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Trees halve urban heat island effect globally
but unequal benefits only modestly mitigate
climate-change warming

Robert I. McDonald 1,2,3 , TC Chakraborty 4 , Theodore A. Endreny 5,
Luke A. Parsons 6, Mariami Marsagishvili 1 & Manuel Esperon-Rodriguez 7,8

Although tree cover reduces the urban heat island, no global estimate quan-
tifies air temperature reductions by contemporary or future tree cover, cur-
rently andwith climate change.Here,we estimate these reductions for all 8,919
large urban areas. Current urban tree covermitigates 41–49% of themaximum
potential air-temperature urban heat island that would occur in the absence of
tree canopy. Tree canopy reduces summer air temperature by a population-
weighted mean of 0.15 ± 0.03 °C, with wide variation (0.0–2.7 °C), benefiting
914 (805–1040, 95% CI) million people by >0.25 °C. Cooling benefits are
greater in already cooler areas: high-income countries and suburbs. Current
and plausible future tree cover mitigate only ~10% (6.7–18% and 6.3–17%,
respectively) of the median mid-century climate-change warming under a
moderate emission scenario. Our results suggest tree canopy expansion in
densely settled low-income urban areas is necessary for equitable urban heat
island mitigation and climate adaptation.

Heat and high air temperatures (AT) are a significant public health
threat, killing an estimated 356,000 people globally in 2019, with the
most intense impacts in South and Southeast Asia, Africa, and the
Middle East1. These challenges are exacerbated in urban areas, where
the urban heat island (UHI) effect can significantly increase AT com-
pared to the AT in surrounding rural areas2–4. The UHI effect happens
because cities contain large amounts of surfaces like concrete and
asphalt, which absorb energy from incoming solar radiation and later
emit it as thermal radiation5. The surface geometry of buildings and
roads can be important in determining which surfaces receive solar
insolation and hence heat up, as can factors such as latitude and sun
angle6. The UHI intensity is often measured by comparing tempera-
tures, either land surface temperature (LST) or AT, in city centers with
those in surrounding rural areas7. UHI globally averages above 1.0 °C
for LST and slightly <0.5 °C for AT8 during daytime, although estimates
depend on the spatial resolution of sensors used8, the algorithm for

selecting background areas8, and whether averages are population-
weighted within or across cities9. The UHI can be reduced by shading
built-up surfaces or by increasing their albedo, thus reducing the
absorption of solar energy, or by increasing evapotranspiration, which
enhances evaporative dissipation of heat10.

Future climate change will substantially increase heat stress
globally, and thus the impact of extreme heat on human health11.
Historical climate change has already increased global average AT by
around 1.1 °C, and future warming is projected to reach 1.5 °C between
2030 and 203512. Beyond average AT, climate change is also expected
tomake heat wavesmore frequent13. Already, the average frequency of
heatwaves per year has increased from two per year in 1971 to four per
year in 202214. Heat waves are also projected to get more intense, and
theNorthernHemisphere summer of 2023was thewarmestof the past
2000 years15. According to the Intergovernmental Panel on Climate
Change (IPCC), life-threatening heat is expected to impact between
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half and three-fourths of the global population by 210013. These
changes are projected to increase annual heat-related mortality by
3.0–12.7% points, depending on the region and the greenhouse gas
emissions scenario used, if additional adaptation measures are not
taken16.

Cities thus face a dual heat challenge, of mitigating the UHI while
preparing for additional warming from climate change.Many cities are
engaging in heat action planning and designing programs that reduce
residents’ exposure and vulnerability to extreme heat17,18. One part of
heat action planning is reducing exposure to excessive outdoor tem-
peratures, which is often accomplished by increasing tree canopy
cover9. Trees cool the environment via evapotranspiration19, which
increases evaporative dissipation of heat20, and via shading, which
reduces solar radiation hitting and being absorbed by surfaces such as
asphalt and concrete. Taken together, these two phenomena reduce
AT on average by 1–2 °C directly under a row of street trees, according
to a review of studies using fieldmeasurements of the cooling effect of
street trees19. Trees reduce AT within a few hundredmeters of the tree
canopy, although this distance varies with factors such as the size of
the canopy patch21, wind speed, and relative humidity9. These cooling
benefits in aggregate can be quite significant. Tree cover in 2016 in the
United States (US), for instance, was estimated to save around 1200
lives per year that would otherwise be lost due to excess heat4.

Research on urban heat risk and tree cover shows that both are
unequally distributed9,22. Globally, cities in lower-income countries
generally have higher population exposure to heat stress than
higher-income countries, partly because lower-income countries
tend to be in hotter climates23. Cities in lower-income regions also
tend to have lower tree canopy cover than cities in higher-income
regions24 due to differences in urban form and cultural preferences,
resources available for tree planting and maintenance, and climate9.
This inequality in heat risk and tree cover also occurs within urban
areas. For instance, one survey of US cities found that in 92% of
communities, low-income neighborhoods were often located in city
centers, had on average 15% less tree cover, and were 1.5 °C LST
hotter than high-income neighborhoods, which were often more
suburban25. Multiple other studies show similar results using differ-
ent methodologies, consistently finding that in most US cities, lower-
income and minority populations live in neighborhoods with higher
summer LST26,27, and similar patterns have been observed in some
other countries28–30, although there are exceptions depending on the
country31 and scale of analysis32.

Despite the critical cooling benefits trees provide for all urban
areas, there are several gaps in current global knowledge. First, many
global studies that have quantified the UHI have focused on LST33,34,
although there are studies quantifying AT35–37. Similarly, many multi-
city studies of tree cooling used satellite-derived LST alone38–40, which
is not appropriate for quantifying heat risk to human health36,41, rather
than AT or other metrics more related to human health. There are,
however, exceptions, such as Ibsen et al.’s analysis of eight US cities42

andDu et al.’s analysis of AT cooling for 392 European urban clusters36.
The magnitude and global geography of tree cooling of AT has not
been directly compared with global patterns of the AT UHI, although
there are local and regional studies that have looked at specific
cities43,44.

Second, spatially explicit climate change projections of urban
temperature increase are rarely comparedwith estimates of current or
plausible future tree cooling, and increasing knowledge around how to
plan for urban tree canopy given a rapidly changing climate was called
out as a knowledge gap in a recent review paper45.

