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Increasing tree canopy lowers urban air
temperature by up to 1.5 °C in heat-

prone areas
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, Simon Michael Papalexiou'*® & Alain Pietroniro’

Urban heat islands (UHIs) exacerbate thermal stress, disproportionately affecting communities with
limited tree cover. While satellite-derived land surface temperature (T's) is widely used to assess urban
heat, it often overestimates conditions compared to air temperature (Ta)—the metric more relevant to
human thermal comfort. Despite this discrepancy, relatively few studies have leveraged Ta to quantify
the cooling effect of tree canopy in heat-prone areas. Using a citywide network of high-accuracy air
temperature sensors and high-resolution satellite data during a heatwave, we first show that surface
UHI (SUHI) overestimates urban heat by a factor of two, with SUHI averaging 8.9 °C + 1.2 vs

4.6 °C = 1.1 for canopy UHI. We find that tree canopy cover is the dominant cooling factor, explaining
67 % of the spatial variation in Ta. Notably, a 10% increase in tree canopy reduces air temperature by
0.8 °C, while a 30% increase lowers it by as much as 1.5 °C. These findings underscore the essential
role of urban greening in mitigating extreme heat, reinforcing the need for targeted tree-planting
strategies in vulnerable neighborhoods. By bridging remote sensing with in-situ temperature
observations, our study highlights the urgency of integrating air temperature—based UHI assessments
into urban planning and climate adaptation policies. Expanding tree canopy coverage is a scalable,

nature-based solution for enhancing urban resilience, and this work directly quantifies its impacts.

Urbanization has transformed local climates, primarily through alterations
in land cover and increased anthropogenic heat emissions, which intensify
the urban heat island (UHI) effect'”. The UHI effect refers to the phe-
nomenon where urban areas experience higher temperatures than sur-
rounding rural areas due to human activities and modified landscapes. Over
the past century, the global urban population has surged—from approxi-
mately one-third in 1950 to over half by 2008—with projections indicating
that two-thirds of the world’s population will reside in urban areas by
2050™*, This rapid urban expansion has amplified the UHI effect, elevating
urban temperatures and influencing the health and well-being of
residents™”. The situation is further aggravated by climate change®’, which
intensifies the UHI effect and increases the vulnerability of cities to heat
stress'*"'. Excessive urban heat exacerbates indoor and outdoor thermal
discomfort and increases mortality risks, particularly during extreme tem-
perature events'”°. High temperatures not only raise the incidence and
mortality of urban diseases—with mortality rates rising by 2% for each 1 °C
increase in air temperature above 28 °C'”"*—but also drive a surge in elec-
tricity demand for cooling, with air conditioning and refrigeration

accounting for a 5-15% increase in energy consumption during heat
events'”™'. These conditions place additional stress on urban infrastructure
and energy systems, particularly during peak demand periods™. With global
temperatures rising at an unprecedented rate due to climate change,
understanding and mitigating urban heat impacts has become increasingly
urgent™.

Urbanization has also led to the decline of green spaces, such as
trees, and blue spaces, including lakes, rivers, and ponds, which are
essential for mitigating urban heat. Green spaces cool urban areas
through shading and evapotranspiration, while blue spaces can provide
daytime cooling via evaporation and heat buffering. However, due to
their high thermal inertia and heat capacity, water bodies may retain
heat and contribute to localized warming during the night*~*. The
integration of green and blue spaces has the potential to enhance urban
aerodynamics, increase evapotranspiration, and improve the vertical
transport of heat, air, and pollutants, offering a strategy for UHI
mitigation”. This has prompted growing interest in nature-based
solutions, with both urban greening and the restoration or
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incorporation of blue spaces gaining attention as effective strategies to
alleviate urban heat'**"".

The cooling efficiency of green spaces, particularly trees, is influenced
by climatic conditions, soil moisture, seasonal variations, and their inter-
actions with other urban features'®***>*. Trees exhibit significant cooling
effects during warm periods, with greater temperature reductions in sum-
mer than in winter’”™’. However, under conditions such as heatwaves or
limited soil moisture, their cooling potential may diminish due to reduced
transpiration rates’”*. Importantly, the cooling efficiency of tree canopies is
also scale-dependent, varying with spatial context and their interactions
with other factors, such as the type and extent of impervious surfaces™.
These interactions can either enhance or suppress the cooling effect of trees,
complicating efforts to disentangle their contribution to UHI from other
impactful variables. While the benefits of trees have been extensively studied
during peak summer heat, the interplay between tree canopy, climate, soil
moisture, and urban morphology across diverse climatic contexts remains
less understood.

Similarly, blue spaces, such as lakes and ponds, mitigate daytime UHI
by leveraging their high heat capacity and evaporative cooling
properties”™*'. Water bodies create a localized urban cool island effect by
reducing air and surface temperatures through their high heat capacity,
which allows them to warm more slowly than surrounding materials, and
through evaporation and convection processes’ . Studies have shown that
these features can reduce urban temperatures by up to 6 °C, providing
immediate thermal relief*>**~*, However, due to their high thermal
inertia, large water bodies may retain heat and potentially contribute to
localized nighttime warming, particularly in warmer climates or areas with
limited nighttime ventilation’”**"". Enhancing the integration of green and
blue spaces in urban areas offers a promising avenue for achieving sus-
tainable cooling strategies. Yet, much of the research on blue spaces has
focused on isolated features, leaving their collective impacts
underexplored®.

