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Global patterns of inequality in pedestrian
shade provision

Xinyue Gu 1,2 , Lukas Beuster 1,3,4, Xintao Liu 2 ,
Eveline van Leeuwen 4,5, Titus Venverloo1,4 & Fábio Duarte 1

Shade provision is the most effective strategy for mitigating heat in cities; yet
its distribution remains highly uneven. Using high-resolution simulations of
shade casting from buildings and trees on pedestrian areas, combined with
socioeconomic data at the neighbourhood level, we assess shade availability
across nine climatically and geographically diverse cities: Amsterdam, Barce-
lona, Belém, Boston, Hong Kong, Milan, Rio de Janeiro, Stockholm, and Syd-
ney. Our results reveal a consistent pattern of spatial and socioeconomic
inequality: lower-income and peripheral neighbourhoods tend to receive sig-
nificantly less shade on sidewalks, despite facing greater heat vulnerability.
Notably, inequality persists even in cities with high overall shade coverage,
where wealthier areas benefit from disproportionate abundance. By focusing
on public pedestrian spaces, rather than general coverage, this study high-
lights the importance of measuring heat burden through the lens of human
experience. We call for equity-centred adaptation strategies that target shade
provision where it is most needed, particularly in underserved and exposed
communities.

As global temperatures continue to rise, cities are becoming epi-
centres of extreme heat exposure, amplifying risks to public health,
energy security, and social equity1,2. Urban populations are especially
vulnerable due to the Urban Heat Island effect, which intensifies the
frequency, duration, and severity of heatwaves3,4. The consequences
are profound, ranging from increased damaged infrastructure5,6,
mortality and morbidity7, decreased labour productivity8,9, strained
energy systems10,11, and amplified social and spatial inequalities12,13.
These impacts disproportionately burden marginalised neighbour-
hoods, exacerbating existing urban vulnerabilities under climate
change.

Urban shade has emerged as a highly effective yet underutilised
strategy to mitigate urban heat14,15. Trees, buildings, and other shade-
producing infrastructure can significantly reduce surface tempera-
tures and thermal radiation exposure, thereby reducing heat-related
health risks16,17.While both formsof shade reducedirect solar load, tree

shade provides additional cooling through evapotranspiration, a
biophysical process that lowers air temperature through
moisture exchange18,19. The relative effectiveness of thesemechanisms
depends strongly on climatic context: in hot-dry climates, the
low ambient humidity enhances the cooling impact of trees, whereas
in humid environments, the evaporative potential is constrained20–22,
and shading from built structures may dominate the comfort
response.

These cooling benefits have been well documented, demonstrat-
ing that shade can reduce the net heat burden by up to 40∘C23–26,
substantially improving the thermal comfort of pedestrians and low-
ering heat stress. However, studies have increasingly revealed that
shade is unevenly distributed across socioeconomic lines14. For
instance, in the United States, the tree canopy in the most impover-
ished neighbourhoods is 41% lower than in the wealthiest areas, and
neighbourhoods of people of colour have one-third less shade than
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those where white residents are the majority27,28. This raises concerns
about environmental justice and climate adaptation equity.

Despite the growing recognition of urban shade as a critical
component of climate-resilient cities, systematic assessments of its
spatial distribution remain scarce14. Prior research has predominantly
focused on the distribution of green spaces29–31 or tree canopy
cover32,33, and has largely overlooked how shade provision varies
across neighbourhoods. Moreover, most studies are limited to single
cities, lacking comparative insights across climatic and cultural
contexts34–36. While recent advances in remote sensing and 3D city
modelling have enabled fine-resolution analysis of microclimates37,38,
their application to shade simulation is constrained. Crucially, few
studies differentiate between shaded areas that are publicly accessible
and those that are not19,39, leaving open the question of whether urban
shade provisions are a common good or a spatial privilege.

In this study, we present a comparative analysis of pedestrian-
accessible shade in nine globally diverse cities: Amsterdam, Barcelona,
Belém, Boston, Hong Kong, Milan, Rio de Janeiro, Stockholm, and
Sydney. These cities were selected based onmultiple criteria: coverage
of diverse climatic zones (tropical, temperate, continental, Medi-
terranean); variation in urbanmorphology (compact, sprawled, green-
integrated); representation across Global North and South contexts;
and availability of high-quality, comparable geospatial as well as
socioeconomic data. This diversity enables us to identify generalizable
patterns and context-specific factors of shade inequality. Using high-
resolution shade maps (0.5 × 0.5m) on the summer solstice day
overlaid on pedestrian networks, we quantify the inequality in shade
distribution across neighbourhoods and examine its associations with
green/grey infrastructure and socioeconomic indicators. Our findings
contribute to research at the intersection of climate adaptation and
environmental justice.

Results
Uneven shade distribution
To investigate the spatial inequality of urban shade provision under
rising heat stress, we analysed the average level of shade in all neigh-
bourhoods of nine globally distributed cities (see Fig. 1a). The average
shade metric represents the mean proportion of sidewalk area shaded
between 10:00 and 17:00 — the hottest hours of the day — on the
respective summer solstice day. Values range from 0 (no shade at any
time) to 1 (fully shaded throughout the entire period). In all nine cities,
we found substantial intra-urban variation in shade coverage. To
compare among global cities, herewe define three shade levels: values
below 0.4 were categorised as low (insufficient) shade, values between
0.4 and 0.6 as moderate shade, and values above 0.6 as high shade,
based on the distribution of average shade across all global neigh-
bourhoods (see data distribution in Supplementary Information).