Third, there are only a few global multi-city studies and reviews of
theAT cooling benefits trees provide, such as Li et al.’smeta-analysis of
110 cities/regions46 and Su et al.’s analysis of 35 cities47. There are no
global assessments of AT cooling for all major urban areas using a
consistent methodological approach, limiting the study of the

distribution and equity of tree cooling benefits relative to climate,
income, and urban form48.

Here, we conduct a comprehensive global assessment of AT
cooling benefits using a statistical model. Our analysis looks at all 8919
large urban areas globally, which captures the full range of climatic,
geographic, and socioeconomic contexts where urban populations
reside. Our analysis workflow is shown in Fig. 1. We assembled remo-
tely sensed information for all large functional urban areas49 (FUAs)
globally, including measurements of tree canopy cover and LST, as
well as gridded urban-resolving estimates of AT. Input datasets were
used to fit a hierarchical statistical model that predicts the local AT
anomalygiven local tree canopy andother land cover, with parameters
varying by climate zone and geographic position. We also supple-
mented this global analysis with simulations using a process-based
model for three case study cities that span a climatic gradient fromarid
to humid, which allows us to capture the impact of urban trees on a
more complete heat stress metric, namely the wet bulb globe tem-
perature (WBGT), Finally, we estimated for all large cities the magni-
tude of the UHI and increases in summer AT due to climate change.
The magnitudes of these quantities were then compared with output
from our statistical and process models. Our analysis answers three
research questions: Howmuch bigger would the ATUHI be on average
without urban tree canopy? Howmuch is AT cooling from the current
or plausible future urban tree canopy able tomitigate ATwarming due
to climate change? How equally are AT cooling benefits distributed
with respect to climate, level of economic development, and popula-
tion density?

Results
Urban tree canopy and UHI mitigation
Overall, urban tree cover counteracts just under half of the maximum
potential UHI (Fig. 2). The maximum potential UHI is the estimated
difference between urban air temperatures and those in rural refer-
ence areas that would be observed without any tree cover, and
averages 0.31 ± 0.01 °C globally. With tree cover, the observed AT UHI
on average is estimated at 0.16 ± 0.1 °C globally with the simplified
urbanextent (SUE) algorithm,whichdefines rural referenceas the non-
urban non-water pixels within each FUA. That is, urban tree cover
currently mitigates 48.6 ± 1.3% of the maximum potential AT UHI for
FUAs around the globe. For comparison, the observed ATUHI with the
buffering algorithm, which defines pixels in a buffer area outside each
FUA as the rural reference, is 0.22 ± 0.1 °C, sowith that higher estimate
of observed UHI, urban tree cover mitigates only 41.3 ± 1.3% of the
maximum potential AT UHI. Note that both the maximum potential
UHI and the observed UHI vary with latitude (Supplementary Fig. 1)
and are, on average, greater at higher latitudes than at lower latitudes.

Fig. 1 | Analysis workflow of the stages of our analysis. Input data (left column)
were used in a series of models (middle column) to estimate three principal factors
(right column). LST land surface temperature, AT air temperature, UHI urban heat
island, WBGT wet bulb globe temperature.
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Urban tree canopy and climate change adaptation
Global average population-weighted urban tree cover is 18.3 ± 0.3%.
We evaluated three additional global scenarios of tree cover: (1) a 10%
increase in tree cover in each 1 km cell, used to quantify tree cooling
efficiency; (2) complete loss of existing tree canopy, used to estimate
the total cooling currently provided by trees; and (3) a maximum
plausible increase in tree canopy, given constraints of climate and
urban form. We estimate that without any urban tree cover, under our
total tree cover loss scenario, the population-weighted urban AT
would be 0.151 ± 0.003 °C higher. Under the maximum plausible
increase scenario, global average tree cover increases to 32.8 ± 0.4%. At

this greater extent of urban tree cover, total population-weighted
urban AT would be 0.295 ±0.003 °C lower.

In order to compare current and potential future tree cooling
benefits against climate change impacts, we assessed summer
warming projections from SSP2–4.5, a “middle of the road” GHG
emissions scenario that, of the SSPs, most closely aligns with
pledged reductions in emissions under the Paris Accords50. Speci-
fically, we examine projections of daytime summer AT change for
the 20-year period centered around the year 2050, calculating the
multi-model median, 5th, and 95th percentiles based on NASA NEX
GDDP downscaled CMIP6 models (constraining the ensemble to
those models showing warming in the range of ‘likely’ equilibrium
climate sensitivity (ECS))51. For the world’s FUAs, the median pro-
jected temperature increase is on average 1.5 °C (0.86–2.3 °C for the
5th and 95th percentiles of the ensemble) (Fig. 2). In comparison,
the current tree cover only cools 10% (6.7–18%) of this value. Under
ourmaximumplausible future tree planting scenario, the additional
tree cover would cool air temperatures by an additional
0.14± 0.2 °C. In other words, under the maximum plausible future
tree planting scenario, total cooling benefits by trees would be only
20% (13–35%) of the projected temperature increase with climate
change.

Tree canopy cover distribution
Globally, urban tree cover declines on average with increasing popu-
lation density (Fig. 3), with low-density suburbs and exurbs having
twice the tree cover of more densely populated urban centers. By
contrast, impervious cover increases with increasing population den-
sity, from <20% in low-density suburbs and exurbs to almost 80% in
high-density urban centers. Most of the area in FUAs (94%) has rela-
tively lowpopulation density (<5000people/km2), somuch of the land
surface has relatively high tree cover and low impervious cover.
However, most people in FUAs (54%) live in the remaining densely
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Fig. 3 | Average population-weighted tree canopy cover (top row) and imper-
vious surface cover (bottom row) as a function of population density, by
country-level income category (upper income,middle income, or low-income)
and aridity. a Tree cover for FUAs in humid climates. b Tree cover for FUAs in dry
climates. c Impervious cover for FUAs in humid climates. d Impervious cover for

