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Cities are generally warmer than their adjacent rural land, aphenomenon known as
the urban heatisland (UHI). Often accompanying the UHI effect is another phenomenon
called the urbandryisland (UDI), whereby the humidity of urban land is lower than
that of the surrounding rural land" . The UHI exacerbates heat stress on urban

residents*®, whereas the UDI may instead provide relief because the human body

can cope with hot conditions better at lower humidity through perspiration®”. The
relative balance between the UHI and the UDI—as measured by changes in the wet-bulb
temperature (7,,)—is akey yet largely unknown determinant of human heat stressin
urban climates. Here we show that T, isreduced in cities in dry and moderately wet
climates, where the UDI more than offsets the UHI, but increased in wet climates
(summer precipitation of more than 570 millimetres). Our results arise from analysis
of urban and rural weather station data across the world and calculations with an urban
climate model. Inwet climates, the urban daytime 7, is 0.17 + 0.14 degrees Celsius
(mean + 1standard deviation) higher than rural T, in the summer, primarily because
of aweaker dynamic mixing in urban air. This T,,increment is small, but because of the
high background T, in wet climates, it is enough to cause two to six extra dangerous
heat-stress days per summer for urban residents under current climate conditions.
Therisk of extreme humid heat is projected to increase in the future, and these urban
effects may further amplify the risk.

Time of the day and time of the year matter in the examination of urban
heat stress. Air temperature and air humidity are more likely to exceed
dangerous heat-stress thresholdsin the daytime and during the summer
because of the higher background temperature and humidity than at night
and during the winter. The urban dry island (UDI) effect can bring more
cooling reliefif it occurs during summer daylight hours. How the UDI
interactswiththeurbanheatisland (UHI) effecthasimportant healthimpli-
cations, especially in cities in the Global South. Some of these cities are
hometoinformal settlements, which have low access toair-conditioning
infrastructure and are vulnerable to temperature extremes® °, and many
are located in tropical and subtropical climates where the combined
effect of high temperature and high humidity is approaching the human
physiological threshold for survival (wet-bulb temperature T, =35 °C)™*,
Astrong UDl effectin these cities may have the potential to fully compen-
sate for the adverse UHI effect. However, if these cities are more humid than
their ruralbackground, the high humidity willcompound high urban tem-
peratures, pushing heat-stress levels even closer to the lethal threshold.

Current knowledge of these urban microclimate effects is limited>*
for high heat-stress regions in humid climates, such as South Asia, tropi-
cal Africaand the Amazon Basin™"2, Satellite data show that the daytime
surface UHI (urban-rural difference in land surface temperature) is
stronger in a more humid climate™. One underlying mechanism is
that cities in humid climates are less efficient in dissipating heat from
the surface to the lower atmosphere than the surrounding rural land™".

A working hypothesis is that the low convection efficiency of urban
land should also enhance the daytime air UHI intensity (urban-rural
difference in air temperature) in humid climates.

Reduction in urban evaporation owing to vegetation removalis a
key mechanism of UDI formation®. The UDI phenomenon has been
observed in several mid-latitude cities’® 2 in background climates
where evaporation is water-limited. Butinlow-latitude humid climate
where evaporationis energy-limited, urban air may become more moist
thantherural background®?. Itis not known whether these local results
can be extended to broader geographic regions.

Inthis study, we investigate the contributions of the UHIand the UDI
to urban heat stress using 133 pairs of urban and rural stations across
the world. We also used an urban climate model to simulate the UHI and
the UDI for over 36,000 urban clusters in the world, with the goals to
expand the spatial coverage of the observational dataandto probe the
thermodynamic mechanisms of UHIand UDI formation. The results are
presented for the three summer months. We use the wet-bulb tempera-
ture (T,) to measure the combined effect of temperature and humidity
on heat stress. As it is the lowest temperature that can be achieved by
evaporation of water in an air parcel, T, is agood approximation of
the skin temperature of a cloth-less and perspiring human body. This
approximation may be more appropriate in hot and humid climates
thanindry or cold climates. We find that the urban humid heat burden
is dependent on the precipitation regime.
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Fig.1| Theurbanwet-bulbisland depends on time of the day and on climate
wetness. a,c, Observed daytime (a) and nighttime (c) AT, and its components.
b,d, Modelled daytime (b) and nighttime (d) AT,,and its components. The
modelresultsare for grids corresponding to the urban-rural station pairs

and from the same time periods. The box plots show the median (line), 25-75%
range (box), 5-95% range (whiskers) and the mean value (cross). Station pair
numbersareindicatedinc.

The urban wet-bulbisland

Weinvestigate the urban effects using the urban wet-bulbisland, AT,,
defined as the differencein T7,,between the urbanland and the adjacent
rural land (urban minus rural). Mathematically, AT, is the sum of the
scaled UHI (AT, in °C) and UDl intensity (Ae,/y in °C):

A
AT, = w,AT,+ w, ;*‘

@

where w, and w, are positive and dimensionless scaling factors, AT,
and Ae, are urban-rural differences in air temperature and in vapour
pressure, respectively, and yis the psychrometric constant (Methods).
In this formulation, the two scaling factors are equal (at about 0.3;
Extended Data Table1) and are aweak function of T,. The second term
inequation (1) is negative for a city with an UDI and positive if the city
is more humid than its surrounding (that is, the urban moist island).
Other heatindices can also be expressed as alinear combination of the
UHI and the UDI components (Methods).