In Amsterdam, moderate to high levels of shade are primarily
concentrated in the central urban areas (average shadeover 0.4),while
peripheral neighbourhoods show lower shade levels (less than 0.4). In
Barcelona,most neighbourhoods exhibit low tomoderate shade levels
(between0.4 and0.6). Only a few scattered districts reach levels above
0.60. This suggests that while shade is somewhat evenly distributed, it
remains suboptimal in large parts of the city. Belém presents a starkly
different pattern: Low sidewalk shade levels dominate most of the
neighbourhoods (less than 0.15), with only small pockets reaching
moderate levels. As a tropical city with extensive informal settlements
and high heat vulnerability, Belém’s overall lack of shaded spaces likely
exacerbates exposure to extreme heat, particularly in socio-
economically marginalised areas.

Boston exhibits a more moderate distribution. Most neighbour-
hoods fall between0.15 and0.4 in average shade,with somedistricts in
the northern and western parts of the city reaching values above 0.45.
Nonetheless, several inner-city areas remain undershaded, revealing
spatial inequities in access to cooling infrastructure. In Hong Kong,

substantial spatial heterogeneity is evident. Somecentral and southern
neighbourhoods exhibit very high shade levels (above 0.85), while a
significant number of areas in northern and peripheral areas remain
moderately to poorly shaded (below 0.40). This patchy pattern likely
reflects a mix of steep terrain, compact high-rise development, and
uneven canopy cover. In Milan, moderate to high shade coverage is
widespread.Most neighbourhoods fall between0.50 to0.75 in average
shade, particularly in central areas with dense, older building stock.
However, several outlying districts remain less shaded, likely due to
newer, lower-density development patterns.

Rio de Janeiro presents the most extensive coverage of low-shade
areas among all cities studied. Vast swaths, particularly in peripheral
and hillside neighbourhoods, have an average shade of less than 0.10,
often coinciding with informal settlements. Only a few select coastal
and affluent districts reach moderate shading levels. Conversely,
Stockholm stands out for its consistently high shadeprovision.Mostof
its neighbourhoods fall within the 0.6-0.9 range, with some exceeding
0.9. This uniformity likely results from long-term urban planning
strategies that integrate tall buildings and narrow street canyons
with abundant green infrastructure, which supports pedestrian
comfort. In Sydney, a strong spatial divide is observed: Western and
southernneighbourhoods exhibit very low shade levels (average shade
less than 0.15), while some denser central and northern areas reach
moderate shading (0.4- 0.6). These disparities highlight urban heat
vulnerability in suburbs with less building density, which often lack
tree canopy and street-level shading to compensate for the reduction
in building shade.

Together, these analyses reveal a pronounced unevenness in the
distribution of urban shade both within and across cities. While cities
at higher latitudes, such as Barcelona, Milan, and Stockholm, tend to
provide relatively widespread shade, in tropical cities closer to the
equator, such as Belém and Rio de Janeiro-where shade is most criti-
cally needed due to intense solar radiation-the prevalence of low-
shade areas is especially concerning.

Shade injustice in cities
Figure 2 illustrates both the cumulative distribution of keymetrics and
their spatial representation within selected urban environments in the
nine global cities. Per capita income and home value are considered
proxies of wealth in this context.

Figure 2a illustrates the cumulative share distributions of shade
relative to three socioeconomic variables: total population, income
per capita, and home value, using Lorenz curves. The dashed diagonal
line in each panel represents perfect equality, where shade would be
distributed proportionally to each socioeconomic group. The further
the actual curves deviate below this line, the greater the inequality in
shade access. The insets in each panel report the Gini coefficients for
each city and variable, numerically summarising the degree of
inequality. Higher Gini values correspond to greater disparities.
Together, the curves and Gini coefficients highlight significant differ-
ences in shade equity across cities and socioeconomic groups.

Additionally, a consistent pattern of inequality emerges, with
lower-income, lower-home-value, andmore densely populated groups
receiving disproportionately less shade. Notably, Stockholm exhibits
the steepest deviations from the equality line across all dimensions,
even though the bottom 20% of neighbourhoods in Stockholm (0.58)
still enjoy a higher level of shade than the top 20% of neighbourhoods
in Belém (0.37), reflecting high levels of shade inequality despite a
generally high baseline of shade provision across the city. In other
words, while most of the neighbourhoods in Stockholm are well sha-
ded, wealthier areas benefit from even greater shade coverage,
accentuating existing disparities. In contrast, Amsterdam and Boston
display curves that are closer to the line of equality for total popula-
tion, though inequality increases when examined across wealth
dimensions. In terms of income, Boston, Hong Kong, Rio de Janeiro,
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and Stockholm exhibit high Gini coefficients, followed by Amsterdam,
Milan, and Sydney, which present moderate levels of disparity.

At the neighbourhood scale, bivariate spatial mapping further
illustrates how average shade is spatially entangled with wealth.
Mathematically, the average shade is divided into three quantile-based

categories (tertiles), labelled from low to high. Each urban unit reflects
the combination of its Per Capita Income level (Low, Medium, High)
and its Average Shade level (Low, Medium, High).