FUAs in dry climates. Humid climates (AI > 0.5) are shown in the left column, while
dry arid or semi-arid climates (defined as anAridity Index, AI < 0.5) are shown in the
right column. Displayed is the average tree canopy and impervious surface cover
for categories of population density.
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Fig. 2 | Average air temperature (AT) changes due to several factors. Shown are
an estimate of the maximum potential urban heat island (UHI) using the simplified
urban extent (SUE) algorithm; the current average cooling effect of tree cover; the
projected ensemble median (CMIP6 and SSP2–4.5) increase in summer tempera-
tureby 2050due to climate change; and the average cooling effect of potential new
tree cover under themaximum feasible planting scenario. See text for discussionof
uncertainty.
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populated 6% of FUAs (that is, areas >5000 people/km2). The
population-weighted average density (that is, the average population
density experienced by urban residents; see Methods for details) is
5643 ± 47 people/km2, so the typical urban resident lives in a neigh-
borhoodwith relatively less tree cover (18.1 ± 0.2%) and relativelymore
impervious cover (39.0 ± 0.2%) than would be found in more sparsely
settled portions of the FUA.

The average gradient between tree cover and population density
is modulated by other factors. In FUAs in humid climates, the average
tree cover is higher, and there is a strong gradient between tree cover
and population density. Conversely, in FUAswith a dry climate, there is
less tree cover and no clear gradient between tree cover and density,
except for those in high-income countries. Across climates, higher-
income countries have greater tree cover. Note, however, that the
aridity index (AI) class is correlated with income (Supplementary
Fig. 2), with almost half (46%) of urban dwellers in large FUAs in low-
income countries being in arid or semi-arid climates, compared with
21% of urban dwellers in large FUAs in high-income countries. Imper-
vious cover is alsogreater inhigh-incomecountries than in low-income
countries.

Variation in tree cooling efficiency
One way to estimate the effect of trees on temperature is the tree
cooling efficiency (TCE), defined here as the change in AT for a
10% increase in tree cover (Table 1). We find that TCE is greater
for LST than AT by a factor of four. AT TCE is also greater in more
arid climates than in more humid ones. Finally, TCE varies with
the amount of impervious cover in the neighborhood (Table 1).
For most climates, greater amounts of impervious cover are
associated with greater TCE. This occurs because in neighbor-
hoods with high impervious cover, the incremental addition of
10% more tree cover displaces impervious surface cover, rather
than other land cover types like sparse vegetation (e.g., lawns).
This gradient between TCE and the amount of impervious cover is
strongest in humid climates and less strong in the dry subhumid
and semi-arid climates. In arid climates, more impervious cover is
not associated with a meaningful change in the AT TCE and a
small decrease in LST TCE.

Distribution of tree cooling benefits
Another way to estimate the effect of trees on temperature is the total
cooling, defined as the estimated reduction in summer daytime AT
comparedwith abaseline caseof no tree cover. The total cooling varies
widely among FUAs (Fig. 4). Total cooling is the greatest in North
America and Europe, where countries have more humid climates and
higher incomes, both leading togreater tree canopy cover.Conversely,
total cooling is least in arid parts of lower-income countries (Fig. 3).
Variation among FUAs in total cooling is high, from 0 to 1.3 °C. Varia-
tion at the 1 km scale is even higher, ranging from 0 to 2.7 °C.

Within FUA, the total cooling by trees follows a predictable pat-
tern relative to the amount of impervious land cover (Fig. 4b). More
impervious cover is associated with a greater observed UHI. With no
tree cover, the maximum potential UHI would be realized, which
would reach its peak in urban centers with elevated levels of imper-
vious cover. The total cooling (i.e., potential minus observed UHI) is
greater in areas of less impervious cover, simply because there is more
tree cover in those locations (Fig. 3). In a sense, total cooling is greater
where AT is already relatively low, in suburban and exurban areas with
low UHI.

Spatial patterns from the New York City FUA illustrate this trend
(Fig. 4c). The magnitude of total cooling is highest in outlying areas,
like suburban areas of Bridgeport and Tom’s River, decreases in per-
ipheral towns like Edison, and is smallest in the dense cover of New
York City proper. TCE in humid climates is the highest in dense,
impervious neighborhoods, but these same areas exhibit smaller total
cooling due to lower canopy cover. Within the New York City FUA,
population-weighted average total cooling is 0.26 °C, with anobserved
range of 0–0.68 °C.

Distribution of current and future cooling benefits
People in FUAs in higher-income countries receive more total cooling.
Upper-income countries have a population-weighted average cooling
of 0.23 ± 0.03 °C, while middle-income countries have an average
cooling of 0.15 ± 0.03 °C, and low-income countries have an average
cooling of 0.08 ±0.03 °C. However, some people receive far more AT
reduction (Fig. 5). In upper-income countries, 40% (35–44%, 95%CI) of
people receive an AT reduction of 0.25 °C or greater, and 7.7%
(6.3–9.4%) of people receive an AT reduction of at least 0.5 °C. By
contrast, in low-income countries, 8.9% (7.2–10.7%) of people receive
an AT reduction of 0.25 °C or greater, and 1.1% (0.9–1.3%) of people
receive an AT reduction of at least 0.5 °C. Across all income categories,
globally 914 (805–1040) million people receive an AT reduction of
0.25 °C or greater, and 203 (169–243) million people receive an AT
reduction of at least 0.5 °C.

Under the maximum plausible increase scenario, low-income
countries would have a large increase in AT reduction benefits (i.e.,
temperature decreases experienced by residents) over current levels,
with tree cover under this scenario (i.e., current plus plausible future
additional tree cover) providing 66% (57–71%) of people an AT
reduction of 0.25 °C or greater, and 6.0% (2.5–12%) of people an AT
reduction of at least 0.5 °C. Even upper-income countries, however,
could have a significant increase in AT reduction benefits, with tree
cover under this scenario providing 67% (60–74%) of people an AT
reduction of 0.25 °C or greater and 10% (7.7–15%) of people an AT
reduction of at least 0.5 °C.

Patterns of total cooling at the country-level are a complex func-
tion of climate, economic development, and patterns of urbanization
(Supplementary Fig. 3). There is a set of high-income countries in
humid climates that have prominent levels of total cooling, such as the
United States, France, and Japan. Middle-income countries that are, on
average, in humid climates like China and Brazil have modest levels of
total cooling. Countries in semi-arid or arid climates (e.g., Mexico and
Saudi Arabia) or countries with low income (e.g., the Democratic
Republic of Congo) have the lowest levels of total cooling.