Most studies assessing the cooling effect of water bodies and trees have
relied on land surface temperature (T's) from remote sensing due to its high
spatial resolution and widespread availability'”"****~*'. However, Ts pri-
marily reflects surface heat island effect (SUHI) and may not accurately
capture canopy UHI (CUHI) measured by ambient air temperature (Ta),
which is more relevant to human thermal comfort’******. Ta, measured by
in-situ sensors, provides a direct reflection of human-perceived tempera-
tures, but its spatial coverage is often limited due to the high cost of sensor
networks™*". In recent years, crowdsourced temperatures have emerged as
an alternative, but issues related to sensor placement, solar exposure, and
data inconsistencies undermine their reliability”>**".

To address these challenges, this study combines high-quality T'a data
from a city-managed sensor network with satellite-derived T's observations,
focusing on T's-Ta relationship and bridging the gap between surface and
ambient urban heat assessments™. This relationship, however, is complex,
influenced by the distinct radiative and conductive properties of surfaces
and air, which respond differently to solar heating and heat storage******.
Unlike studies that rely on crowdsourced or opportunistic air temperature
measurements, which may suffer from inconsistent sensor placement and
calibration’*, our approach utilizes a dedicated sensor network designed
for high accuracy and reliability”. These well-maintained sensors ensure
standardized data collection, reducing uncertainties and improving the
robustness of urban temperature assessments. By spatiotemporally
matching satellite-derived T's with ground-based air temperature (Ta)
observations at sensor locations, we develop a machine learning model that
estimates the anomaly between Ta and T (i.e., Ts-T4a) across urban areas.
The model uses various urban and climatic predictors to quantify Ts-Ta
relationship, enabling a more nuanced understanding of UHI dynamics.

We apply this approach to Calgary, Alberta—a mid-sized Canadian
city with strong seasonal temperature contrasts, rich spatial data, and a
dense ground-based sensor network. Calgary also offers a timely case for
urban heat research, having experienced several extreme heat events in
recent years, including a record-setting heatwave in 2021. These

characteristics make Calgary well-suited to explore intra-urban temperature
variability and evaluate the effectiveness of urban greening as a mitigation
strategy. Moreover, the findings from this study are broadly applicable to
other mid-latitude cities experiencing similar climatic and development
pressures.

The approach is a dual-model framework that consists of two com-
ponents: the vertical thermal gradient (V-TG) model and the horizontal
urban heat island (H-UHI) model. First, the V-TG model uses machine
learning techniques, specifically XGBoost, to estimate the relationship
between surface temperature (Ts) and ambient air temperature (Ta),
incorporating key urban and climatic features. This model generates high-
resolution temperature anomaly estimates that reveal the spatial patterns of
UHI across the city. Building on these estimates, the H-UHI model explains
spatial drivers of UHI intensity by integrating factors such as building
density (BD), tree canopy ratio, and climatic influences. The study leverages
a comprehensive dataset from a city-installed sensor network, integrating
lidar-measured tree canopy data with satellite observations. This approach
enables a deeper understanding of the cooling contributions of tree cano-
pies, which are influenced by their interactions with urban morphology,
climatic conditions, and impervious surfaces. In contrast to previous studies
that focus on either T's—T'a comparisons or coarse-scale UHI modeling, this
study introduces a two-stage machine learning framework that combines
detailed observational data with scenario-based analysis of greening inter-
ventions. By disentangling the effects of these factors, the study presents a
way to assess the compound impact of green spaces in mitigating UHI. This
framework highlights the distinct and synergistic roles of tree canopy cover
in reducing urban temperatures and informs spatially optimized urban
design strategies to enhance resilience to climate change and improve
thermal comfort in cities globally.

Results

The V-TG model was trained using sensor-derived air temperature (Ta)
measurements from 21 ground-based sensors deployed across central
Calgary (see Supplementary Fig. 1). These sensors captured minute-scale
temperature variations from 2021 to 2024, ensuring a comprehensive
representation of urban heat dynamics. Additionally, Landsat 8 and 9
satellite-derived surface temperature (T's) data were used to model the
relationship between air and surface temperatures. For a detailed explana-
tion of the data sources, preprocessing steps, and modeling approach, please
refer to the “Methods” section. The model incorporates a set of relevant
urban and climatic features used for training, including tree canopy ratio
(TC), BD, building height (BH), floor area ratio (FAR), sky view factor
(SVF), shadow height (SH), impervious/pervious surface ratios (SR), rela-
tive humidity (H), wind speed (WS), and WD—see Supplementary Table 1.
To assess the influence of spatial scale, we extracted these features within
circular buffers of varying radii (50 m, 70 m, 100 m, 150 m, and 200 m)
around each sensor and trained the model across different buffer distances.
These features help quantify the complex interactions between urban
morphology, vegetation, and climate by capturing their effects on shading,
evapotranspiration, heat retention, and airflow—key processes that drive
temperature anomalies.