In Amsterdam, areas predominantly in the medium-to-high per
capita income range are combined with medium-to-high average
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Fig. 1 | Composite maps of global surface temperatures and intra-urban shade
disparities. a Global distribution of 2-metre air temperatures averaged over
June–August 2024, derived and averaged from the ERA5 Climate Data Store. War-
mer regions are denoted by deep red hues, while cooler regions are indicated in
blue. The map also highlights nine study cities, marked with black crosses,

representing diverse climate zones andurbanmorphologies.b–j Spatial patterns of
average neighborhood-level shade in nine selected cities: (b) Amsterdam (n = 388),
(c) Barcelona (n = 1014), (d) Belém (n = 1504), (e) Boston (n = 169), (f ) Hong Kong
(n = 129), (g) Milan (n = 6428), (h) Rio de Janeiro (n = 6933), (i) Stockholm (n = 494),
( j) Sydney (n = 458).
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shades, suggesting a positive spatial correlation between these two
characteristics. There are fewer areas indicating low income or low
average shades. In Barcelona, many neighbourhoods fall into the
low-to-medium income and low-to-medium shade categories,
forming clusters of pink and lavender tones. However, the distribution
is less spatially polarised compared to cities like Belém or Rio de
Janeiro, suggesting more integrated patterns despite existing dis-
parities. Belém demonstrates pronounced spatial segregation. Clearly,
large and contiguous areas are dominated by low per capita income
combined with low average shades, juxtaposed with areas showing
higher per capita income and higher average shades. This pattern
suggests significant spatial disparities and a strong positive correlation
between low income and low shades, and high income and high
shades.

Boston presents a mosaic-like complex pattern that indicates
varied pockets of socio-economic characteristics. For instance, there is
a significant mix of different level combinations (e.g., medium income
with varying shades, or low income with medium/high shades). In
Hong Kong, extreme spatial segregation is visible, with distinct clus-
ters of low-income/low-shade areas (light pink) and high-income/high-

shade zones (deep blue). The northern urban areas stand out for their
concentration of underserved neighbourhoods, whereas southern and
central zones benefit from both higher income and greater shade
provision. Milan’s urban fabric reveals relatively mixed combinations,
thoughwealthier central areas tend to alignwith better shading. A ring
of lower-income and lower-shade areas surrounds the core, indicating
moderate spatial stratification.

Similar to Belém, Rio de Janeiro exhibits a highly heterogeneous
and often starkly contrasting spatial bivariate distribution. Areas
dominated by low per capita income and low average shades fre-
quently appear in close proximity to areas with higher per capita
income and higher average shades. This pronounced spatial variability
highlights significant within-city income inequality and segregation,
often in strong correlation with the average shade. Stockholm exhibits
a more dispersed but still distinct spatial structure, resembling that of
Amsterdam. While some regions show higher per capita income
combined with higher average shades, other areas suggest medium
per capita incomeor a combinationwith lower average shades. Sydney
displays a prominent pattern of high-income neighbourhoods (espe-
cially in the northeast and coastal areas), coinciding with higher
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average shade. In contrast, large expanses of western suburbs show
clusters of low income and low shading. This highlights a clear east-
west divide in environmental equity.

Associations of shade and income
We investigated the relationship between various socioeconomic and
urban form indicators and the average shades metric across a diverse
set of global cities. Our analysis, presented in Fig. 3, utilised a tree-
based ensemble learning approach (XGBoost) and SHAP (SHapley
Additive exPlanations) to elucidate these relationships. Detailed
information and model performance of each city can be found in
the Supplementary Information.

Across all cities (see Fig. 3), average canopy height emerged as the
most influential and positively correlated predictor of urban shade
provision. SHAP dependence plots indicate a near-monotonic increase
in SHAP value with increasing canopy height, particularly pronounced
in Amsterdam, Belém, Boston, Rio de Janeiro, and Stockholm. This
underscores the fundamental role of mature urban vegetation in
mitigating heat stress via shade. Likewise, average building height
exhibited a consistent positive association with shade, particularly in
compact cities with dense vertical development (e.g., Boston and
Hong Kong), where taller structures provide shading to adjacent
sidewalks.

The effect of socioeconomic indicators-per capita income, home
value, and total population-on shade provision was more hetero-
geneous. In several cities, including Amsterdam, Belém, Boston, Hong
Kong, and Stockholm, lower per capita income and home values were
associated with systematically lower SHAP values, suggesting under-
investment in shade infrastructure in lower-income areas. This is
consistent with observed spatial inequities and Gini-based analyses
(see Fig. 2). Conversely, cities like Barcelona and Milan displayed that
lower per capita income was more associated with higher average
shade. For Rio de Janeiro and Sydney, the medium- and high-income
populations have more potential to experience larger shade
provisions.

In multiple cities, total population and average shade show a
negative correlation, while total households show a neutral correla-
tion, or even a slight positive correlation. In Belém, Hong Kong, Milan,
and Rio de Janeiro, increasing population and decreasing households
correlated with reduced shading, possibly reflecting overcrowding in
low-infrastructure neighbourhoods. Particularly for cities Belém and
Rio de Janeiro in Brazil, neighbourhoods with larger populations are
often accompanied by a reduction in the emergence of high-density,
low-infrastructure urban forms, thereby substantially reducing shade
provision. By contrast, an increase in the number of households does
not necessarily imply overcrowding. Instead, it may reflect the pro-
liferation of small- andmedium-sized housing units, whichmay have a
larger home value.