The paired daytime (08:00 to 16:00 local time) observations show
that, on average, the negative UDI contribution (that is, the urban dry
island) outweighs the positive UHI contributionin dry (summer precipi-
tation P,<180 mm) and moderately wet (intermediate P,from 180 mmto
570 mm) climates, resultingin negative AT, (Fig.1a).In other words, cities
inthese climates experience less humid heat stress in the daytime than
their rural environments. In wet climate (P, > 570 mm), the average UDI
contributionis near zero, and the daytime mean AT, is slightly positive.
Atnight (20:00 to 04:00 local time), the UDI effect is weak, but the UHI
effectisstrong, leading to positive AT, inall the three climates (Fig.1c).
These observational patterns are reproduced by the climate model
(Fig.1b,d). It is difficult to draw firm conclusions for the wet climate
fromthe observational databecause of large variations among the few
station pairs (17) available. If we replace the model results for the 17 grids
where these station pairs arelocated with those for all the 10,288 urban
clustersinthewet climate, we obtainameandaytime AT, 0f0.17 + 0.14 °C
(mean +1 s.d.), whichis significantly different from zero (P < 0.001).

The urban wet-bulb island is a city-scale property. As most of the
observations were made with a single pair of stations, some of the vari-
ability in Fig. 1a,c is caused by the inability of a single urban station to
captureintra-city variations of microclimate. By applying abootstrap
method to the few cities with multiple station pairs, we estimate that the
measurement uncertainty of AT, is 0.12 °Ct0 0.57 °C (95% confidence
interval; Table1).

Causes of the urban wet-bulbisland

We use the climate model to quantify causes of the urban wet-bulb
island. In the modelling framework, the screen-height T, is allowed
to vary between urban and rural subgrid tiles within the same model
grid—this difference is the urban wet-bulb island AT,,—and T,, at the
atmosphericreference height (thatis, the blending height) of theland
modelis kept constant between these tiles. The wet-bulb temperature
T, measures the surface moist static energy (MSE)?**. Even though MSE
(and hence T,,) is a conserved quantity in the adiabatic process, AT, is
generally non-zero and is linked to the contrast in the surface enthalpy
flux between the urban and the rural tiles.

Using an Ohm’s law analogy for the enthalpy flux (equation (7) and
Methods), we show that AT, is caused by two diabatic processes: (1)
dynamic mixing of air between the screen height and the blending
height, and (2) athermodynamic contribution or diabatic heating
owing to absorption of solar radiation, anthropogenic heat emission,
heat storage in soil and buildings, and surface longwave radiation
(Methods, Fig. 2 and Extended Data Fig. 5). Their contributions to
AT, are quantified with a diagnostic analysis of model results. Dur-
ing the daytime, changes in dynamic mixing cause the urban T, to
be 0.39 + 0.34 °C (mean + 1s.d.) higher than the rural T,, in the wet
climate, resulting in a positive AT, (Fig. 2a). In this climate zone, cit-
ies dissipate the surface MSE to the lower atmosphere less efficiently
than rural landscapes, which are dominated by dense vegetation of
high aerodynamic roughness. The mean daytime diffusion resistance
r,between the screen height and the blending height is 20 s m™ and
12 s m*forurbanland and rural land, respectively, in the wet climate.
Thisinterpretationis consistent withanattribution analysis of the sur-
face UHI®. At night, the role of dynamic mixing is reversed: the surface
air over urban land is statically more unstable??¢, permitting more
efficient energy dissipation than over rural land (for example, urban
r,=72sm™versusruralr,=91s m™inthewet climate), which explains
the negative contributionto AT, (Fig. 2b). Despite this dynamic cooling
effect, the nighttime AT, is actually positive due to diabatic heating.
Diabatic heating, primarily via the release of heat stored in buildings,
increases the MSE of urban air at night in all the three climate zones
(Fig.2b and Extended Data Fig. 5b).

The paired observations suggest that the urban web-bulbisland may
be dependent on climate wetness, with the daytime AT, increasing and
the nighttime AT, decreasing with increasing summer precipitation

Table 1| Uncertainties in the observed urban wet-bulb island
caused by intra-city microclimate variability

City Phoenix Harrisburg Birmingham  Guangzhou??
Climate Dry Intermediate  Intermediate = Wet

zone

Daytime

Cl (-1.20,-0.68) (-0.49,-0.12) (-0.05, 0.07) (0.39, 0.65)
s.e. 0.20 0.09 0.03 0.07
Nighttime

Cl (-0.19, 0.38) (0.68,1.00) (0.50, 0.63) (0.97,1.22)
s.e. 0.19 0.09 0.03 0.07

All values are shown in °C. Cl, 95% confidence interval; s.e., standard error of bootstrap
sampling.
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Fig.2| The urbanwet-bulbisland is controlled by dynamic mixing and
diabaticheating. a,b, The results of diagnostic analysis during the daytime
(a) and nighttime (b). Themodelled AT, is differencein T,,between urban and
rural subgrid tilesin the same model grid. The calculated AT, is the sum of all
component contributions. The box plots show the median (line), 25-75% range
(box), 5-95% range (whiskers) and the mean value (cross).