To assess the model’s reliability and predictive capability, we first
evaluate its performance in estimating anomalies between Ta and T, as
shown in Fig. 1. The figure presents the mean root mean square error
(RMSE), coefficient of determination (R?) values, and mean absolute
error MAE across different buffer distances (50 m, 70 m, 100 m, 150 m,
and 200 m) surrounding 21 monitoring stations in the center of the city.
The model’s performance varies with buffer distance, demonstrating
the strongest predictive accuracy at a radius of 50 m. At this scale, the
model achieves the lowest mean RMSE of 1.78 °C and a high R® value of
0.86, indicating strong agreement between predicted and observed
temperature anomalies. The MAE at this radius is also minimal at
1.30 °C, reflecting the model’s best accuracy at a radius of 50 m. Addi-
tionally, the mean error (ME) is 0.01 °C, and the standard deviation of
errors is lowest at the 50-m radius, indicating reduced uncertainty in
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Fig. 1 | Performance metrics and key feature contributions of the V-TG model in
predicting temperature anomalies. Performance metrics of the V-TG model in
predicting anomalies between sensor-derived air temperature (Ta) and Landsat
surface temperature (T's) across varying buffer distances. a-c Display the mean
RMSE, R? and MAE, respectively, for buffer radii of 50 m, 70 m, 100 m, 150 m,
and 200 m. Error bars indicate the standard deviation of the metrics derived from
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five cross-validation runs. Additionally, d presents feature contributions at dif-
ferent radii, with only features contributing more than 1% on average to the
model predictions being displayed. WS, tree canopy ratio (TC), and relative
humidity (H) are identified as the most influential factors. The improved model
accuracy at a 50-m radius is emphasized, which exhibited the lowest RMSE and
highest R values.

model performance across the five cross-validation runs. Although the
RMSE values may appear high in absolute terms, they are reasonable
relative to the wide range of T's-Ta anomalies observed across the study
area (Supplementary Fig. 2).

To better understand the factors influencing temperature anomalies,
we analyzed the contributions of individual features using SHAP values.
SHAP is an approach that assigns each feature an importance value for a
particular prediction, helping to interpret complex machine learning
models by quantifying how much each feature contributes to the model’s
output. Among the key contributors, WS accounted for the largest share of
variance at 54.84%, followed by tree canopy ratio (TC) at 26.7% and relative
humidity (H) at 10.59% at the 50-m radius. While the effect of WS remains
relatively stable across increasing buffer distances, the influence of TC

declines significantly, dropping from 26.7% at 50 m to less than 8% beyond
100 m. This suggests that the impact of tree canopy is more localized,
whereas broader-scale influences such as WS remain more consistent. Other
urban features, including FAR, BD, SVF, and SH, also contribute to tem-
perature anomalies, underscoring the multifaceted nature of urban heat
dynamics.

We then estimated T for 36,123 spatially distributed 50 x 50 m grids
covering the central region of the city using the V-TG model. The perfor-
mance of the H-UHI model is evaluated in explaining urban heat intensity
across the city. This model quantifies temperature differences between the
estimated air temperature (Ta) at each grid point and a reference station
located outside the urban core, allowing for a spatially explicit assessment of
canopy urban heat island (CUHI) effects. The performance of the H-UHI
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regulating urban temperatures. To quantify its potential impact under
extreme heat conditions, we conducted a hotspot analysis and scenario-
based assessment using estimated air temperatures for a representative day
during the July 2023 heatwave, when portions of the city exceeded the
official heatwave threshold of 29 °C as defined for Calgary by Environment
and Climate Change Canada (ECCC)”. Increasing canopy cover can
mitigate rising temperatures in urban hotspots. On this day, hotspots—
defined as areas where Ta exceeded 29 °C—were identified across 13,306
urban grids. To explore the potential cooling effect of enhanced tree cover,
we simulated three scenarios with incremental increases of 10%, 20%, and
30% in canopy coverage across these hotspots. These hotspots were spatially
distributed throughout the city. In each scenario, the existing tree canopy
area for these grids was increased by the specified percentage, and the
resulting changes in T'a were estimated using the calibrated H-UHI model.

The results indicate a progressive reduction in hotspot temperatures
(Fig. 3). Under Scenario 1 (S1: 10% increase), 11.6% of hotspot grids
dropped below 29 °C, which increased to 18.0% in Scenario 2 (S2: 20%
increase) and further to 31.6% in Scenario 3 (S3: 30% increase). Corre-
spondingly, the mean Ta values decreased from the current 31 °C + 1.01 to
30°C +0.89 under S1, 29.6 °C + 0.97 under S2, and 29.2 °C + 1.0 under S3.
While we did not explicitly quantify the functional form of this relationship,
these results suggest that the cooling effect of increasing tree canopy cov-
erage is not strictly linear, as equal percentage increases in canopy area do
not yield equal temperature reductions. Importantly, the effectiveness of tree
canopy is also influenced by additional factors, such as impervious surface
types and built-up density (FAR), which affect the extent of temperature
reduction and contribute to the observed effect.