Disparate building and additional tree shade
Our main analysis is on combined shade on the summer solstice,
because this metric captures the aggregate shading environment that
residents experience when solar geometry produces the annual mini-
mum horizontal shadowing, and because it provides a single, com-
parable summary of the competing contributions of buildings and
trees. Outside of this comparison, we recommend that potential
individual shade targets and policies be based on the hottestmonth of
the year.

Therefore, to further validate and discuss the spatial patterns of
the combined shade on the summer solstice, the study generated the
combined shade, including building shade and additional tree shade,
all on the summer solstice day and the hottest day during the period
from 1991 to 2020. Figures 4–7 demonstrate the comparison between
these six shade types in Rio de Janeiro and Stockholm; the other cities
are presented in the Supplementary Information. These two cities,
presented here, as they demonstrate the greatest inequality in urban
shade across income groups, also represent the typical cities of the
Global North and Global South.

Lorenz curves and Gini coefficients show that building shade is
the most evenly distributed of the three metrics, while combined
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shade and additional tree shade are progressively more unequal, a
ranking that is conserved across population, income and housing-
value stratifications. Crucially, the separated analyses that we can and
doperformareconsistentwith the combined-shadefindings: trees and
their shade coverage, are indeed more strongly concentrated in
wealthier neighbourhoods, andbuildings produce concentrated shade
in high-density cores, but these differentiated patterns do not alter the
overall conclusion that shade cover is spatially unequal.

Meanwhile, when we directly compare the summer solstice with
the single hottest day of the year, the bivariate maps overlapping
shading coverage and per capita income at neighbourhood-level
change only minimally: all shade types show only modest, localised
intensity or boundary adjustments rather than systematic reallocation
of shade across neighbourhoods. These results indicate that the
macroscopic patternof shade inequality across the nine cities is robust
to day-to-day variations in solar angle in our aggregation framework
and is primarily driven by the underlying spatial distributions of built
form and canopy rather than by transient solar geometry.

Discussion
Urban shade serves as a critical microclimatic amenity, mitigating
thermal stress and enhancing outdoor habitability, particularly during
hot seasons40–42. Our findings directly engage the unresolved question
raised earlier in thepaper:whether urban shadeprovisions constitute a
common good or a spatial privilege. The evidence strongly suggests
that, in practice, shade oftenoperates as the latter14,28. It is important to
note, however, that not all shade is intentionally provided as an ame-
nity. Unlike trees or dedicated shade structures, buildings are not
constructed with the explicit purpose of shade provision but for resi-
dential, commercial, or infrastructural purposes. Their form, density,

and spatial configuration generate consequential shading patterns as a
by-product of development.

Our analysis reveals a persistent and striking disparity in the
average shade available to different urban populations at the neigh-
bourhood level, with larger and denser urban centres often exhibiting
higher levels of average shade for wealthier populations. While total
population shows a negative association with average shade across
cities—suggesting that growing urban populations are not matched by
proportional increases in shade provided by grey and green infra-
structures—we also uncover that higher home values and per capita
incomes, as well as low-density neighbourhoods, are often positively
associated with shade. These patterns reveal that shade is not dis-
tributed according to universal need or public entitlement (as would
be expected of a common good), but rather reflects historical and
ongoing disparities in urban investment, land use policy, and political
voice. In this light, shade emerges less as a collectively provided
amenity andmore as a marker of spatial privilege, reinforcing broader
structures of environmental injustice.

Thisfindingpoints to adeeper structural issueof shade inequality,
where access to urban cooling resources is not only limited in absolute
terms, but also distributed inequitably across socio-demographic
lines43,44. In particular, Fig. 2 highlights that intra-urban shade dis-
tribution is far from uniform, with peripheral and lower-income
neighbourhoods often experiencing significant shade deficits. These
disparities are not random; rather, they reflect the long-standing
legacy of urban planning decisions, land use patterns, and greening
policies that have historically favoured certain districts and people
over others.

Importantly, inequality does not always stem from scarcity. For
example, Stockholm exhibits some of the highest average shade
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coverage among all cities studied, yet also has one of the highest levels
of inequality. This patternof differential abundance—wheremost areas
are adequately shaded, but affluent neighbourhoodsbenefit fromeven
greater provision—underscores how environmental privilege can per-
sist even in cities that perform well on average. It is not only the
absence of shade that matters, but who has more, and how much
more, in relation to others.

Our findings build on and extend the work of Chakraborty et al.16,
who showed that urban heat disproportionately affects lower-income
groups, largely due to uneven urban vegetation density. While their
study focused on the moderating effect of green space on surface
temperatures, our analysis pivots toward shade coverage in public
pedestrian space—a metric with immediate relevance to human ther-
mal comfort and daily exposure. This distinction matters: broad
vegetation coverage, particularly on private land, does not guarantee
equitable or accessible cooling benefits.

As Turner et al. argue, shade is one of the most effective and
intuitive strategies to reduce heat stress—capable of lowering per-
ceived thermal load by up to 20-40∘C14. Yet, most cities lack systematic
policies to monitor, plan, or equitably distribute shade. In line with
their call to assess heat burden based on human experience, our
approach quantifies shade at the scale of public pedestrian infra-
structure, highlighting who benefits from shade, when, and where. By
focusing on publicly accessible, walkable areas—rather than green

coverage alone—we expose a key dimension of heat inequity that
remains overlooked in conventional planning.

