulated UHI effect in
Paris is 2.1 K for the annual mean, 1.7 K in winter,
and 2.4 K in summer, similar to the value of 2.6 K
in June observed in a previous study [33]. Further-
more, urbanization has a clear effect on wintertime
(December–January–February, DJF) mean precipita-
tion and wintertime extreme daily precipitation, and
increases precipitation northeast of the urban area,
downwind from the prevailing southwesterly wind
direction. Further downwind, far outside the urban
area, precipitation decreases.

Results presented in figure 1 show why it is far
easier to directly observe urban-induced mean rain-
fall than urban-induced extreme rainfall. The urban
variability in simulated extreme precipitation, quan-
tified by the normalized standard deviation of all
the grid cells in the urban area of Paris, is 4.9%.
This value overshadows our signal, the +2% aver-
age urban extreme precipitation change in Paris. This
pronounced spatial variability is a well-known fea-
ture of extreme precipitation, and is largely due to the
stochastic nature of convective rain. For this reason,
it is possible to confuse these random effects with
the actual urban signal when comparing observed
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Figure 1. Effect of urbanization in Paris, France on seasonal mean temperature, seasonal mean precipitation, and seasonal
extreme daily precipitation with a 1 year return period. 20 year average of (a) 2 m temperature (b) mean precipitation (c) extreme
daily precipitation, simulated by the WRF model (background fields) and observed in situ (dots). Middle and bottom rows show
the 20 year average effect of urbanization on (d)–(f) wintertime (DJF) and (g)–(i) summertime (JJA) (d), (g) 2 m temperature,
(e), (h) mean precipitation and (f), (i) extreme daily precipitation (Urban–NoUrban simulation difference).

trends inside and outside urban areas. In figure 1,
we also note that the spatial variability in both the
mean and extreme precipitation responses is espe-
cially high during summer (June–July–August, JJA),
where highly variable convective precipitation is pre-
valent. However, even in this season, we find that
the strongest changes in precipitation occur in north-
eastern Paris, as did a past case study [9], even
though these values are comparable to the wider
pattern of extreme precipitation variability, making
this result very uncertain. In Spring and Fall, mean
and extreme precipitation also increases in northeast-
ern Paris (supplementary figure S3), with less spa-
tial noise than in summer but more than in winter.
Because of this large spatial variability, it is difficult to
study this urban response at the local scale of a model
grid cell. In the rest of the paper, we study these effects
using coarser geographical averages over urban areas,
in order to reduce this random noise and to better
extract the climate signal of urbanization.

3.2. Urbanization increases extreme precipitation
frequency far more than its intensity
To understand the pattern of small-scale variabil-
ity and its robustness, figures 2(a)–(h) shows simu-
lated precipitation indices averaged over the whole
urban areas of Paris, New York City (NYC), Tokyo,
and Shanghai, for the whole 10 year period (2008–
2017). For Paris, figure 2 also shows error bars rep-
resenting the standard deviation from an ensemble
of 100 random 10 year periods subsampled without

replacement from the full 20 year dataset for Paris.
These error bars thus represent the uncertainty asso-
ciated with the choice of our relatively short 10 year
simulation period for calculating precipitation stat-
istics in these four cities.

Figures 2(e)–(h) shows that, on average, urban-
ization increases mean precipitation slightly in the
urban areas of Paris, Tokyo and Shanghai (+0.4%
to +0.8%), but decreases it in NYC (−0.8%). (see
supplementary table S2 for the changes in the four
cities). Extreme precipitation with a 1 year return
period (top ten event in 10 years) increases in every
city by+2% to+3% for daily extremes, and+1% to
+6% for hourly extremes. However, the large stand-
ard deviation for Paris indicate that these results are
very sensitive to the choice of a relatively short 10 year
period, and thus quite uncertain. We find that dif-
ferences between cities can be partly explained by
the magnitude of the UHI temperature change. The
1 year extreme precipitation intensity change, aver-
aged over the whole urban area, is well correlatedwith
the annual and spatialmeanUHI effect in the four cit-
ies, with correlations of 0.84 and 0.78 for daily and
hourly extreme precipitation respectively. Remain-
ing differences between cities reflect that additional
factors, such as local climate and orography, play a
role in the strength of the precipitation response [7].