Table 1 | Estimated average population-weighted tree cooling
efficiency (TCE) as a function of impervious surface cover in
the neighborhood by climate zone

LST reduc-
tion (°C)

Impervious cover

Aridity
category

0–25% 25–50% 50–75% 75–100%

Arid 0.95 ±0.031 0.94 ±0.031 0.90 ±0.032 0.85 ± 0.032

Semi-Arid 0.56 ±0.012 0.60 ± 0.012 0.62 ± 0.012 0.64 ±0.013

Dry
subhumid

0.51 ± 0.014 0.61 ± 0.013 0.67 ± 0.014 0.73 ± 0.015

Humid 0.42 ± 0.006 0.62 ± 0.006 0.73 ± 0.007 0.82 ± 0.007

AT reduc-
tion (°C)

Impervious cover

Aridity
category

0–25% 25–50% 50–75% 75–100%

Arid 0.27 ± 0.008 0.27 ± 0.008 0.26 ± 0.008 0.25 ± 0.008

Semi-Arid 0.12 ± 0.003 0.13 ± 0.003 0.13 ± 0.003 0.14 ± 0.003

Dry
subhumid

0.09 ±0.003 0.10 ± 0.003 0.11 ± 0.003 0.12 ± 0.004

Humid 0.08 ± 0.001 0.09 ± 0.002 0.10 ±0.002 0.12 ± 0.002

TCE is defined as the change in land surface temperature (LST) or air temperature (AT) in °C for a
10% increase in tree cover, and accounts for land use nearby. The error range shown is the
standard error of the TCE, as calculated from the regression coefficients.
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The importance of scale and metric
To quantify spatial variation at scales smaller than 1 km that is not
accounted for by our global statistical model, we calibrated a process-
based model, i-Tree Cool Air, at a 30m resolution for three case study
cities of diverse levels of aridity: Phoenix, US (arid); Lisbon, Portugal
(semi-arid); and Gothenburg, Sweden (humid). Results reveal sub-
stantial variation in total cooling at scales smaller than 1 km, as shown
in an example from the Phoenix FUA (Supplementary Fig. 4). Using our
global, 1 km resolution statistical model, total cooling varies from 0 °C
to >0.6 °C for this FUA (Supplementary Fig. 4A), which includes the
municipalities of Phoenix, Scottsdale, and Tempe. Total cooling within
just one of our 1 kmanalysis cells (outlined in purple in Supplementary
Fig. 4A), as estimated at a 30m resolution by i-Tree Cool Air, varies
widely. Total cooling varies from 0 °C to more than 0.6 °C among
individual properties and roads (Supplementary Fig. 4B), driven by
fine-scale patterns of tree cover. At the 1 km scale, the coefficient of
variation (CV) was greater in more arid climates (Supplementary
Fig. 4C). In all three FUAs, the i-Tree Cool Air model estimates sub-
stantial variation at the 30m scale. This fine-scale variation is missing
from our global model, which means that while we may be capturing
average patterns of cooling by trees, we are likely underestimating the
variation in the individual exposure to the heat-mitigation benefits
of trees.

The magnitude of total cooling by trees is also highly dependent
on the metric used. Here, for our global assessment, we focus our
analysis on summer daytime AT. However, AT is not necessarily the
most human health-relevant metric of heat stress, as it does not
include (among other factors) the impact of humidity, solar radiation,
andwind on humanheat stress. To illustratewhyAT as ametricmaybe
underestimating the total reduction in heat stress provided by trees,
we quantified with the i-Tree Cool Air model the Wet Bulb Globe
Temperature (WBGT), an integrated metric that takes into account
humidity, solar radiation, and wind speed and provides a more accu-
rate measure of potential human heat stress52.

The total cooling estimated in WBGT is greater than the cooling
measured in summer AT (Table S1). WBGT cooling by trees is on
average 3.1 times the AT total cooling, although the two are positively
correlated (r =0.92, P < 0.001). WBGT and AT are not linearly corre-
lated, and the difference between them depended in our analysis on
tree cover and the climate of the city. In general, the difference
between WBGT and AT was the greatest in arid climates in pixels with
high tree cover. In Phoenix, WBGT cooling is greater than AT cooling
by0.22 °C in the low tree cover 1 kmcell, andby 2.09 °C in thehigh tree
cover 1 km cell. In Gothenburg, at the other end of the aridity gradient,
trees decrease WBGT by 0.19 °C more than AT in the low tree cover
1 km cell, and by 0.81 °Cmore than AT in the high tree cover 1 km cell.
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FUAs with a population greater than 3 million are drawn with bigger circles;
remaining FUAs are shown with small circles. bWithin FUAs in humid climates, the
average observed urban heat island (UHI) effect as a function of impervious surface

nearby (black), aswell as the estimate ofATwithout tree cover (red). The difference
between the two lines is the reduction in AT by trees. Error bars are the standard
error of the mean. Also shown are the number of FUAs in each impervious surface
category. c The reduction in AT within the New York City FUA illustrates that the
cooling effect of trees varies substantially. In forested biomes, dense urban areas
have lower tree cover and hence less cooling by trees than suburban or rural areas.
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Discussion
Compared to the magnitude of the UHI, we find the world’s urban
forests deliver a substantial amount of cooling. Globally, urban tree
canopymitigates 48.6% (SUE algorithm) or 41.3% (buffering algorithm)
of the maximum potential UHI. Urban areas will grow substantially
over the 21st century, and some studies forecast that this will further
increase the extent andmagnitude of theUHI53. One uncertainty is how
theurban tree canopywill changeover time. Some studies suggest that
at least in theGlobalNorth, urban expansion and an increase inUHI are
associated with an increase in urban tree canopy54, while other studies
find broader increases in heat stress and decreases in greenness in
cities55. Our scenario of maximum plausible urban tree cover shows
that urban tree cover could almost double (from 18% to 33%), resulting
in substantial additional heat-mitigation potential through urban
greening.