Building on this analysis, we extended our investigation to assess tree
canopy distribution and urban heat exposure across the entire City of Cal-
gary. Specifically, we examined the relationships between median household
income, surface temperature (T's), and tree canopy coverage across 290
neighborhoods. This broader perspective, illustrated in Fig. 4, reveals sig-
nificant disparities in heat exposure and tree equity. In particular, econom-
ically vulnerable neighborhoods in the eastern part of the city experience
disproportionately higher temperatures during heatwaves, largely due to

Temperature (°C)

Fig. 3 | Impact of enhanced tree canopy coverage on air temperature distribution
in urban hotspots. Distribution of air temperature Ta across urban hotspots in the
city’s central area under current conditions and three scenarios of increased tree canopy
coverage (10%, 20%, and 30%). The distribution illustrates the variation in Ta, with
dashed lines representing the mean temperatures for each scenario. The results indicate
a progressive reduction in temperature with increased tree canopy coverage.

lower tree canopy coverage. Further analysis demonstrates a clear association
between lower median household incomes and increased air temperatures
during heatwaves (Spearman correlation = —0.56; see Supplementary Fig. 3).

Statistical analysis further supports this observation, revealing a sig-
nificant negative correlation (Spearman correlation = —0.49) between tree
canopy coverage and T's (see Supplementary Fig. 4). Areas with lower tree
canopy coverage consistently endure higher temperatures, reinforcing the
role of vegetation in moderating urban heat exposure.

To further quantify urban heat intensity, we estimated Ta across all
330,073 grids citywide and compared the estimated temperature differences
with a reference station outside the city core, which recorded 26.6 °C around
12:30 PM on a day during the July 2023 heatwave. The results, shown in
Fig. 5a, highlight a significant discrepancy between satellite-based and
sensor-based UHI estimations. The satellite-derived surface urban heat
island (SUHI), measured by Ts differences (mean: 8.9 °C +1.2), over-
estimates urban heat intensity by nearly twofold compared to sensor-
derived CUHI, measured by Ta differences (mean: 4.6 °C + 1.1).

To explore potential mitigation strategies, we simulated the impact of
increased tree canopy coverage (10%, 20%, and 30%) across the city’s 36,582
hotspot grids. The results (Fig. 5b) demonstrate a progressive reduction in
average hotspot temperatures, with decreases of 0.8 °C, 1.1 °C, and 1.5 °C,
respectively.

Discussion
The use of sensor-based data in this study offers significant advantages over
crowdsourced or satellite-derived LST data, providing a reliable estimate of
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Fig. 4 | Spatial inequities in income, surface temperature, and tree canopy cov-
erage across neighborhoods. Spatial distribution of aggregated variables across 290
neighborhoods in the study area: a median household income (in thousands of CAD),
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Fig. 5 | Probability distributions and the impact of tree canopy scenarios on
urban heat mitigation. a Probability distribution of satellite-measured surface
temperatures (T's, in orange) and sensor-derived air temperatures (T4a, in gray)
across all analyzed grids. The average SUHI intensity, measured by T's (mean:

8.9 °C £ 1.2), is approximately twice as high as the average CUHI intensity, mea-
sured by Ta (mean: 4.6 °C + 1.1), when compared to a reference station outside the

Temperature (°C)

city (T'=26.6 °C during the 2023 heatwave). b Probability distributions of Ta and
simulated hotspot temperatures under three tree canopy enhancement scenarios
(S1: 10%, S2: 20%, and S3: 30% increase). Progressive increases in tree canopy
coverage lead to consistent reductions in average hotspot temperatures (S1: —0.8 °C,
§2: —1.1°C, S3: —1.5 °C), showcasing the significant cooling potential of urban
greening strategies.

localized UHI dynamics. Crowdsourced data, while valuable™”, often
suffers from biases and inconsistencies™, whereas sensors deliver uniform
and reliable measurements”. These methodological improvements allow
for a more accurate assessment of urban features and mitigation strategies,
addressing the limitations of satellite-derived LST. This underscores the
value of sensor networks in urban climate research.

Our analysis of the Ts-Ta relationship revealed that factors such as
WS, tree canopy ratio, and relative humidity exerted the most significant
influence on temperature anomalies, collectively explaining around 90% of
the variance within a 50-m radius. WS emerged as the dominant factor,
accounting for 54.84% of the contributions, due to its ability to disperse heat

and reduce localized warming®**. Tree canopy ratio, contributing 26.7%,
mitigates surface heating through shading and evapotranspiration, while
relative humidity, with a 10.59% contribution, modulates the thermal gra-
dient by affecting evaporative cooling processes. This is especially crucial, as
more recent assessments have emphasized the complex and climate-
dependent interplay between tree canopy, relative humidity, and urban
airflow dynamics in shaping air temperature variations®*. By explicitly
considering these interactions, our analysis provides a more comprehensive
understanding of the cooling impact of tree canopy on air temperature,
demonstrating how its effects are modulated by atmospheric conditions
such as WS and relative humidity. This nuanced perspective highlights the
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importance of integrating multiple environmental factors rather than
analyzing tree canopy effects alone.