(Fig.1a,c). This climate dependence is more evident in the spatial dis-
tributions of modelled AT, (Fig. 3a,c). The spatial variationsin dynamic
mixing are the dominantdriver of spatial variationsin the daytime AT,
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Fig.3|Thedaytimeurban wet-bulbisland is strongestin the wet climate.
a,b, Geographical distributions of AT, during daytime (a) and nighttime (b) in
three climate zones. ¢,d, Probability density function (PDF) of daytime (c) and
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explaining 130% of the AT, versus precipitation spatial covariance®
(Extended Data Fig. 4a). At night, diabatic heating via heat stored in
soil and buildings is dominant, explaining 125% of the AT, ~precipita-
tion covariance (Extended Data Fig. 4b). Both are associated with the
background biogeography in that vegetation tends tobe denser as the
climate becomes wetter, which enhances the daytime rural convection
efficiency and suppresses the role of heat storage at night.

Theurbandry island inwet and dry climates

Both the observational and the modelling data show that the daytime
UDI s stronger in the dry climate (that is, a more negative UDI com-
ponent) thanin the wet climate (Figs. 1a,b and 4). Although the above
diagnostic analysis cannot differentiate the UDI and the UHI compo-
nents, asimilar reasoning can be deployed to explain this UDI climate
gradient. First, if a stronger dynamic mixing occurs over urban areas
thanover rural areas, water vapour released from the urban surface will
dissipate faster to the upper boundary layer, leading to the UDIforma-
tion. In the modelling domain, mixing is indeed stronger for urban
areas (mean daytime r, =14 s m™) than for rural areas (r,=18 sm™) in
the dry climate. Second, reduction in the urban water vapour source
owing to removal of vegetation, which is akin to reduction in diabatic
heating for T, is a known contributor to the UDI®. In addition, many
cities in the dry climate are surrounded by irrigated cropland. Crop-
land irrigation humidifies the rural air viasurface evaporation, further
strengthening the UDI. We hypothesize that these changes in the sur-
face vapour sources create a stronger UDI in the dry climate, because
surface evaporation is water-limited, than in the wet climate, where
surface evaporation is energy-limited.

The occurrence of strong UDIs in the dry climate is somewhat coun-
terintuitive because some green spacesinarid cities areirrigated (for
example, urban lawns and parks in Salt Lake City, USA%). In our model
domain, the irrigation option is activated for cropland but not for
urbanland. The urban weather stations we used are located in built-up

b
TS JRETS s o
A Tees -
Mg [l X
{ TNy
N
“‘ﬁ}/ {A " {\1’\@?}&
e - e
[¥ 2 3
N T et 2
' \?’ Cx "/‘Wl“’«k
Vel TR
B G
I T T T T T T ATW(OC)
-03 -01 0 01 03 06 09
d
—r——- - Wet
+ =+———1—=——~ Intermediate
—_— T Dry
— 0.27°C
3F —041°C
T — 0.38°C
£
1
0 L 1
-1 0 1

nighttime (d) AT,,. The box and whiskers show the 1st, 25th, 50th, 75thand
99th percentiles. Data are mean values. Maps were made with the Python
software.



1k 180 570
o or %
c
Q
c
g -1p
£
9]
o
[=}
=) 2 1
D[’y . Intermediate Wet
-3 1 1 1 1 1 1
0 300 600 900 1,200 1,500
P (mm)
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neighbourhoods (impervious surface fraction greater than 0.45; Meth-
ods), so the humidifying effect of urban green spaces is minimal.

Increased urban heat stress in wet climate

That the daytime AT, is more likely to be positive than negative in
the wet climate (Fig. 3) is a cause of concern. As the summer daytime
wet-bulb temperature in the wet climate is already quite high (mean
daytime T,,=25.4 + 2.5 °C), especially in coastal areas (mean daytime
T.=26.2+19°C),evenasmallincreasein T, can create large negative
health consequences. Using a dangerous T, threshold of 27 °C (refs.
12,28,29), we find that residents in coastal citiesin the wet climate expe-
rience, on average, 5.6 more dangerous days per summer (AN) than
rural residents during 2000 t0 2019 (P < 0.001; Fig. 5a). In several cities,

Coastal
A

Interior Coastal
A A

theextraurban heat burden canbe as high as 20 days per summer. The
number of extra dangerous days is lower (2.4) for interior cities, but it
is still significantly different from zero (P < 0.001).

Atnight, theurban wet-bulbislandisless of aconcern (Fig. 5b), even
though AT, is larger than the daytime AT, (Fig. 3). The mean night-
time T,, (22.7 £ 2.9 °C) in the wet climate is much lower than the 27 °C
threshold.

Discussion

The results presented above offer partial support for the convection
efficiency hypothesis. The daytime convection efficiency of urban
land becomes lower than that of rural land in a wetter climate, so more
MSE is trapped in the urban surface air, leading toamore positive AT,
(Fig.1a,b and Extended Data Fig. 4a). But this hypothesis alone cannot
fully explain the air UHI spatial pattern, which shows higher valuesina
drier climate in an opposite trend to AT,, (Extended Data Fig. 2c). The
relationship betweenthe air UHI and precipitationis complex. A nega-
tive correlation of the air UHI with climate wetness has been reported
in ref. 30 and is suggested by the air UHI dependence on latitude®.
Otherstudies have reportedinsignificant™ or positive correlation®. The
divergence among these studiesis probably caused by large intra-city
variationsin the observed air temperature or uncertainties related to
model representation of rural irrigation.