We further find that uneven shade distribution is often amplified
in cities with intensive vertical development. As shown in
Fig. 3 and Supplementary Information, high-rise urban cores—despite
having limited tree cover or pedestrian-friendly infrastructure—can
create significant ground-level shading. These dense, vertical envir-
onments sometimes act as cool oases under a warming climate45,46.
Conversely, suburban neighbourhoods with fewer tall buildings show
much lower average shade, exacerbating human heat exposure.

Our regression analysis underscores the importance of evaluating
environmental resources such as shade through the lens of human
exposure. Traditional landscape-level assessments may overstate the
real-world benefits of urban greening by ignoring who has access to
shaded pedestrian areas. Once population and wealth distribution are
considered, effective access to shade reveals stark inequalities. This
calls for a shift from areal averages to people-centred shade equity
frameworks14,41.

The policy implications are profound. As climate extremes
intensify, ensuring equitable access to shade must become a central
goal of urban resilience planning. This includes targeted investments
in tree planting, green corridors, and shading infrastructure—particu-
larly in disadvantaged neighbourhoods. Simply increasing overall
green coverage is insufficient if spatial inequalities persist47,48.
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Fig. 5 | Gini coefficient and interpreted the XGBoost model in Rio de Janeiro.
aGini coefficients and Lorentz curves for each shade type, (b) Confidence Intervals
for the Gini coefficient for each shade type (n=6,933, data are presented as mean

values +/− SEM), and (c) Regression results of the interpreted XGBoost model with
SHAP interpretation for each shade type.
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Finally, our findings highlight the urgent need to address uneven
shade distribution not only as a climate adaptation issue but as a
matter of environmental justice andpublic health. The juxtaposition of
high population density and low shading inmany global cities exposes
millions to amplified heat risks, while affluent neighbourhoods con-
tinue to enjoy cooling benefits. Bridging this gap will require coordi-
nated urban design, policy reform, and community-led action to
ensure that shade—like any critical urban resource—is accessible to all.

We also acknowledge several limitations that point toward
directions for future research. First, our shade simulation focuses on
shades cast by buildings and trees, which are the primary contributors
to heatmitigation at the urban scale41. Other forms of artificial shading
(e.g., pergolas, shade sails) may offer localised benefits, but were not
included here due to data limitations and inconsistent availability
across cities39. Moreover, it is essential to recognise that the cooling
benefits of shade vary significantly between buildings and trees. As
trees not only provide physical shade but also deliver additional
cooling through evapotranspiration18,20, thereby benefiting adjacent
public spaces even when direct access to green areas is limited, while
built structures may have more constrained effects. Future assess-
ments could therefore distinguish between these sources of shade to
better capture their heterogeneous contributions to urban micro-
climates and human thermal comfort.

Second, socio-demographic indicators vary by country, and
although we screened and selected the most reliable available data-
sets, these are not perfectly comparable with each other. Future work
should integratemore diverse data sources-particularly for cities in the
Global South, where census data are often lacking at the neighbour-
hood scale-to assess shade inequalities better and identify vulnerable
hotspots in need of targeted interventions.

Third, due to the lack of harmonised sidewalk datasets across
cities, we used a generative approach based on OpenStreetMap street

networks to estimate pedestrian space. While this enabled consistent
cross-city comparisons, it introduces uncertainty in the exact location
and extent of walkable areas. In cities with extensive sidewalks
but relatively low pedestrian activity (e.g., Boston)49,50, our
simulations may overestimate the effective shade experienced by
people, suggesting that future work could incorporate measures of
walkability or pedestrian usage. Conversely, in cities where sidewalks
are scarce or fragmented (e.g., Belém and Rio de Janeiro)51, our esti-
mates likely underestimate available shade, highlighting the need for
improved sidewalk mapping and inclusion of informal pedestrian
paths. Accurate, high-resolution sidewalk data is essential for targeting
shade interventions to the areas where people actually move
and dwell.

Methods
Shade map simulation
To evaluate shade availability across urban neighbourhoods, we gen-
erated high-resolution shade maps for nine globally distributed cities:
Amsterdam, Barcelona Belém, Boston, Hong Kong, Milan, Rio de
Janeiro, and Sydney. As shown in Fig. 1, these cities span a broad range
of climatic zones — from temperate (e.g., Amsterdam, Stockholm) to
tropical and subtropical regions (e.g., Belém, Hong Kong, Sydney) —
providing a comparative basis for analysing shade provision under
differing environmental and urban morphological conditions.

The shademaps (0.5m ×0.5m resolution) wereproduced using a
standardised pipeline adapted from the Slim Shady study41 and
extended in Sun Blocked52. The methodology combines a Digital Sur-
face Model (DSM) as well as a tree detection and segmentation work-
flow from aerial imagery tomodel shadows cast by buildings and trees
at scale. Shadow simulations were conducted using a standalone
implementation of the UMEP Shadow Generator53, which computes
solar obstruction based on sun position, object height, and geometry.
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All cities except AmsterdamusedDSMdata from theGoogle Solar
API (HIGH tier), derived from low-altitude aerial imagery processed
photogrammetrically at 0.1 m spatial resolution, with elevations
referenced to the EGM96 geoid. In Amsterdam, Solar API coveragewas
incomplete, likely due to the presence of the national LiDAR dataset.
We therefore substituted the Actueel Hoogtebestand Nederland
(AHN4) as the DSM source. AHN4 is a nationwide airborne LiDAR
dataset acquired between 2019 and 2022 with a nominal point density
of 6–10 points per m2 and a reported vertical accuracy of approxi-
mately 5 cm (RMSEz) under flat, open conditions54. This substitution
ensured complete coverage and maintained high geometric accuracy
for shade simulation in Amsterdam.