Figures 2(e)–(h) also shows that urbanization
increases the frequency of extreme urban events far
more than either the mean precipitation intensity or
the extreme precipitation intensity. The frequency
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Figure 2. Change in (blue) daily and (orange) hourly precipitation due to urbanization in Paris (France), New York City (USA),
Tokyo (Japan), and Shanghai (China). Top row: modeled mean precipitation changes (10 year average) due to urbanization.
Middle row: mean and extreme precipitation changes (daily and hourly), averaged over each city’s urban area. ‘Intensity change’
refers to the change in precipitation amounts between 1 year events in the NoUrban and Urban simulations, while ‘frequency
change’ refers to the change (Urban–NoUrban) in number of events exceeding the 1 year extreme threshold. Bottom row: same as
middle row, averaged only over part of the urban areas where mean precipitation is increasing, highlighted in black in the top row.
For Paris, error bars show the standard deviation from random 10 year periods subsampled in the full 20 year dataset.

of 1 year daily events increases by +7% to +9%
above theNoUrban baseline, andhourly precipitation
extremes increase in frequency even more, by +7%
to +27% (see supplementary table S2 for changes in
the four cities). Our results also indicate that changes
in extreme precipitation frequency can occur during
the whole year, whereas most previous studies have
focused on summer only. On average, only half (52%)
of the ten strongest simulated events in each grid cell
of these four cities occur in summer (J), while 32%
take place in fall, 14% in spring and 2% in winter.
Even though the magnitude of the UHI temperature
effect is largest in summer in the four cities, we find
that in Paris the relative increase in daily extreme pre-
cipitation frequency is largest in fall, and in NYC and
Shanghai it is largest in spring.

3.3. Urban-induced extreme rainfall is unevenly
distributed within cities
The effect of urbanization on mean urban precipita-
tion is known to be highly localized, with precipita-
tion usually increasing downwind from a prevailing
wind direction, and decreasing even further down-
wind [10]. Figures 2(a)–(d) indeed shows, as did fig-
ure 1, that there is a lot of spatial variability in the
mean precipitation response to urbanization. Even
in NYC, where, on average, urbanization decreases
mean precipitation, vast areas northeast of the urban
area experience increasedmean precipitation. For this
reason, past observational studies have usually quan-
tified urban-induced rainfall only in specific areas

most affected [7, 8]. Following a similar approach,
figures 2(i)–(l) shows the changes in extreme pre-
cipitation only where mean precipitation increases
(areas highlighted on figures 2(a)–(d)). There, we
see much more similarities between cities, a lower
overall uncertainty in our attribution, and a more
consistent picture in the response to urbanization.
These areas see enhanced annual mean precipita-
tion, but also stronger changes in extremes than in
the mean, and a consistently stronger response in
frequency than in intensity. Aggregating these res-
ults for the four cities (figure 3), we find that the
frequency of 1 year extreme precipitation increases
by +16% (11%–22%) (95% confidence interval)
for daily extremes and 26% (11%–41%) for 1 year
hourly extremes. The intensity of the same events
increases by 5% (3.2%–6.4%) for daily extremes,
and 6% (3.2%–9.8%) for hourly extremes (see
supplementary table S3 for changes in the four
cities).

In summary, where urbanization increases mean
precipitation, we see an associated extreme pre-
cipitation response to urbanization that is robust
and consistent between all four cities: enhanced
extreme intensity compared to the mean, and further
enhancement of extreme precipitation frequency. In
the rest of the urban area (supplementary figure
S4, panels i–l) the response is qualitatively very dif-
ferent. First, in the areas where mean precipitation
decreases, the uncertainty is much larger than the
extreme precipitation change signal. Second, in these
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Figure 3. Simulated change in extreme precipitation intensity and frequency due to urbanization (Urban–NoUrban), as a
function of the event return periods, averaged over four megacities. Changes are averaged only over the part of urban areas where
mean precipitation increases, for (a) daily precipitation and (b) hourly precipitation. Color shading indicates the 95% confidence
interval for the mean of the four cities.

areas there is no consistent response between differ-
ent cities: frequency changes can either be smaller or
larger than intensity changes, and extreme changes
can be smaller or larger than mean changes. It is clear
that the response shown on figure S4 is much weaker,
and much more random and uncertain, than what
is shown on figure 2. This is because these changes
are not primarily due to urbanization, but are mostly
associated with the random regional variability of
precipitation. These results are consistent with previ-
ous studies that showed that only some areas within
cities experience urban-induced rainfall. These find-
ings also indicate that the urban-induced extreme
precipitation response is highly heterogeneous within
cities, which could be important for future adaptation
and to understand extreme precipitation in existing
cities

3.4. Urbanization enhances the intensity and
frequency of rarer extreme events the most
Figure 3 shows that urbanization also has a stronger
effect on the most extreme precipitation events. For
example, the frequency and intensity of 1 year events
increases faster than either 3 month or 6 month
events. Our results also indicate that 2 year events
might increase even more, but it is difficult to invest-
igate return periods larger than 1 year with our
limited 10 year dataset, as indicated by the large
uncertainties on figure 3. Aggregating results for
the whole urban areas of the four cities (instead of
the areas most affected) shows similar effects, but