However, tree canopy cover and its cooling benefits are unequally
distributed. One principal reason is variation in aridity. Whether a cli-
mate is humid or arid controls which biome is naturally dominant (e.g.,
tree, grassland, desert)56, and for trees, impacts their height and
canopy width57. This leads to the amount of tree canopy cover varying
between climates, and therefore, the amount of tree cooling benefits.
Total tree cooling is greater in FUAs in humid climates than in arid
climates, because some of the world’s hottest cities in arid climates
have relatively little tree cover. However, the TCE efficiency is greater
in arid climates than in urban climates, meaning that, all else being
equal, a 10% increase in tree cover in arid climates decreases AT more
than in humid climates. This may be because humid climates have
more water vapor in the atmosphere, and hence heat up and cool

down more slowly than drier air58. Alternatively, it may be because
trees in arid climates, especially those that are irrigated, can have high
rates of transpiration, increasing localized cooling59.

Tree cooling benefits are unequal in other respects as well. On
average, total cooling by trees is greater in areas with low population,
in suburbs and exurbs, and less inmore densely populated city centers
where the UHI is the greatest. This trend has been reported earlier in
the US25 and occurs because in neighborhoods with high impervious
surface cover, there is less space for trees. Tree cooling is greater in
upper-income countries than in low-income countries, which, on
average, have less access to air conditioning and greater vulnerability
during heatwaves60. This supports the viewpoint of urban forests as an
amenity that societies with more resources are better able to create61.
Thus, the current inequitable distribution of trees limits their ability to
provide cooling services to those most in need.

Themagnitude of urban forest cooling appearsmodest compared
with themagnitude of future increases in summer temperatures due to
climate change, being 11% as large. We find that even under our max-
imum plausible tree-planting scenario, the cooling benefit from urban
trees would only be 19% of themagnitude of future climate change. As
such, current and plausible future urban tree canopies are unlikely to
mitigate a substantial portion of the impacts of climate change. This
suggests that a large-scale reduction in fossil fuel emissions to mod-
erate the background global warming will be critical for protecting
urban residents from future extreme heat. While further expansion of
urban tree canopy can serve as an adaptation strategy in particular
places, especially for vulnerable people, it will clearly not offset most
of the warming caused by climate change. Urban tree canopy
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Fig. 5 | Urban population (%) receiving a reduction in air temperature from
urban forests of more than 0.25 °C (a) or more than 0.5 °C (b), by income
category. Income groups are defined by the country-level income category as
defined by the World Bank using per-capita income (Low <USD 1145, Middle USD

1145–14,005, Upper >14,005USD). The average current reduction by trees is shown
with blue bars, while the average maximum plausible future reduction is shown
with a green point. Error bars are the standard error of the population estimate.
Also shown are the number of FUAs in each income category.
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enhancement should thus be seen as only one part of heat action
planning by communities62.

Our analysis quantifies some of the limits of urban tree canopies’
ability to cool cities. One limit is physiological. TCE varies by climate
and urban form, and other studies suggest it varies by species63, but it
is finite. Given surface energy budget constraints5 there is a limit to
how much tree cover can reduce near-surface air temperature by
shading impervious surfaces (decreasing input of energy from solar
radiation) or increasing transpiration (enhancing evaporative dissipa-
tion of heat). Another limit is practical. Planting trees in an urban
environment can compete with other land uses, which is an expensive
proposition in urban environments where land is valuable. However,
proper urban planning and the use of space-sharing techniques (e.g.,
green roofs) can partially overcome this constraint and allow for
neighborhoods that are both relatively dense and green64.

Despite these limits on the total cooling ability of urban forests,
our research suggests that urban tree cooling benefits could roughly
double under our maximum plausible planting scenario, from a
population-weighted average of 0.15 °C to 0.30 °C. Our results suggest
future efforts to expand tree canopy have the greatest heat-mitigation
benefits when targeted atmore densely populated areas that currently
have low levels of tree cover. These high-priority areas are located
disproportionately in low-income countries. Moreover, arid and semi-
arid areas have the greatest tree canopy efficiency and should be a
focus of tree-planting efforts, to the extent water resources allow58.
The greatest return on investment of tree planting for heat mitigation
is in densely populated areas (>5000 people/km2) in low-income
countries, where the current canopy is lowest and plausible gains are
the highest, and in arid regions where tree cooling efficiency is the
greatest. Through targeted urban greening efforts, urban policy-
makers can make the cooling benefits of the world’s urban forests
more equitable.

Methods
Our analysis workflow is shown in Fig. 1. Below, we describe our ana-
lysis in seven sections: (1) Data sources; (2) GIS processing; (3) the
global 1 km empirical model; (4) global scenarios analyzed with the
empiricalmodel; (5) the high-resolution process model; (6) estimation
of UHI; and (7) estimation of climate change impacts.

Data sources
We synthesized multiple input data sources, choosing input datasets
that are as close in time as possible to 2019, the last year available year
of a gridded estimate of air temperature (AT) by Zhang et al.65 that is
central to our analysis.

Our urbanareadefinition is the functional urbanarea (FUA)49. This
definition has the advantage of being applied in a consistent manner
globally and includes both the central city and contiguous commuting
zones. Urban area polygons were obtained from the Global Human
Settlements Layer’s 2019 boundary file (R2019A)66, which was esti-
mated using 2015 population data. Note that the GHS Urban Centre
Database 202567, which includes an updated FUA boundary file, based
upon 2023 population data, was released as this manuscript was being
finalized, and so was not available for use in our analysis. As the urban
population has grown between 2015 and 2023, the latter urban
boundary is slightlywider, but broadly similar in shape and form, and it
is unlikely that our results would have been substantially different
using the GHS Urban Centre Database 2025. During statistical pro-
cessing, to have statistically stable estimates of the mean air tem-
perature in each FUA, we limited our study to large FUAs with at least
10 cells (roughly 10 km2), giving us a total of 8919 FUAs with an esti-
mated total population in 2020 of 3.6 billion. This is 86% of the total
global urban population, as estimated by theUNPopulationDivision68.