To account for partial solar penetration through vegetation, we
applied a transmissivity value of 10%, allowing 10% of direct solar
radiation to pass through tree crowns. This setting is consistent with
prior work on the radiative impact of urban trees on pedestrian
exposure55. Therefore, a valueof0 to 1 is given to the shademap,where
0 indicates the pixel is fully shaded during the time frame, and 1 is fully
sunlit.

Half-hourly shade conditions were simulated for a representative
summer solstice day (June 21 in the Northern Hemisphere, December
21 in the SouthernHemisphere) and additionally the equinox for Belém
(March 21), where the solar angle is at its minimum. The summer sol-
sticewas chosen as theprimary referencedaybecause it represents the
maximum potential solar exposure for a given location, providing a
consistent and comparable baseline across cities for understanding

shading distribution under ideal conditions. The simulated result is a
stack of half-hourly binary shade rasters per city, which were then
aggregated to calculate the shade metrics (shown in the next Section)
per sidewalk polygonorpixel, representing theproportionof time that
location is shaded during peak daytime hours. The temporal pattern
for each city can be found in the Supplementary Information.

To delineate pedestrian space consistently across all cities, we
usedKerbSide56, anopen-source custompipeline built on osm2streets,
to generate standardised sidewalk and footpath polygons from
OpenStreetMap street network data. This approach was chosen to
reflect the absence of harmonised, high-resolution pedestrian infra-
structure data across most cities, while introducing a controlled and
transparent source of structural error. Although it cannot capture all
local nuances (e.g., exact sidewalk widths, positions, or informal
paths), it ensures a consistent basis for inter-city comparison.

This approach captures both the spatial extent and temporal
persistence of shade, enabling robust comparison of shade coverage
across different urban contexts. Similar to prior work, we focus spe-
cifically on publicly accessible walkable areas where shade is most
critical for outdoor thermal comfort and mobility.

To ensure analytical consistency and avoid bias from fringe or
sparsely populated zones, we excluded neighbourhoods from analysis
if theymet one of two criteria: 1) Insufficient data for shade simulation,
such asmissingDSMor vegetation layers, and 2) Neighbourhoodswith
extremely low population density, defined as falling below the 5th
percentile of the city-specific population density distribution. These
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Fig. 7 | Gini coefficient and interpreted the XGBoostmodel in Stockholm. aGini
coefficients and Lorentz curves for each shade type, (b) Confidence Intervals for
the Gini coefficient for each shade type (n = 494, data are presented asmean values

+/− SEM), and (c) Regression results of the interpreted XGBoost model with SHAP
interpretation for each shade type.
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typically correspond to non-residential areas such as airports, indus-
trial areas, and natural reserves in cities.

For further validation, the study applied this same workflow to
generate the combined shade, building shade, and additional tree
shade, all on the summer solstice day and the historical hottest day.
The hottest day for each city was identified as the maximum tem-
perature (tmax) over 30 years, using the 1991-2020 climate normals
from local weather stations.

Urban shade metrics
To assess shading conditions within urban neighbourhoods, we
developed two complementary metrics derived from spatial zonal
statistics: Average shade intensity and cumulative shade resource.
These indicators jointly capture the intensity and total availability of
shade, making them respectively suitable for correlation analyses with
socio-economic variables and for evaluating spatial inequities in shade
distribution. Critically, both metrics were computed consistently
across all study cities using the following two-step procedure:
(1) The high-resolution shade raster map was first masked using

sidewalk polygons to restrict analysis to pedestrian-accessible
surfaces;

(2) Zonal statistics were then applied to aggregate sidewalk-level
shade values to the neighbourhood level, yielding a single
average shade intensity per neighbourhood.

These steps confirm that our shade metrics are derived exclu-
sively from publicly accessible pedestrian spaces: non-public areas
(e.g., building footprints, private lots) were excluded during the side-
walk masking step, ensuring that all reported shade averages reflect
conditions experienced by pedestrians. In the Supplementary Infor-
mation, we provide summary statistics on the distribution of sidewalk
areas and neighbourhood sizes across all study cities, as well as
potential estimation bias due to neighbourhood size variability.

Therefore, the average shade intensity (proportion from 0 to 1)
provides a normalised, dimensionless measure of average shade
across all sidewalk pixels within the neighbourhood i:

average shadei = 1� average sunliti ð1Þ

where: average shadei denotes the average shade coverage across all
sidewalk pixels within the neighbourhood i (0 = never shaded, 1 =
always shaded), and average sunliti is the corresponding normalised
sunlit intensity. All polygon areas were calculated in appropriate pro-
jected coordinate systems to ensure metric accuracy. The entire
workflow-including coordinate reference system alignment, raster-
vector integration, and metric computation-was implemented using
Python libraries (pandas, geopandas, and rasterstats).