with weaker responses and even larger uncertain-
ties (supplementary figure S5). Figures 3 and S5 also
indicate that, in these four cities, hourly precipitation
extremes increase more than daily extremes, in
agreement with a recent study over Kuala Lumpur,
Malaysia [18]. However, for the intensity response,
the statistical significance of this hourly intensifica-
tion is quite weak, with t-test p-values (hourly minus
daily change difference) of 0.078, 0.27 and 0.30, for
the 6 months, 1 year and 2 year extremes respectively.
For frequency, the hourly intensification of extremes
is slightly more significant, but still does not reach
the 95% statistical significance,with p-values of 0.062,
0.20 and 0.21 for 6months, 1 year and 2 year extremes
respectively. To reduce this uncertainty, longer sim-
ulation datasets would likely be needed to confirm
that hourly extremes are indeed intensifying more
than daily extremes. Simulations for additional cit-
ies, larger cities, or using more pronounced urban
characteristics (density, building height, AHE) could
also help better identify the nature of the urban
precipitation response.

3.5. Sensible heat, including anthropogenic heat
emissions, drives the increase in extreme
precipitation
Figure 4 illustrates the physical processes respons-
ible for these urban precipitation changes. Urbaniz-
ation increases the surface sensible heat flux in cit-
ies, while decreasing the latent heat flux, causing a
slight drying at the surface but also destabilizing the
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Figure 4. Simulated effect of urbanization and anthropogenic heat in Paris on annual mean (2008–2009 average) surface energy
fluxes, and on annual mean vertical profiles over the urban area. Top row: modeled Sensible Heat and Latent Heat changes due to
urbanization (Urban–NoUrban) and due to anthropogenic heat emissions (Urban-NoAHE) in Paris for the simulated years
2008–2009. Bottom: vertical changes in temperature, specific humidity, vertical wind velocity, cloud fraction and horizontal
moisture flux convergence due to urbanization (purple) and AHE (orange).

lower atmosphere. The resulting effect is an over-
all increase of upwards vertical wind velocity over
Paris, which can trigger convection downwind of the
urban area, a well-known driver of urban-induced
rainfall [33, 34]. This can be seen on figure 4(h)–(i),
showing an overall increase in horizontal moisture
flux convergence −∇(qV) and high-altitude cloud-
iness over urban areas. Similar mechanisms were also
shown to occur in Tokyo in a recent study [35]. In
order to separate the effects of land use change and
the effects of anthropogenic heat, we also show in fig-
ure 4 the results of a 2 year simulation (years 2008 and
2009) where we disabled AHEs over Paris, referred to
as noAHE. We only performed the noAHE simula-
tion for 2 years because of the high computational
cost of performing 10 additional years of simulations,
however supplementary figures S6 and S7 show that
results in 2008 and 2009 are very similar, indicat-
ing that even a 1 year simulation would be sufficient
to investigate these changes. Results presented in fig-
ure 4 indicate a proportionally large role of AHE,
which increases sensible heat and decreases stability,
without reducing evaporation and latent heat. As a
result, half (51%) of the total moisture flux conver-
gence change below 2 km over Paris is due to AHE,
even though AHE contributes to only 32% and 31%
of the total sensible heat and surface temperature
changes due to urbanization. This suggests that redu-
cing AHE in cities (for example, reducing total energy
use or improving insulation) could have the import-
ant co-benefit of reducing the frequency of extreme
precipitation events within cities.

4. Conclusion

In conclusion, our study shows that urbanization
intensifies extreme precipitation events in large cit-
ies, and increases the frequency of extremes even
more, making these events far more commonplace.
This is potentially worrying because of the contin-
ued expansion of urban areas, which are expected
to house 60% of the world’s population by 2030
[7, 36, 37], and because of the simultaneous increases
in extreme precipitation intensity and frequency due
to climate change [38, 39]. Cities are very vulner-
able to extreme precipitation, due to high runoff on
artificial surfaces and high population densities. We
show here that not all parts of cities are susceptible
to urban-induced rainfall, which can be highly loc-
alized, meaning that detailed high-resolution stud-
ies could be necessary before designing infrastructure
in fast-growing cities. In this work, we only investig-
ated the effect of urbanization in midlatitude mega-
cities; we hope future work will investigate if the same
effects occur in smaller cities and in different climates,
including drier climates. We also chose to study the
effect on urban climate of urban land and AHE in
current conditions; we think it will be interesting
for future work to consider the combined effect of
urbanization and historical climate change since pre-
settlement conditions, as well as the combined effect
of future urbanization scenarios and future climate
change.

As in earlier studies, we find that increased sens-
ible heat could be an important driver of urban-
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induced rainfall, by increasing vertical motion and
moisture convergence over cities [14, 35]. In addition,
we show a potentially large role of direct AHEs from
domestic heating, combustion engines and air con-
ditioners, which increase sensible heat without redu-
cing surface specific humidity over cities. In order to
limit urban-induced extreme rainfall, AHEs could be
easier to mitigate than the UHI components from
albedo, heat storage and street geometries. Further
studies will be needed to assess the efficiency of dif-
ferent mitigation strategies.
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