Although our urban climate model does not explicitly consider
urban vegetation, some inferences can be made from the above ther-
modynamic insights regarding the use of vegetation for adaptation
to humid heat. Urban vegetation can reduce air temperature by pro-
moting evaporation, increasing albedo and changing heat storage®.
Evaporation on its own does not play arole in the formation of the
urbanwet-bulbisland asit merely converts sensible heat to latent heat,
bringing no change to the total MSE. The cooling relief of vegetation to
humid heat is probably achieved through other biophysical changes.
Urban vegetation may be beneficial at night because diabatic heating

Interior Coastal Interior
A A A

Wet

Fig.5|Urbanresidentsinthe wet climate experience more heat-stressed
days thanruralresidents. a,b, The daytime (a) and nighttime (b) heat-stress
burden caused by the urban wet-bulbisland. ANis difference in the number of
heat-stressed days per summer between urban and rurallocations. The results

Intermediate Dry

areshownseparately for coastal and interior citiesin three climate regions.
Colourindicates data density, with yellow indicating high density and navy
blueindicating low density. Smooth curves are probability density functions.
Box and whiskers show Oth, 25th, 50th, 75thand 100th percentiles.
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viaheat storageis the main contributor to the nighttime urban wet-bulb
island (Fig. 2). In Seoul, South Korea, street trees at a fractional cover
of 30% reduce the nighttime heat storage by about 15 W m™ (ref. 34),
whichamountstoareduction of about 0.30 °Cin T, according to our
diagnosticanalysis. Aless studied effect of urban vegetationis change
to dynamic mixing. According to the data from urban microclimate
modelsimulations®?¢, planting of street trees reduces air temperature
but raises air humidity, with the overall result being anincreasein T,,.
Onereasonis thatinthe model domain, the urbanlandscape becomes
aerodynamically smoother with increasing tree cover®. Heat dissipa-
tionis controlled by thermal roughness, not by momentum roughness.
Rigid structures such as buildings have much lower thermal roughness
than flexible and porous plant foliage®**. It is not known whether the
thermal roughness of a complex urban landscape consisting of built
structures and street vegetation will behave in the same way as its
momentum roughness.

Our study highlights the need to consider the combined urban
temperature and humidity effect on human health. This effect is gen-
erally omitted in the existing global and regional studies on humid
heatbecause they are based either on historical climate data collected
mostly at rural weather stations or on reanalysis data products and
future climate projections that lack urban representation. The urban
effect is dependent on local and regional background climate condi-
tions (Figs. 3 and 5). In the dry and intermediate climates, the UDI is
strong enough to more than offset the UHIin many locations, but there
isnoreductioninthe average heat burden for urbanresidents. Inthe wet
climate, the urban effectincreases the number of dangerous heat-stress
daysby2.4t05.6 per summer, anintensificationthatis greater than the
humid heatburdenof 0.5 + 0.3 days from widespread irrigation in this
region®. The humid heat stress is projected to increase under future
warmer climates, and the urban wet-bulb island may further exacer-
bate the probleminsomeregions. Inthe western Maritime Continent
(Malaysia, Indonesia, Singapore and Brunei), about 2% of the popula-
tion is projected to be at risk of experiencing extreme humid heat (T,
greater than 32 °C) at the end of the century under the representative
concentration pathway RCP8.5 scenario*. In this region, the daytime
AT, is0.33 °C (Fig. 3a, top). Using the cumulative exposure probability
inref.40,addition of thisurban effect to the projected T,, would increase
the at-risk population to 4%.
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Methods

The results presented here are for the summer season (June-July-
Augustinthe Northern Hemisphere and December-January-February
inthe Southern Hemisphere). These months represent the hot period
ofthe year and also coincide with high-humidity conditions in the wet
season at low latitudes. For grids north of 20° N, the highest T, always
occursinjune,July or August. For grids south of 18° S, the hottest month
(month with the highest T,,) is always December, January or February.
The T, seasonality isweaker inthe tropics (between18° Sand 20° N) than
at mid- to high latitudes. The hottest month can be March or April in
some grid cellsbetween 0°and 18° S and May or September in some grid
cellsbetween 0°and 20° N. On average, June-July-Augustin the North-
ern Hemisphere and December-January-February in the Southern
Hemisphere are the hottest period of the year at these tropical latitudes.

We used summer precipitation P to divide observations and model
grids into wet (P,> 570 mm), dry (P, <180 mm) and intermediate
(180 mm < P, < 570 mm) climate regions; these three regions roughly
coincide with the tropical, dry, and temperate and boreal climate in
the Képpen climate classification. Coastal grids are defined as those
within 50 km from coasts of oceans and large lakes. The daytime and
nighttime periods are 08:00 to 16:00 and 20:00 to 04:00 local time,
respectively.

Selection of paired urban-rural weather stations

Some sstudies have used data collected at municipal airports as a substi-
tute for urban conditions. This practiceis controversial. Consideration
of turbulent mixing in the atmospheric boundary layer indicates that
weather stations have a small source footprint on the order of 500 m
inradius*. As airport weather stations are generally in compliance
with the World Meteorological Organization siting guideline (which
stipulates that a weather station be installed on an open ground cov-
ered by grass and the location should be far away from buildings and
walls), they may not be representative of the true built environment.

Here we applied aset of uniformsite selection criteria to ensure that
the chosen stations are located in true built-up and true rural land-
scapes. First, the paired stations have simultaneous observations of
bothtemperature and humidity at hourly or three-hourly intervals for
atleast one summer from 2009 to 2019.