Our population dataset for this projectwas taken fromLandscan69

for 2020. Landscan is one of the most spatially resolved of global

population datasets, interpolating census estimates of population
using other ancillary datasets such as information on infrastructure
and nighttime lights. Comparison studies suggest it does better at
resolving patterns of urban population than other globally available
population grids, particularly in cities in lower-income countries70. The
spatial resolution of the population grid became our common analysis
grid, described in the next section.

For landcover, we used theWorldcover 10m v100 dataset71, which
provides consistent land cover information globally for the year 2020.
Worldcovermaps 11 land cover classes. For this analysis, wegrouped as
“tree cover” the “tree cover” and “mangrove” categories of
Worldcover.

To estimate air temperature (AT), we used a recently developed
urban-resolving gridded 1-km product based on a spatially varying
coefficient model with sign preservation and combines ground-based
AT measures with satellite observations by Zhang et al.65 Summer
averagemaximumandminimumATwere calculated for each 1 kmgrid
within the FUAs based on average daily values for June, July, and
August of 2015–2019 for the Northern hemisphere and December,
January, and February for the Southern hemisphere. We limit our
analysis to 2019 to avoid AT anomalies related to the COVID-19 lock-
downs for 2020.

We estimated summertime land surface temperature (LST) for
comparison with the AT. To do so, we used the MODIS Aqua daily LST
scenes, which are available for roughly 01:30 and 13:30 local time. The
Northern Hemisphere and Southern Hemisphere summer months
were analyzed, like the AT analysis, and pixel-level quality control flags
were used to only consider pixels with <3K error before averaging.
Code used to analyze the MODIS data, including details of scenes
accessed, is available in our code repository.

In addition to the raw LST and AT, we calculated the tem-
perature anomaly, defined as the value in a pixel minus the mean
temperature, calculated within a FUA. This centers the statistical
distribution of temperature on zero and allows comparison of
land-use effects on temperature anomaly among FUAs with dif-
ferent mean temperatures.

The Aridity Index (AI) is defined by the UN Environment Program
(UNEP) as the ratio of precipitation to potential evapotranspiration72,
and measures how dry or humid a climate is. Values below 0.20 are
considered arid, values between 0.2 and 0.5 are considered semi-arid,
values between 0.5 and 0.65 are dry subhumid, and values above 0.65
are considered humid climates. Specifically, we used the recent
30 arcsec resolution (v3) maps of AI73. Where categorical variables
were needed for statistical analysis, we sometimes used the traditional
UNEP groupings (arid, semi-arid, dry subhumid, and humid) and
sometimes, for reasons of statistical power, grouped them into two
categories: dry (arid and semi-arid) and humid (dry subhumid and
humid subcategories).

Another common way to measure climate is through Koppen
Climate Zones74. Here, we used the most recent, 1 km resolution maps
of current Koppen Climate Zones75. To have a stable estimate of mean
temperature within Koppen climate zones, we grouped categories
with <500 grid cells (i.e., 500 km2 of total area) globally within them to
the next nearest category. For instance, there were a few FUAs in the
DfD category (extreme cold subarctic climate), so these FUAs were
grouped with the DfC category (subarctic climate). Similarly, for some
statistical analyses, we used the next level in the hierarchy (e.g., the Df
category, continental climates with no dry season).

As a measure of the level of economic development within a
country and its ability to invest in urban tree planting and main-
tenance, we used per-capita income from theWorld Bank, in USD2020
Purchasing Power Parity76. We then used the World Bank’s classifica-
tion thresholds to divide countries into Low Income, Middle Income
(incorporating the Lower Middle Income and Upper Middle-Income
categories of the World Bank), and Upper Income. We chose to use
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country-level economic data rather than finer-scale global datasets
using subnational jurisdictions (e.g., at Admin Level 2) because there
were spatial difficulties consistently and correctly aligning FUA
boundaries with the subnational jurisdiction boundaries, since FUAs
often contain multiple subnational jurisdictions, and these jurisdic-
tions often are only partially within a FUA.

As a potential explanatory variable helping predict AT, we inclu-
ded the best global estimate of Anthropogenic heat currently
available77, which predicts anthropogenic heat in 2010 at 1 km
resolution.

We used downscaled projections from the Coupled Model Inter-
comparison Project, Phase 6 (CMIP6) climate and earth system
models78. See the section on Climate Analysis below for details on
processing.

As part of our high-resolution analysis using the i-Tree Cool Air
model, we needed high-resolution meteorological information. We
used the US National Oceanic and Atmospheric Administration
(NOAA)’s National Centers for Environmental Information (NCEI)
meteorological data (integrated surface database, hourly time step)
and the US National Aeronautics and Space Administration (NASA)
Giovanni IMERG precipitation data (area averaged, hourly time step)79

to simulate conditions across three focal FUAs (Gothenburg, Sweden;
Lisbon, Portugal; and Phoenix, US; see details below for FUA selection).
Digital elevationmodel inputs were obtained from the 30m resolution
Copernicus GLO-30 Digital Elevation Model80. Maps of tree cover and
impervious cover were obtained by resampling Worldcover 10m into
30m pixels of fractional coverage, and this became the scale of our
i-Tree Cool Air analysis.

GIS processing
We collated input data for FUAs, land cover, Koppen climate zone, AT,
and LST in Google Earth Engine to a common grid stored in JSON
format, matching the cell size (30 arcsec, around 1 km at the equator)
and extent of the population data.We chose to keep the common grid
in this latitude and longitude (geographic) projection, to match the
population and other layersmost precisely (e.g., land cover) that come
in this projection, rather than reproject all the datasets to an equal area
projection and introduce error.Whenneeded for areal calculations at a
few specific points in the processing, we used a Mollweide Equal Area
projection.

Supporting global datasets (i.e., Aridity Index, per-capita income,
anthropogenic heat, and climateprojection information)were collated
in ArcGIS Pro 3.5.0 and exported to a CSV dataset formerging with the
maindatabase in the languageR (v4.5.0) and further statistical analysis.
Across the8919 FUAs analyzed in this study, therewere4.7million cells
in the common analysis grid.