Due to its normalised, unitless form, average shade intensity is
appropriate for correlation and regression analyses with socio-
economic indicators (e.g., income, home value indicators). It enables
meaningful comparisons across areas of different sizes and reduces
bias from unequal spatial extent.

Meanwhile, the cumulative shade resource (in m2) quantifies the
total shaded area available to pedestrians within a neighbourhood. It is
calculated by multiplying the average shadei, and the sidewalk areai:

cumulative shadei = average shadei × sidewalk areai ð2Þ

where: sidewalk areai is the total area of sidewalk (in m2) within the
neighbourhood i, after masking out non-pedestrian surfaces such as
buildings and private lots.

Because the cumulative shade resource reflects the absolute
quantity of shading, it allows for assessing distributional inequities
across urban space. When aggregated across socio-demographic
groups, it can be used as input for calculating the Gini coefficient or
other inequality indices. This helps reveal whether shade is equitably
distributed relative to population or vulnerability metrics. For valida-
tion, the temporal patterns of average shade from sunrise to sunset
can be found in the Supplementary Information, all showing the U
pattern during the whole period.

In this study, we focus on the performance of these two indicators
during the period when people are outdoors for leisure activities,
10:00 and 17:00. As well as the sunshine will be more intense during
this period because of the intense solar radiation57, shade is needed
more as a cooling facility58. Once the average shade intensity and
cumulative shade resource were calculated for each half hour, we
averaged them to characterise the average performance for this
period.

Socioeconomic indicators
Considering the census data accessibility at the neighbourhood level
for research cities, we selected four key socioeconomic variables to
assess the social distribution and equity of urban shading13,59. All these
socioeconomic indicators were retrieved from local government
websites from 2019 to 2023. The data availability statement details the
data source for each city.

As shown in Table 1, these variables capture population scale,
economic well-being, and income stratification, and serve as the basis
for two complementary analytical frameworks: regression modelling
using average shade intensity and inequality assessment using cumu-
lative shade resource. Notably, the socioeconomic data are not uni-
formly expressed or formatted across different cities. However, since
neighbourhood inequality is analysed separately within each city,
these inter-city differences do not affect the validity of the disparity
comparison.

Notedly, even though home values do not adequately represent
the economic realities of individuals, amounts of previous studies have
proven that home value can indirectly reflect overall housing costs-
including the rental market-and community wealth levels as an out-
come of shared drivers such as location, public investment, and
environmental quality60–62. Therefore, home value serves as a proxy for
area-level affluence and long-term investment, alongside per capita
income as complementary indicators of neighbourhood socio-
economic status.

Table 1 | Descriptions of socioeconomic indicators

Indicator Description

Total Population Represents the number of residents in each neighborhood. In inequality analysis, it is used to determine if larger populations receive dis-
proportionately less or more shade.

Total Households Serves as an alternative to population. It can help control for household clustering effects in shade access.

Per Capita Income Reflects average income levels and is a direct measure of socioeconomic status. Its inequality indicates whether wealthier areas receive better
shading, suggesting environmental privilege.

Home Value Acts as a spatially sensitive proxy for neighbourhood affluence and long-term investment. Higher home values may correlate with greener
streetscapes or more shaded infrastructure due to private or municipal investment.
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Gini coefficient
To assess whether cumulative access to shade is equitably distributed
across different population and income groups, we calculated
population-weighted Gini coefficients for each city based on
neighbourhood-level data. The Gini coefficient is widely used to
quantify inequality in resource distribution29,59. A Gini value of 0 indi-
cates a perfectly equal distribution of shade across residents, whereas
values approaching 1 reflect high inequality, where most shade is
concentrated in a small share of the population or wealth.

In this study, it is adapted to evaluate disparities in cumulative
shading exposure, a critical environmental resource in the context of
urban heat and climate adaptation. We considered three socio-
economic indicators: total population, per capita income, and average
home value. These indicators represent both demographic size and
economic status, which may influence access to shading and reflect
underlying urban form and planning priorities. To ensure that neigh-
bourhoods with more residents contribute proportionally to the
inequality measure, we calculated a population-weighted Gini coeffi-
cient for each city.

Specifically, neighbourhoods (j = 1, …, n) were ranked in ascend-
ing order of total shading exposure (yj)., and the cumulative
population-weighted shares of shade Yi and socioeconomic indicator
Xi were calculated as:

Xi =

Pi
j = 1wj

Pn
j = 1wj

, Y i =

Pi
j = 1wjyj

Pn
j = 1wjyj

ð3Þ

wherewj represents theweighting factor for the neighbourhood j, and
yj denotes the total shade exposure in the same neighbourhood.

The Gini coefficient (G) was then obtained using the trapezoidal
rule for numerical integration along the Lorenz curve:

G= 1�
Xn�1

i= 1

ðXi+ 1 � XiÞðY i + 1 + Y iÞ ð4Þ

To assess the robustness of the Gini estimates and account for
sampling variability across neighbourhoods, we additionally calcu-
lated 95% confidence intervals using a non-parametric bootstrap pro-
cedure. The resulting confidence intervals are reported in
the Supplementary Information.

Regression analysis
We further utilised an interpretable machine learning regression
model to investigate the relationship between average shade intensity
and a range of socioeconomic and urban form variables. The aim was
to identify patterns of association across neighbourhoods, especially
those that might signal inequities in shade provision or planning
priorities.