Second, station location and measurement height are within our
pre-set standards. One challenge about climate data depositories is that
the accuracy of station coordinates is generally no better than1arcmin
orabout2 kmindistance. Owing to the heterogeneous nature of urban
environments, a2-km spatialambiguity means that a station classified
asurbaninamedium orsmall city canactually be located inarural set-
ting. We verified the metadata for each site pair with the site operator
orviavisualinspection of the station location using Google Earth Pro.
This screening ensures that the accuracy of the station coordinates
is better than 200 m and that temperature and humidity sensors are
placed at a height of 1.3 m to 3 m above the surface.

Third, we used the Global Human Settlement (GHS) built-up grid
data*? to screen potential urban and rural weather stations, after
their precise station coordinates had been confirmed. Stations with a
built-up fraction higher than 0.45 within the 1-km radius were chosen
asurban, and stations with a built-up fraction lower than 0.2 within the
3-km radius were chosen as rural. These buffers are greater than the
theoretical footprint of about 500-mradius for aweather station*’. The
buffer for screening urban stations is smaller than for rural stations,
allowing us to include urban stations in small cities.

Fourth, the elevation difference, absolute distance and latitudinal
distance between the paired stations are smaller than 100 m, 80 km
and 50 km, respectively. Asmalllapserate correction (-0.0065 °C m™)
was applied toremove the impact of the residual elevation difference.

Atotal of 133 urban-rural station pairs were found to satisfy the above
screening criteria, including 101 from the intermediate climate, 17 from

the wet climate and 15 from the dry climate (Extended Data Fig. 1). Of
these, 45 stations came from the Integrated Surface Database* and
the rest were extracted from local sources and from intensive field
campaigns. If amodel grid has multiple station pairs, spatial average
of urbanstations and spatial average of rural stations are used to form
one single pair for that grid.

Climate model simulation

We used a global climate model, the Community Earth System Model
(CESM)**, to simulate urban and rural wet-bulb temperature and other
surface climate variables. The land component of the CESM, the Com-
munity Land Model Version 5 (CLMS5), represents subgrid spatial het-
erogeneity with five land units or tiles (glacier, lake, urban, vegetated
and crop). Theland unitsin the same grid cell receive identical atmos-
phericforcing, but their physical state and flux variables are computed
separately with their own parameterizations. For instance, the urban
microclimate is based on the urban canyon concept, which consists
of roof, sunlit wall, shaded wall, and pervious and impervious canyon
floor. The urban extent, urban morphology, and thermal and radiative
parameters come froma default urban dataset provided by the CESM*,
representing the present-day urbanization pattern. In this modelling
framework, theurbanwet-bulbisland (AT,) is the T, difference between
the urban and the rural (vegetated and crop) land units in the same
grid cell. As the CLM5 does not consider the lateral heat and moisture
transportbetween therural and urbanland units, the modelled urban-
rural microclimate gradients may be biased high in magnitude for
small cities. The wet-bulb temperature at the atmospheric reference
height (that is, blending height) of the land model is kept constant
between these land units. This configuration is similar to the tropical
atmosphere where the surface climate can vary between the land and
the ocean, but the MSE (and hence T,,) is horizontally uniform in the
free troposphere?. There, the weak regional T, gradient is maintained
by deep moist convection®*¢, In the local-scale study presented here,
the uniform 7, at the atmospheric reference height represents the
effect of horizontal blending of air owing to turbulent eddies in the
lower atmospheric boundary layer®.

Cropland irrigation can influence urban-rural microclimatic gra-
dients*8, If moisture in the topsoil of the crop land unit falls below a
pre-setthreshold, irrigation water is added until soil moisture reaches
field capacity. Timing of the daily peak T,,is not sensitive toirrigation.
Ingrid cellsinNorthernIndia subject toirrigation, both urbanandrural
maximum T, occur at around 13:00 to 14:00 local time.

The modelsimulation was forced by the European Centre for Medium-
Range Weather Forecasts Reanalysis version 5 (ERAS5)-Land hourly
data® at the finest spatial resolution (25 km) configured for the CESM.
The model was first run for 10 years driven by the ERA climatology from
2000t02009. After this spin-up, it was run for another 20 years, driven
by the ERA forcing data from 2000 to 2019. Post-simulation analysis
was based on hourly model outputs. This 20-year period encompasses
all the paired weather station observations.

The model hasreproduced the observed day-versus-night contrast
in AT, and the AT, climate gradient (Fig. 1). Other studies have also
reported good performance of the same modelling systemin simulating
the surface urban heat island®” and urban air temperature*.

InExtended DataFig. 6, we compare observed and modelled diurnal
patterns of T, the urban wet-bulb island, and its UHI and UDI compo-
nents for Berlin, Germany (in the intermediate climate zone) and Phoe-
nix, USA (in the dry climate zone). We chose these two cities because
there are multiple rural and urban stations. These station mesonets
allow a total of four and six possible urban versus rural pairings for
Berlin and Phoenix, respectively. The larger diurnal amplitude of the
modelled T, than that of the observed T,, is primarily caused by high
amplitude biases of air temperature and humidity in the forcing data.
Overall, the model has reproduced the observed diurnal patterns in
urban-rural differencesin 7., air temperature and humidity.
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In the wet climate zone, the observations are available only as one
pair per city. Furthermore, observational hours vary among these
sites. The most common observation hours are 2:00, 8:00,14:00 and
20:00 local time. (Out of the 17 pairs, 11 have observations at these
hours). These are used for comparison with the model data (Extended
Data Fig. 7). Both model and observational data indicate weak diur-
nal patterns in urban-rural differences in T, air temperature and
humidity, whichis consistent with the results shown in the main text
(Fig.1).