For the higher spatial resolution i-Tree Cool Air model, we
stratified our analysis over three FUAs in three contrasting cli-
mates: Phoenix (Arid); Lisbon (Semi-Arid); and Gothenburg
(Humid). Within each FUA, we chose three ~1 km grid cells from
the common analysis grid, which had low (bottom quartile),
moderate (near median), and high (top quartile) levels of tree
cover. Within each of these nine cells (3 FUAs × 3 cells/FUA), we
collated the secondary datasets needed for this model (see the
“Data sources” section) and processed them at a 30m resolution.
A National Land Cover Database (NLCD) Class was derived for
each pixel based on the 30m resolution Worldcover map, with
urban class 21 assigned when impervious cover (IC) was less than
or equal to 20%, urban class 22 assigned for IC between 20% and
50%, urban class 23 assigned for IC between 50% and 80%, and
urban class 24 assigned for IC ≥80%.

Global 1 km empirical model
Statistical analysis was conducted in R version 4.5.0, using RStudio
version 2025.05.1 Build 513.Wherepartiallymissing data occurred (i.e.,

1 km cells with a valid estimate for some but not all variables), these
cells were excluded from a particular statistical analysis if one of the
variables involved in that analysis was missing.

As part of our descriptive analysis of the dataset, we estimated
population density (people/km2) and then constructed population
bins, within which we calculated average population-weighted tree
canopy cover and impervious surfacecover as a functionofpopulation
density by country-level income category (upper income, middle
income, or low-income) and aridity. Population bins were constructed
based on global quintiles of population density, but with the bound-
aries adjusted to align with round numbers. Note that when con-
structing summary statistics for subgroups (e.g., for specific levels of
country income and climate), not all population bins were present for
all FUAs, and so were left blank in Fig. 3.

Our model relating land cover, most especially tree cover, to
temperature at the 1 km scale was fit empirically using a hierarchical
regression approach. First, at the FUA level, the LST and AT anomalies
were estimated by accounting for the FUA-level mean effect. This
centers the distribution of LST andAT on zero, increases the normality
of the distribution, and aligns FUAs with different mean temperatures
so that the within-FUA effect of land cover on temperature can be
comparably analyzed. Second, AT and LST anomalies at the 1 km2 were
treated as response variables of within-FUA variation, to be predicted
by a set of potentially explanatory variables: fractional land cover,
anthropogenic heat, aridity index, andKöppenClimate zone.Note that
while the original Worldcover land cover was categorical at a 10m
resolution,when summedup to the 1 km2 of our commongrid, the sum
can be expressed as the fraction of the 1 km2 that was a certain land
cover class. After examination of Pearson correlation coefficients
among land cover categories, we grouped land cover categories into
six categories to avoid any potential issues of multicollinearity: water,
tree cover, cropland, sparse vegetation, bare, and impervious.

Exploratory analysis indicated that the categorical aridity index
(AI) classes explained more of the variation in AT and LST anomalies,
so these AI classes were used in our final model. Explanatory terms
related to land cover and anthropogenic heat were then only added to
the model if there was a substantial increase in explanatory power of
the model, defined as an increase in adjusted R2 of more than 1%. We
allowed the slope of model parameters to vary within each AI class.
Interaction termswereallowed to enter if themain effectswerealready
in the final model.

After an initial model was fit, we calculated the model residuals
and examined patterns in the spatial autocorrelation in model errors,
which poses a problem for assumptions of independence in linear
regression81. Spatial autocorrelation in model residuals was greater
when cells were within 3 km of each other. We therefore chose to
randomly draw a subset of our global datasets, with the constraint that
sampled cells were at least 3 km from one another, using the spat-
stat.geom library for R’s function nndist. This subset was used to fit the
final regression presented in this paper.

Global scenarios
The empirical regression model, which was developed for observed
data (baseline case), was used to estimate daytime LST and AT for
three scenarios.

First, we defined a scenario where tree cover increases 10%,
assuming a 10% increase in tree cover in each 1 km pixel. The purpose
of this scenario is to calculate tree cooling efficiency (TCE), the effect
on temperature of a 10% increase in tree cover. The scenario is not
meant to imply that a 10% increase in tree cover is feasible or likely
within a particular cell, but is rather a hypothetical calculation
designed to allow the estimation of TCE.

Second, we defined a scenario where the tree canopy is totally
lost, assuming a complete loss of tree cover in each 1 km cell. The
purpose of this scenario is to estimate the total tree cooling, the
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aggregate reduction in temperature due to all the tree cover in a 1 km
pixel. Such a total loss of tree canopy cover is not likely, but this
scenario allows estimation of the LST andAT in the counterfactual case
of no tree cover.

Third, we estimated the impact of the maximum plausible
increase in tree cover on LST and AT. The goal was to estimate how
much additional cooling benefit urban tree canopy could have. To
make our results more realistic, we constrained tree canopy increases
in two ways: (1) a physical constraint (trees can generally only be
planted in non-impervious surfaces) and (2) a social/political/climatic
constraint (planting trees is constrained by numerous other con-
siderations, including competing land uses, landowner preferences,
zoning and building codes, and climatic conditions)22. The physical
constraint was incorporated by ensuring that the maximum plausible
increase in tree cover did not exceed the pervious surface area within
the 1 km pixel. The social/political/climatic constraint was incorpo-
rated bydividing the landscape into five impervious surface categories
(0–20%, 20–40%, 40–60%, 60–80%, 80–100%) to reflect the different
landscape contexts from lightly settled suburbs to dense urban core.
Moreover, each pixel was assigned to an AI category. The social/poli-
tical/climatic constraint was then defined at the 90th percentile of
observed tree cover in each impervious surface category for the AI
category. That is, themaximumplausible increase target was set at the
90th percentile of tree cover for pixels with similar aridity and with
similar landscape contexts (imperviousness), or the maximum tree
cover allowed given the pervious surface within the 1 km pixel,
whichever is less.

In all three scenarios, predicted LST and AT were analyzed by
comparing them to the baseline case. Note that in all three scenarios,
theother land cover in a 1 kmcell needs to change so that the total land
cover sum is 100%. For all three scenarios, other land covers were
expected to increase or decrease (except for water and cropland,
whichwere assumed to be constant) in proportion to their occurrence
in the cell. In rare cases when a cell was already almost entirely tree
cover, we used the proportions of other land covers found at the FUA
scale. Specifically, we gave weight to FUA-level information on the
proportions of other land covers using Eq. (1):

Tree:coverpixel FUA:inf o+ ð1� Tree:coverpixelÞ Pixel:inf o ð1Þ

When the pixel-level tree cover is close to zero, our model primarily
uses information on the frequency of other land covers at the pixel
level. Conversely, when the pixel-level tree cover is close to one (i.e.,
there are no other land cover types within that pixel), our model uses
primarily information on the frequency of other land covers at the
FUA level.