While these key variables played a dominant role in shaping tem-
perature anomalies, other factors such as SVF and SH had a more limited
influence on the T's-Ta relationship. This is primarily because the Landsat-
derived surface temperature measurements were captured around noon,
when solar zenith angles are high and shadows are minimal®. As a result, the
effects of urban morphology on shading and radiative cooling, which tend to
be more pronounced during morning or late afternoon, were not fully
captured. This finding contrasts with studies from regions like Hong Kong,
where dense urban canyons and prolonged shadow durations influence
thermal dynamics throughout the day”~”". These results highlight the cri-
tical role of measurement timing in interpreting the interplay between urban
structure and thermal gradients, emphasizing the need to incorporate
diurnal variations and temporal dynamics in future UHI assessments. In
particular, our framework does not capture nighttime UHI intensity—often
more pronounced in dense urban areas due to delayed heat release—
because Landsat provides only daytime observations. While other satellite
products can offer nighttime surface temperature data, they typically
operate at much coarser spatial resolutions, making them less suitable for
high-resolution urban analyses.

SUHI, derived from land surface temperature (Ts), has been exten-
sively used in the literature to study UHI effects due to its wide spatial
coverage and ease of access through satellite imagery”>”>. However, our
findings suggest that T's tends to overestimate UHI intensity relative to air
temperature Ta-based measurements. Specifically, we found that city-scale
UHI intensity was overestimated by a factor of two when T's was used
instead of Ta. This discrepancy arises from the distinct physical processes
governing T's and Ta. Surface temperature responds rapidly to incoming
solar radiation and is influenced by material-specific properties such as
albedo, emissivity, and moisture content. In contrast, air temperature is
shaped not only by radiative exchange but also by convective and advective
processes, as well as anthropogenic heat emissions and thermal inertia of the
built environment®. As a result, surface heating tends to be more intense
and localized compared to the more buffered response of ambient air.
Importantly, this comparison was made using matched daytime observa-
tions collected around 12:30 PM local time, coinciding with the Landsat
overpass, to ensure temporal consistency between SUHI and CUHI esti-
mates. While SUHI and CUHI can differ in both sign and magnitude
depending on time of day”’, our focus on daytime conditions aligns with
prior studies™ which also demonstrated SUHI overestimation using satellite
data. This reinforces the importance of integrating both surface and
atmospheric thermal metrics to produce more accurate and human-
relevant assessments of urban heat exposure.

Focusing on the H-UHI model and the relative contributions of
features, our analysis effectively disentangles the effects of tree canopy
and water bodies on UHI mitigation by leveraging sensor data and
controlling for confounding factors such as urban morphology, land
cover, and climatic variables. By isolating these effects, we found that
tree canopy exerts a stronger cooling influence on UHI than other
factors, explaining 57% of variations in Ta. It aligns with previous
research, emphasizing the critical role of trees/green spaces in reducing
urban heat through evapotranspiration and shading'”***>**’*, Built-up
areas (FAR) also emerged as a driver of UHI intensity, accounting for
11.6% of spatial variations in T'a, reflecting the influence of BD and heat
retention, which confirms previous studies™*”°. Additionally, our
results  highlight the scale-dependent nature of feature
contributions’***”’, where localized effects, such as tree canopy cooling,
are most pronounced at smaller buffer radii (e.g., 50 m) but diminish
significantly atlarger scales. Specifically, the contribution of tree canopy
drops from 26.7% at 50 m to less than 8% beyond 100 m, whereas WS
remains a dominant factor across scales. This underscores the impor-
tance of considering spatial scale when designing UHI mitigation
strategies, as certain factors may be more influential at localized vs
broader spatial extents®’*,

The importance of tree canopy coverage is particularly pronounced for
vulnerable, low-income communities that disproportionately experience
higher UHI intensities due to limited green space”. While much research
has focused on variations in UHI intensity across different cities, the dis-
proportionate variation within a single city often goes overlooked”. These
intra-city differences can significantly affect demographic groups, as certain
areas may experience much higher UHI intensities than others. Our find-
ings demonstrate that areas with lower tree canopy consistently experienced
higher temperatures, emphasizing the urgent need for greening interven-
tions in underserved neighborhoods**"".

The strong impact of tree canopy underscores its role in mitigating
UHI effects, with cooling benefits potentially reaching up to 8.2 °C in the
best-case scenario for a 30% increase in tree canopy coverage within hotspot
areas. On average, a 30% increase in tree canopy coverage results in a
temperature reduction of 1.5 °C. Our findings are consistent with previous
research, which demonstrated significant temperature reductions due to
tree canopy effects'>**>**””, We showed that spatially optimized increases in
tree canopy (a 10% increase in identified hotspots) can reduce the average
temperature by 0.8 °C.

Such initiatives not only reduce heat exposure but also alleviate health
disparities and enhance thermal comfort for low-income populations
during extreme heat events. By prioritizing targeted greening interventions
in underserved neighborhoods, cities can address heat disparities, improve
public health outcomes during extreme heat events, and foster equitable
urban environments. However, during acute heatwave events, greening
efforts must be complemented by city-wide heat action plans. These can
include establishing public cooling centers, issuing early heat warnings, and
increasing community outreach to protect vulnerable populations. In
addition, strategies that enhance natural ventilation—such as maintaining
open spaces, preserving wind corridors, and reducing building-induced
airflow blockages—can help amplify the cooling effect of greening and
improve thermal comfort in the short term.