Separating the urban wet-bulb island into UHI and UDI
components

The wet-bulb temperature of the environment is measured with a
wet-bulb thermometer, a thermometer wrapped in wet cloth and in
well ventilated conditions. The latent heat of evaporation of the wet
bulb is balanced by sensible heat from the environment. This energy
balance consideration is the basis of the wet-bulb equation®:

+M:Ta+ﬁ

2
v y (2)

Ty

where T, and T, are wet-bulb temperature and air temperature, respec-
tively, e,and e} are actual and saturation vapour pressure, respectively,
and yis the psychrometric constant. Equation (2) expresses T, as an
implicit function of T, and e,. Differentiating equation (2) and using a
linear approximation to %, we obtain equation (1). The scaling factors
inequation (1) are given by:

w1=w2=1/[1 + L;/—Wj (3)

where 4, is the slope of the saturation vapour pressure at T,,. The
accuracy of equation (1) is better than 0.017 °C for 95% of the urban
clusters compared with AT, obtained from a numerical solution of
equation (2). The global maps of the UDI and the UHI components are
shown in Extended Data Fig. 2c—f.

Diagnostic analysis of the urban wet-bulb island
Wet-bulb temperature and equivalent temperature (7,) both measure
the MSE. Their relationships can be expressed as®
e exT,)
T=Tr =, s S0 “)

The surface-to-air enthalpy flux is driven by the vertical gradient of
T,. Toshow this, we firstapply an Ohm’s law analogy to the sensible (H)
and latent heat flux (AE) as

L-T,
ra

H=pc, (5)

A£=Ap@ 6)

a

where ¢ is specific humidity, p is air density, A is latent heat of vapor-

ization, ¢, is specific heat of air at constant pressure, r, is diffusion

resistance, and the subscripts a and b denote the screen height and

the blending height, respectively. Using equations (4)-(6), we obtain
an expression for the enthalpy flux

T, ,a T, ,b

H+AE=pc,*—2> p q

a

)

Inthis equation, the surface enthalpy flux (H + AE) is proportional to
the difference in equivalent temperature between the screen height

and the blending height and is inversely proportional to the diffuse
resistance between the two heights.
The surface energy balance equation s

R,*+Q,=H+AE+G (8

where Q,is anthropogenic heat flux and Gis heat storage flux. The net
radiation R, is given by

Ry=(1-a)K,+L, ~L, )

whereaisalbedo, K, and L, are the downwards solar radiation and long-
wave radiation, respectively,and L, is the upwards longwave radiation.

Combining equations (7) and (8), we obtain a solution for the
screen-height equivalent temperature

. r(R,+Q,-G)

pc, (10)

Tq,a: ab

Differentiating equation (4) and making use of equation (10) and the
fact that the blending-height equivalent temperature T, is constant
between the urban and the rural subgrid tiles in the same model grid,
we obtain a diagnostic equation for the urban wet-bulb island

[Ara(Rn+QA_G) +raA(Rn+QA_G)] (11)

1
ATy=—
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where 4, isthe slope of saturation vapour pressure at 7,,and A is a spatial
difference operator (urban minus rural). The first term in the square
brackets onthe right-hand side of equation (11) represents the contri-
butionto AT, from urban-rural difference in dynamic mixing, and the
second termis the contribution from diabatic heating difference. The
diabatic contribution is further partitioned into components associ-
ated with the anthropogenic heat flux, the absorbed solar radiation,
the heat storage flux and the surface longwave radiation.

The diagnostic analysis was performed with subgrid data generated
by the climate model at hourly time steps and averaged to the daytime
(08:00t016:00) and the nighttime (20:00 to 04:00) periods. The diffu-
sionresistance was obtained from the following diagnostic relationship

L L (12)
H+AE
Other variables were computed directly by the model. In the model,
K,,L,and T, are the same between the urban and the rural subgrid
tiles in a model grid. The credibility of this analysis is supported by
thegood agreement between modelled AT, and AT, calculated as the
sum of component contributions (Fig. 2 and Extended Data Fig. 3).

Comparison of heat-stress indices

Similar to equation (1), the urban-rural difference in an empirical heat-
stress index can be decomposed mathematically into a temperature
and a humidity component, in the following general form

A
AHeat Index = w;AT,+ w, :a (13)

But the scaling factors w, and w, differ from those for the urban wet-
bulbisland. For example, the wet-bulb globe temperature (WBGT) is
alinear combination of 7,,and T,

WBGT=0.7T,, +0.37, (14)

Making use of equations (1), (3) and (14), the scaling factors for the
WBGT are



_ 0.7
1+ A4,/

0.7

W 1+ A,y

+ 0.3,'w2 = (15)

The HeatIndex is anonlinear function of temperature and humidity*>.
Its scaling factors were obtained numerically. The results are summa-
rized in Extended Data Table 1.

Inthe present study, T,,is used as the measure of humid heat stress,
which has equal weights on air temperature and humidity. Other
heat-stress indices weigh temperature more heavily than humidity
(Extended Data Table 1). The urban heat stress will be stronger than
our assessment if these indices are used. Although a meta-analysis of
mortality data has clearly demonstrated the importance of humidity®*,
epidemiological studies generally do not show strong evidence for
the humidity effect (for example, ref. 55). Inthe real world, heat stress
is also influenced by other factors, such as wind speed, radiation and
physical activities. A condition implicit in the wet-bulb equation is
that the human body is cloth-less, resting in the shade and the skin is
fully covered by sweat. We suggest that T,, may be more appropriate
for cities in hot and humid climates, where the wet-bulb condition is
more likely met, thanindry or cold climates.