The predictors we included spanned population and household
counts, income and home value levels, construction era (before and
after 2000), and two physical descriptors of the built environment,
including building height and average tree canopy height63,64. These
variables were chosen to reflect the multidimensional nature of urban
neighbourhoods-capturing both social conditions and morphological
features-without assuming any direct causal pathway to shade
availability.

Regarding the average canopy height, we obtained the canopy
height map at a 1m spatial resolution64) and averaged it at the neigh-
bourhood level. For the building-related variables, the study utilised
the long-term global land cover remote sensing data at 30 m spatial
resolution65) and overlapped it with building polygons data containing
building heights attributes63,66) to filter out buildings built before or
after 2000. Besides, these building polygons can be used to calculate
the average height of all buildings for each neighbourhood.

Although the construction years of the buildings are mutually
exclusive, we separated them into two variables, considering that their
effects are not completely mirror images of each other. Pre-2000
buildings often reflect historical planning practices, which may be
associated with narrow, shaded streets in some cities, or lower-density
development in others. Conversely, post-2000 construction typically
adheres to more modern building codes, often featuring high-rise
buildings and different urban design principles. They will show dif-
ferent relationships with average shade. Besides, this also considers
that a districtwith a high proportion of pre-2000buildingsmight have
a small total building count, while another with a similar proportion
might have a very large one.

To understand the relationships between each variable and
average shade, we trained anXGBoost regressionmodel to capture the
complex, nonlinear effects among the predictors67,68. Data from mul-
tiple cities with varying sample sizes were pooled, and sample weights
proportional to city-specific sample sizes were applied during model
training to mitigate biases due to uneven data distributions.

We modelled the relationship between shade intensity (by) and a
set of predictors X = {x1, x2, …, xp} using an XGBoost regression func-
tion f( ⋅ ) trained via gradient boosting:

by= f ðX Þ=
XM

m= 1

f mðX Þ, f m 2 F ð5Þ

where F denotes the space of regression trees. Model
hyperparameters-including the number of trees, tree depth, learning
rate, subsample ratio, and column sampling ratio-were optimised
using cross-validated grid search to minimise the prediction error
across five folds:

Lðy,byÞ= 1
n

Xn

i = 1

ð yi � byiÞ
2 +

XM

m= 1

Ωð f mÞ ð6Þ

This approach provided a flexible and high-performing method
for identifying associations across diverse urban contexts, while
accounting for differences in sample sizes among cities. Model per-
formance was evaluated using R2, RMSE, and MAE, and feature
importance was quantified not only by SHAP values but also by
XGBoost-specific metrics, including Weight, Gain, and Cover, which
reflect the frequency, contribution, and coverage of each predictor
across all regression trees (see Supplementary Information).

To interpret the model outputs, we employed SHAP (SHapley
Additive exPlanations) values to evaluate the marginal contribution of
each feature to the predicted average shade58,69, where the contribu-
tion of a feature xj to the prediction for an observation i is represented
by ϕðiÞ

j , such that

f ðxðiÞÞ=ϕ0 +
Xp

j = 1

ϕðiÞ
j ð7Þ

The SHAP framework enabled both global variable importance
ranking and visualisation of the dependence between each predictor
and its impact on model output, accounting for nonlinearity and fea-
ture interactions. This allowed us to examine how predicted shade
levels vary with changes in specific features and to identify potential
inequalities embedded in urban form and socioeconomic structure.

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

Data availability
The high resolution of the Digital Surface Model (DSM) was retrieved
from Google Solar API. The global building polygon dataset for each
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city was retrieved from UT-GLOBUS for city-scale urban simulations
and 3D-GloBFP: global three-dimensional building footprint dataset.
The canopy height map at 1m spatial resolution was retrieved from
Canopy height maps from RGB imagery. The land cover data before
2000 was retrieved from Global Land Cover and Land Use Change,
2000-2020. Socioeconomic indicators for each city at the neigh-
bourhood level were retrieved from their corresponding official open
data: 1) Yearly key figures for neighbourhoods in Amsterdam were
retrieved from the CBS databank. 2) Census statistics (2021) in Barce-
lona: Open Data Barcelona and Idescat. Open Data. 3) Census data and
geographical boundaries of Belém and Rio de Janeiro were retrieved
from the IBGE and Censo 2022 ∣ IBGE. 4) American Community Survey
5-YearData (2019-2023)were retrieved from theU.S. CensusBureauby
API. 5) Statistics andBoundaries of Small TertiaryPlanningUnit Groups
(2021) in Hong Kong were retrieved from the Common Spatial Data
Infrastructure (CSDI) Portal. 6) Census data and geographical bound-
aries of Milan (2021) were retrieved from the Comune di Milano, Istat,
Dipartimento delle Finanze and Maurizio Napolitano. 7) Demographic
Statistical Data and Areas of Stockholm (2025) were retrieved from the
Open data for DeSO and the Dataportalen. 8) 2021 Census statistics
and geographical boundaries of Sydney were retrieved from the
Australian Bureau of Statistics. The data generated and used in this
study have been deposited in Zenodo: https://doi.org/10.5281/zenodo.
17972371.

Code availability
The codes and libraries used in the analysis can be accessed here:
https://doi.org/10.5281/zenodo.17972371.
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