This study highlights the critical role of sensor-derived air temperature
(Ta) data in accurately assessing UHI effects, emphasizing the importance
of localized and reliable measurements over satellite-derived surface tem-
peratures (T's). The V-TG model demonstrated high accuracy in predicting
Ta anomalies, with the 50-m buffer radius yielding optimal performance
metrics (RMSE=1.78°C, R*>=0.86). Although the RMSE may appear
relatively large at first, it is moderate when contextualized against the wide
range of observed T's-Ta anomalies across the study area (—5 °C to +16 °C,
with a median of 3.64 °C). While this performance is robust relative to the
wide range of observed T's-Ta anomalies, residual model errors may still
propagate into the model estimates and should be considered when inter-
preting UHI magnitudes. Nevertheless, because the model is unbiased on
average (ME = 0.01 °C), spatially aggregated UHI estimates—such as the
average Ta difference across thousands of urban grids—remain reliable. The
results further reveal that WS, tree canopy ratio, and relative humidity are
the most influential factors, collectively accounting for approximately 90%
of the variance in Ts-Ta anomalies. These findings underline the sig-
nificance of fine-scale spatial features in shaping urban temperature
dynamics.

The H-UHI model provided robust insights into UHI patterns across
the city, further showcasing the critical cooling role of tree canopy, which
explained 57% of Ta variations. Scenario-based analyses of increased
canopy coverage demonstrated the potential to mitigate extreme urban heat,
particularly in hotspots. A 30% increase in tree canopy coverage reduced
mean hotspot temperatures by 1.5°C and significantly decreased the
number of grids exceeding 29 °C. The results highlight the nonlinear cooling
effect of tree canopy enhancements and the substantial benefits of urban
greening initiatives.

Balanced urban planning is essential to integrate compact urbanization
with adequate green spaces, creating room for tree growth in dense areas
without exacerbating urban sprawl®”*. Expanding tree canopy coverage is
not only a critical strategy for mitigating urban heat but also an opportunity
to address disparities in heat exposure and promote social equity. Enhancing
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Fig. 6 | Schematic representation of the methodology used to model the tem-
perature anomaly (Ts-Ta). The framework integrates climatic variables (e.g., WS,
WD, and relative humidity), urban morphology (e.g., BD, BH, FAR, and SVE),
and land cover characteristics (e.g., tree canopy ratio and impervious surface
ratio) to estimate surface and ambient air temperature differences. The V-TG

H-UHI 7.,
_2iTa
n
Reference
station

A

model first establishes the Ts—Ta relationship, which is then applied in the
H-UHI model to assess the spatial distribution of the UHI effect. This schematic
highlights the key components influencing urban temperature variations. All
elements of this schematic were created by the first author using open-source
QGIS tools.

tree equity, particularly in lower-income neighborhoods, will strengthen
urban resilience to climate change and foster more livable cities, especially
during heatwave events.

Our analysis revealed pronounced disparities in heat exposure and tree
equity, with lower-income neighborhoods experiencing higher tempera-
tures and reduced vegetation coverage. This spatial inequity, coupled with
the overestimation of UHI intensity by T's compared to T, highlights the
need for targeted interventions to address both environmental and social
inequalities. Incorporating Ta-based measurements provides a more
accurate depiction of urban heat intensity, essential for developing equitable
climate adaptation strategies.

In conclusion, increasing tree canopy coverage offers a natural and
effective solution for mitigating urban heat, enhancing social equity, and
improving urban resilience to climate change. Future urban planning efforts
must prioritize greening initiatives, particularly in vulnerable neighbor-
hoods, to reduce heat exposure disparities and foster sustainable, climate-
adaptive cities. Integrating sensor-based data with traditional satellite
observations will further refine our understanding of UHI dynamics and
guide the development of actionable policies for urban climate adaptation.

Methods

This study employs two models, the V-TG model and the H-UHI model, to
estimate temperature anomalies (T's-Ta) and assess the UHI effect in Cal-
gary. These models integrate various urban and climatic features to better
understand the spatial and temporal patterns of UHI across the city, which
are detailed below. These models integrate various urban and climatic fea-
tures to better understand the spatial and temporal patterns of UHI across
the city, which are detailed below. Figure 6 provides a schematic overview of
the methodology.

Extreme gradient boosting (XGBoost) model

Both the V-TG model and the H-UHI model employed XGBoost, a robust
machine learning algorithm renowned for its predictive performance and
flexibility. XGBoost has gained widespread recognition for its ability to solve
both regression and classification problems effectively™ . XGBoost is a part
of the boosting-based techniques family and operates by iteratively

improving the prediction accuracy of gradient-boosted decision trees

(GBDT). It achieves this by sequentially adding residuals from previous
iterations to the tree model, progressively refining predictions while
addressing common challenges such as overfitting and computational
inefficiency®. The xgboost package® in Python, was employed for the model
implementation in this study.

Since the accuracy of machine learning models is highly dependent on
their hyperparameter configuration™”, optimizing these parameters was a
key step in developing both the V-TG and H-UHI models. Proper hyper-
parameter tuning ensures that the model effectively captures underlying
patterns in the data while avoiding issues such as overfitting or underfitting.
By refining these parameters, the models achieve a balance between com-
plexity and generalization, ultimately leading to more accurate and reliable
predictions.