Uncertainty analysis

The UHI, the UDI and the wet-bulb island are city-wide properties.
Because the observationin most cities was made with only one pair of
sites, the observed AT, is subject to uncertainty arising fromintra-city
variationsin microclimate. Inseveral cities, observations are available
from multiple pairs of sites. These are used to estimate the measure-
ment uncertainty. The standard deviation of AT, is 0.27 °C for Berlin,
Germany (4 possible urban-rural combinations of site pairing) and
0.30 °C for Phoenix, USA (6 combinations; Extended Data Fig. 6). By
applying abootstrap sampling to the cities with more than three site
pairs and with the data reported for Guangzhou, China? (acity in the
wet climate zone), we estimate that the measurement uncertainty of
AT, is 0.12°Cto 0.57 °C (95% confidence interval; Table 1). We added
Guangzhou in this analysis because the wet citiesin our own dataset are
equipped with only one site pair per city. The reader should be aware
thatthe Guangzhou datawere collected in the autumnseason (Septem-
ber to November), so the intra-city variability is only an approximation
of summer conditions.

Insome UHI studies, the UHIintensity is calculated as the difference
inthe daily maximum temperature between urbanland and rural land.
To determine whether theresultsinFig.1areinfluenced by the timing
of maximum T, we have calculated the urban wet-bulb island as the
urban daily maximum 7,, minus the rural daily maximum T,,. Theresults,
given in Extended Data Fig. 8, are nearly identical to those based on
daytime mean values (Fig.1a,b). For example, the mean modelled AT,
is 0.14 °C for the wet climate using this new procedure and that from
Fig.1bis 0.08 °C.

The small number of station pairs for the wet climate and the dry
climateisalimitation of this study. To test the sensitivity to precipita-
tion thresholds, we first changed the dry threshold by 40 mm from
180 mmto 140 mmand 220 mm. The observed dry-climate mean AT,
is—0.12 °C (daytime) and 0.48 °C (nighttime) with the 140-mm thresh-
old and -0.04 °C (daytime) and 0.64 °C (nighttime) with the 220-mm
threshold. The original dry-climate mean AT, is —0.05 °C (daytime) and
0.65 °C (nighttime; Fig. 1a,c). Next, we adjusted the wet threshold by
40 mm fromthe original 570 mmto 530 mm and 610 mm. The observed
wet-climate mean AT, is —0.10 °C (daytime) and 0.19 °C (nighttime)
with the 530-mm threshold and 0.02 °C (daytime) and 0.30 °C (night-
time) with the 610-mm threshold. The original wet-climate mean AT, is
0.03 °C (daytime) and 0.28 °C (nighttime; Fig.1a,c). These responses are
small. The day-versus-night contrast and the climate wetness gradient
are unaffected by these threshold changes.

To quantify the uncertainties of AT,, due to random omission of
cities, we randomly sampled 75% of the site pairs in each of the three

categories. This process was repeated 1,000 times. The resulting
statistics are given in Extended Data Fig. 9. In about four out of five
of the cases, the daytime mean AT, is positive in the wet region and
negative in the dry region. At night, the mean AT, is always positive.
This sensitivity analysis suggests that we are likely to get statisti-
cally significant daytime results if more site pairs are available in the
wetregion.

Data availability

The ERA5-Land hourly data are available at https://cds.climate.coper-
nicus.eu/cdsapp#!/dataset/reanalysis-era5-land-monthly-means?ta
b=overview. The GHS built-up grid data are available at https://ghsl.
jrc.ec.europa.eu/download.php. The ISD data are available at https://
www.ncei.noaa.gov/access/search/data-search/global-hourly. The
observation data from Arizona mesonet are available at https://cals.
arizona.edu/AZMET/az-data.htm. The observation data from Birming-
hamUrban Climate Laboratory are available at https://catalogue.ceda.
ac.uk/uuid/e448a957fc53401794e48a23c265c25f. The observation
datafrom Trans-African Hydro-Meteorological Observatory (TAHMO)
areavailable at https://tahmo.org/climate-data/. The observation data
obtained fromopen dataportals provided by the National Meteorologi-
cal Service of different countries are available at https://www.dwd.de/
EN/climate_environment/cdc/cdc_node_en.html (Germany); https://
en.ilmatieteenlaitos.fi/download-observations (Finland); https://www.
smhi.se/data/meteorologi/ladda-ner-meteorologiska-observatione
r#param=airtemperaturelnstant,stations=core (Sweden); https://
www.met.no/en/free-meteorological-data (Norway); https://
climate.weather.gc.ca/index_e.html (Canada); https://www.smn.gob.
ar/descarga-de-datos (Argentina); https://www.data.jma.go.jp/gmd/
risk/obsdl/index.php (Japan); https://portal.inmet.gov.br/dadosh-
istoricos (Brazil); https://climatologia.meteochile.gob.cl/applica-
tion/requerimiento/producto/RE3003 (Chile). The data on observed
daytime and nighttime T,,and the UHI and UDI components are avail-
able on Figshare. The hourly model outputs are available from the
corresponding author upon request.