High-resolution process model
We used the i-Tree Cool Air model to simulate hourly 2-m high AT and
humidity between 2015 and 2019 using a soil–vegetation–atmosphere
transfer scheme for its water and energy balances82. The model is
distributed within the i-Tree HydroPlus suite, and revision 1659 was
used for this study. Themodel has been spatially validated for summer
AT andhumidity in Syracuse, NewYork,USA82 andNapoli, Italy, both at
multiplemeteorological stations during extremeheat conditions83 and
against eddy covariance tower data for sensible and latent heat fluxes
during both wet (2015) and dry (2017) summer periods84. For each
timestep, the model assimilated observed meteorological data from a
station-containing pixel and solved for the upper boundary layer AT
and humidity across the domain. Meteorological inputs were drawn
from the station closest to each of the nine 1 km cells analyzed by the
i-Tree Cool Air model (see GIS processing section for the selection of
these 9 sites). It then uses these boundary conditions with land cover-
dependent energy and water properties and aerodynamic coupling to
determine 2-m AT and humidity across the full modeling domain. It

also estimates wet bulb globe temperature (WBGT). To determine
water availability in each pixel, the model uses terrain elevation to
laterally redistribute subsurface water and represent soil wetness
based on the topographic index and TOPMODEL theory85. The model
operates in coordination with the i-Tree Hydro model86 included in
HydroPlus, which provides a statistically distributed representation of
topographic index bins to simulate temporally varying soil moisture
deficit across the domain using hydrologic similarity. Following Pace
et al.83, we calibrated the model using data from two full water years
(October 1, 2017–September 30, 2019) to estimate three groundwater
parameters: initial groundwater drainage rate, transmissivity at
saturation, and hydraulic conductivity decay scaling parameter, based
on an average soil moisture deficit for each FUA. These calibrated
values were then passed to the i-Tree Cool Air model for spatially
explicit simulation of water and energy fluxes at the pixel level.

Analysis with i-Tree Cool Air was focused on contrasting the cur-
rent AT with what would be observed in a counterfactual case of no
tree cover (i.e., the total tree canopy loss scenario). The tree cover was
replaced with the proportional mix of other land covers found in the
1-km cell being analyzed. We compared the AT results from the i-Tree
Cool Air model with the empirical global model, looking at how the
coefficient of variation (CV) of the two models’ outputs differed. The
goal was to quantify the spatial variation in AT at fine spatial scales that
was necessarily missing from the 1 km empirical model. We also
examined the relationship between WBGT (only estimated with the
i-Tree Cool Air model) and AT estimates from the empirical global
model, with the goal of quantifying whether, under the complete
canopy loss scenario, themagnitude of change inWBGTwas greater or
less than the magnitude of change in AT.

UHI estimation
We estimated the UHI intensity for LST and AT by subtracting the LST
and AT values from a rural reference value for each FUA. There are
several algorithms that are used to define a relevant rural reference
value. Here, we used two algorithms to define the rural reference value
and compared the estimated UHI using both. Both algorithms were
applied globally to allow direct comparison with regression-based
tree-cooling estimates.

One algorithm is called the simplified urban extent. Here, we
calculated the average LST or AT for each FUA based on all non-urban,
non-water, and non-snow, ice pixels, as defined by the ESAWorldcover
data. This is an application of the simplified urban extent (SUE)
algorithm87, used to estimate the UHI without creating explicit buffers.

Another algorithm is based on a typical buffering approach.
We generated normalized buffers around each FUA following
Chakraborty et al. (2021)88, and then calculated the average LST
or AT of the non-urban, non-water, and non-snow, ice pixels, as
defined by the ESA Worldcover data in these buffers. Additionally,
pixels in the buffer that are higher or lower than 50m above the
median elevation of the urban area it surrounds are removed
because elevation is a strong controller of AT.

Using each algorithm, we estimated the UHI intensity for all large
FUAs globally. Using predictions from the global 1 km empirical model
for the “Total tree canopy loss” scenario, we had estimates of how
much hotter each FUA would be without any tree cover. We then cal-
culated, for each FUA, the maximum potential UHI as the sum of the
currently observed UHI intensity and the current cooling benefits
provided by tree cover (i.e., −1 times the ΔAT under the total tree
canopy loss scenario). The maximum potential UHI represents an
estimate of what the UHI would be if there were hypothetically no tree
canopy cover.

Climate change impacts
We compared the impact of trees and UHI effects to the projected
impacts of mid-century global warming on summer afternoon
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temperature changes using a constrained ensemble of CoupledModel
Intercomparison Project, Phase 6 (CMIP6) climate and earth system
models78. Specifically, we used the downscaled NASA NEX GDDP89

monthly average daily maximum (‘tasmax’) temperature data from
June–July–August for the Northern hemisphere and
December–January–February for the Southern hemisphere. For each
downscaled climate model, we calculated the average afternoon
summer temperature change at mid-century (2041–2060) in the
SSP2–4.5 scenario relative to the World Meteorological Organization
climate baseline period (1981–2020). We chose the SSP2–4.5 scenario
as it is a moderate growth, ‘middle of the road’ emissions pathway50

estimated to most closely follow current and pledged global green-
house gas emissions policies90. Some CMIP6 models may show
unrealistically high climate sensitivity, sowe constrain the ensemble to
the 15 downscaled NEX GDDP CMIP6 models with ‘likely’ Equilibrium
Climate Sensitivity (Table S1)91. Global raster data on the average
afternoon summer temperature change was then collated to the FUA
level by calculating in ArcGIS Pro the average change within each FUA
polygon.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
All datasets generated in this study have been deposited in Data Dryad
under the https://doi.org/10.5061/dryad.905qfttz0.

Code availability
All code used in this analysis is available on Data Dryad under the
https://doi.org/10.5061/dryad.905qfttz0.
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