V-TG model

The V-TG model is used to estimate the relationship between ambient air
temperature (Ta) and surface temperature (T's), focusing on the difference
between sensor-derived Ta and Landsat-derived T's. T's serves as the spatial
reference baseline (not a predictor variable), and the model is trained to
estimate the difference between sensor-derived Ta and corresponding
Landsat-derived T's. To enable this, we matched each T's from cloud-free
Landsat 8 or 9 scenes (between 2021 and 2024) to the nearest-in-time Ta
measurement from the 21 ground-based sensors. All satellite scenes were
acquired around 12:30 PM local time (+15 min), corresponding to the
Landsat overpass time over Calgary, ensuring temporal alignment between
Ts and Ta. The high temporal resolution of the Ta sensors (minute-scale)
allowed for precise temporal alignment with the Landsat overpass times.
Once trained, the model estimates the anomaly (Ta-T's), which is then
added to the T's to estimate air temperature. As the model is trained on
daytime Ta-Ts anomalies derived from Landsat overpass, it is limited to
simulating daytime temperature dynamics and does not account for
nighttime UHI effects.

The model integrates various urban and climatic features that influence
the temperature anomaly, including urban structure variables (such as BD,
BH, and FAR), tree canopy ratio, impervious/pervious surface types, and
climatic factors (such as WS, WD, and relative humidity), as illustrated in
Fig. 6. These include urban structure variables (such as BD, BH, and FAR),
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tree canopy ratio, impervious/pervious surface types, and climatic factors
(such as WS, WD, and relative humidity). They are explained in the “Data”
section in detail.

To optimize the performance of the V-TG model, a hyperparameter
tuning process was conducted using a Random Search approach via
RandomizedSearchCV”. The tuning process focused on key parameters,
including the number of boosting iterations (50-500), the learning rate
(0.01-0.2), and the maximum depth of decision trees (3-8), ensuring an
optimal balance between model complexity and predictive accuracy. The
best-performing V-TG model was configured with 300 boosting iterations, a
learning rate of 0.01, and a maximum tree depth of 4. Randomi-
zedSearchCV was selected for its computational efficiency and ability to
explore a wide range of hyperparameter combinations without requiring an
exhaustive search, making it especially suitable for complex models like
XGBoost. The parameter ranges were selected to allow the model to flexibly
capture complex patterns while minimizing the risk of overfitting. In
addition to selecting the best model configuration based on cross-validated
performance, we used the squared error loss function as the training cri-
terion in XGBoost models, as this loss function penalizes large prediction
errors more heavily, aligning with the study’s goal of minimizing deviations
in temperature estimation.

To evaluate the generalization capability of the V-TG model, we
employed a five-fold cross-validation approach. The dataset was randomly
divided into five equally sized folds. In each iteration, the model was trained
on four folds (80% of the data) and validated on the remaining fold (20%).
This process was repeated five times so that each fold served once as a
validation set. The performance metrics (RMSE, R?>, MAE, and ME)
reported in the “Results” section represent the mean values across all five
iterations.

H-UHI model

Following the estimation of the T's-Ta relationship in the V-TG model, the
H-UHI model is used to evaluate the UHI effect across the city. The H-UHI
model utilizes Ta data, estimated through the V-TG model trained with
sensor network data. These predictions are applied at different spatial scales,
offering a detailed and spatially explicit assessment of UHI intensity across
urban areas. Importantly, the H-UHI model functions as an explanatory
model that identifies the drivers of spatial differences between air tem-
perature at urban grids and a reference suburban location outside the urban
core. The H-UHI model integrates similar urban features, including BD, tree
canopy ratio, SVF, and impervious/pervious SR to quantify urban tem-
perature variations and evaluate the UHI effect, as summarized in Fig. 6.

To quantify UHI intensity, we calculated the temperature difference
between each grid-level Ta estimate and a suburban reference station. The
reference station was selected from the three CRAZ (Calgary region airshed
zone) weather stations that record temperature data at a minute scale.
Among them, we selected the Inglewood station, located farthest from the
built-up downtown core, with low impervious surface coverage and high
tree canopy. This location consistently lies outside the core UHI zone,
making it a suitable baseline for comparative UHI assessment.

While the temperature differences between the grid Ta estimates and a
suburban reference station provide a direct measure of UHI intensity, the
H-UHI model is not used to re-estimate this value. Instead, it explains the
spatial variability in UHI intensity by modeling how urban morphological
and environmental features influence the estimated temperature differ-
ences. This explanatory modeling allows us to identify the key factors—such
as tree canopy ratio, urban morphology, and impervious surfaces—that
shape localized heat exposure across the city. In this way, the H-UHI model
complements the V-TG model by revealing the primary drivers of intra-
urban heat variation.

The same hyperparameter tuning approach as in the V-TG model was
used to determine the optimal configuration for the H-UHI model. The
parameter search explored the same ranges, with the number of boosting
iterations set between 50 and 500, the learning rate between 0.01 and 0.2, and
the maximum tree depth between 3 and 8. The best-performing H-UHI

model was obtained with 300 boosting iterations, a learning rate of 0.03, and
a maximum tree depth of 5, ensuring reliable spatial predictions of urban air
temperature variations. Like the V-TG model, the H-UHI model was
trained using the squared error loss function.