Code availability

The Community Earth System Model Version 2 is available at https://
www.cesm.ucar.edu/models/cesm2/. The Python code used to produce
the figures in this paper is available on Figshare.
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Extended DataFig.1|Distribution ofurban-rural station pairs. Base map shows summer precipitation. Map was made with the Python software.
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Extended DataFig.2|Theurbanwet-bulbisland and its UHIand UDI components. a,c,e, Daytime distributions; b, d, f, Nighttime distributions. Zonal mean
values are also shown. Maps were made with the Python software.



[
T

o | Daytime s _nghttlme High
~ 1l e
g £ ot .
<ol =
< < 9t
el °
21F 2
3 S ot
(e} (e}
=2 = R R%0.963
P value:0.0 -1F P value:0.0
-3 y =0.995x -0.02 y =0.812x +0.03 Low
- 1 1 1 _2 1 1 1 1 1
-2 0 2 -2 -1 0 1 2
Calculated ATy, (°C) Calculated ATy, (°C)
Extended DataFig. 3| Theurbanwet-bulbisland calculated with the representsonegrid-cellmean value. Colourindicates data density. The black
diagnostic analysis agrees with modelled results. Comparison of modelled dottedlineis1:1. Thesolid lineislinear regression with regression statistics
and calculated daytime (a) and nighttime (b) urbanwet-bulbisland. The noted.

calculated AT, is the sum of all component contributions. Each data point
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Extended DataFig.4|The daytime AT, increases and the nighttime AT, decreases with precipitation. a, Daytime; b Nighttime. Data are bin averages. Each bin
consists of 1819 grids.
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Extended DataFig. 5| Theheatstorage term dominates the diabatic heating contribution to theurban wet-bulbisland. The four components of diabatic
heating term during the daytime (a) and nighttime (b). Box plots show the median (line), 25-75% range (box), 5-95% range (whiskers), and the mean value (cross).



Article

(1]
o

a Berlin b

—— Modelled urban T, —— Modelled —— Modelled
25 | ==+ Observed urban T, L= '\ —=—=- Observed
—— Modelled rural T,
==+ Observed rural T

=== Observed

-
-
T

UDI component (°C)
o

UHI component (°C)
o
I

I
=N
T

—— Modelled

=== Observed
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

0 6 12 18 24 0 6 12 18 24 0 6 12 18 24 0 6 12 18 24

«Q
=2

e 30 Phoenix f

—— Modelled urban T, —— Modelled —— Modelled
=== Observed

==+ Observed urban T, —=—- Observed
—— Modelled rural T,
25 [ == Observed rural T,,

-
T

-
T

TN I~

Tw (°C)

20

I
=N

UHI component (°C)
A o
1 T
/
]
\
\
UDI component (°C)
o

—— Modelled

===+ Observed

1 1 1 1 1 1 1 1 1 1 1
12 18 24 0 6 12 18 24 0 6 12 18 24 0 6 12 18 24

Local time Local time Local time Local time

15

Extended DataFig. 6| Comparison of observed and modelled diurnal patterns of wet-bulb temperature, the urban wet-bulbisland, and its UHI and UDI
components. a-d, Berlin; e,f, Phoenix. Red filled areas denote one standard deviation of all urban-rural combinations of site pairing.
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Extended DataFig.7| Comparison of observed and modelled diurnal patterns of wet-bulb temperature, the urban wet-bulbisland, and its UHIand UDI
componentsinthe wetclimatezone. Gray areas denote one standard deviation of 11 model grids. Error bars denote one standard deviation of 11 site pairs.
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Extended DataFig. 8| Regional patterns of the urbanwet-bulbisland and its UHI and UDI components calculated from daily maximum T7,. a, observed;
b, modelled. Box plots show the median (line), 25-75% range (box), 5-95% range (whiskers), and the mean value (cross).
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Extended Data Table 1| Empirical heat indices weigh
temperature more heavily than humidity

Region Day
Indices Tw Humidex  WBGT DI HI

w1 0.26 1.00 0.48 0.63 1.56

Wet w2 0.26 0.37 0.18 0.13 0.45
wilwz 1.00 2.73 2.67 4.85 347

Wi 0.30 1.00 0.51 0.65 1.1

Inter. w2 0.30 0.37 0.21 0.15 0.22
walwz 1.00 2.73 2.43 4.33 5.05

w1 0.32 1.00 0.52 0.66 0.83

Dry w2 0.32 0.37 0.22 0.16 0.23
wil/wz 1.00 2.73 2.36 4.13 3.61

Region Night
Indices Tw Humidex WBGT DI HI

w1 0.28 1.00 0.50 0.64 2.21

Wet w2 0.28 0.37 0.20 0.14 -0.24
wilwz 1.00 2.73 2.50 4.57 -9.21

w1 0.34 1.00 0.53 0.67 1.68

Inter. w2 0.34 0.37 0.23 0.17 -0.38
wilwz 1.00 2.73 2.30 3.94 -4.42

w1 0.37 1.00 0.56 0.68 0.75

Dry w2 0.37 0.37 0.26 0.18 -0.10
wilwz 1.00 2.73 2.15 3.78 -7.50

Results are presented separately for daytime and nighttime in three climate regions. w;, -
temperature weighting factor, w, - humidity weighting factor, T, - wet-bulb temperature,
Humidex - humidity index, WBGT - wet-bulb globe temperature, DI - discomfort index,
HI - Heat Index. The heat-stress index formulae are given in ref. 53
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