The H-UHI model was also validated using a five-fold cross-validation
procedure identical to that used for the V-TG model. This allowed us to
assess how well the model captures spatial variation in urban air tempera-
ture differences relative to a reference station while avoiding overfitting.
Each fold used 80% of the data for training and 20% for testing, with average
metrics reported across folds to ensure reliability and generalization to
unseen grids.

Shapley additive explanations (SHAP)

To increase the interpretability of the XGBoost models, SHAP was applied.
We used the TreeExplainer implementation of SHAP, which is specifically
designed for tree-based ensemble models such as XGBoost and allows for
efficient, consistent calculation of feature attributions. SHAP is a widely used
method in explainable artificial intelligence (XAI) that allocates SHAP
values to independent variables. This helps in understanding the con-
tribution of each feature to the model’s predictions by evaluating their
marginal effects””*. By calculating the difference in model predictions when
a feature is included vs when it is excluded, SHAP values offer valuable
insights into the role of each urban and climatic feature in shaping the
predicted temperature anomalies and UHI effect.

The SHAP value ¢, for each feature i in n features is:

ISI'(IF| = IS| = D!
o= (Tu) [fsUm (st{i}) —fs(xs)] 1)

SeF{i)
where F is the set of all combinable features in S, and the difference between
the contributions when feature i is employed and when it is not is calculated

besU(i) (st[i]) —fs (xs)

Both the V-TG and H-UHI models integrate a range of urban and
climatic features, such as BD, BH, FAR, SVF, and tree canopy ratio. These
features, along with climate variables like relative humidity, WS, and WD,
contribute to a comprehensive understanding of the spatial distribution of
temperature anomalies and the UHI effect. The combination of these factors
allows for a detailed analysis of their gradient and marginal effects on the
LST-SDA temperature anomaly, thereby providing valuable insights for
urban adaptation and mitigation strategies in the face of climate change.

Data

Calgary, Alberta, serves as the focus of this study due to its rapid urban
growth, varied land cover, and strong policy interest in urban heat resilience.
With a population of over 1.6 million people, Calgary is the largest city in
Alberta and the fourth largest in Canada. Known for its vibrant economy,
high-quality public services, and rich cultural offerings, Calgary has ranked
among the world’s top 10 most livable cities for 11 consecutive years,
according to the Economist Intelligence Unit. However, the city also faces
challenges associated with the UHI effect, which is intensified by its con-
tinental climate, marked by warm summers and cold winters. Urban areas in
Calgary often experience higher temperatures than surrounding rural
regions, especially during summer heat events. This disparity is not uni-
formly distributed across the city. Factors such as land use, urban mor-
phology, and access to green spaces contribute to spatial variations in heat
exposure, leaving some neighborhoods more vulnerable to the adverse
effects of extreme heat. These dynamics underscore the need for targeted
strategies to address intra-urban heat risks.

In this study, we use sensor-derived Air temperature (T'a) measure-
ments, collected using 21 ground-based sensors positioned in the central
part of Calgary. These sensors were installed to capture a representative
range of urban features influencing UHI, such as tree canopy density, built-
up area ratios, and water bodies, ensuring comprehensive spatial and
environmental coverage. They provide minute-scale temperature readings
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Fig. 7 | Sensor deployment for urban air tem-
perature monitoring in Calgary. Ground-based
sensors used to measure ambient air temperature
(Ta) across urban environments: a temperature
sensor mounted on a lamppost at Olympic Plaza,
positioned to capture urban heat variations while
minimizing solar radiation biases. b A Decent Lab
SHT35 ambient temperature sensor with a radiation
shield, used across multiple locations in the study to
ensure high-precision minute-scale temperature
readings. Photographs were provided by the City of
Calgary and prepared and formatted by the first
author.

from 2021 to 2024, with temporal coverage varying across stations due to
different installation dates. The sensor network was specifically designed to
ensure high measurement accuracy, with each device calibrated before
deployment to maintain data consistency. Additionally, the sensors provide
a continuous and detailed record of urban temperature variations, capturing
short-term fluctuations. Rigorous quality control measures were applied to
ensure data accuracy and consistency. To minimize biases from direct solar
exposure, sensors were placed in shaded locations where possible and
equipped with radiation shields to reduce the impact of direct and reflected
solar radiation on temperature readings. These careful design considera-
tions help mitigate biases, ensuring that the collected data accurately
represents ambient air temperature across different urban settings. To
ensure accurate alignment between surface and air temperature data, we
extracted the exact acquisition time of each Landsat scene from its metadata
and matched each surface temperature (T's) value with the closest ground-
based air temperature (T'a) reading within a +15-min window. All feature
extraction and preprocessing were carried out in R using sf”, terra™, and
dplyr”, while model training and interpretation were implemented in
Python using xgboost™, scikit-learn™, and shap'®. Observations with
missing or unmatched Ta values were excluded to maintain temporal
consistency and data quality.

Figure 7 exemplifies the location and type of sensors used in this study,
showing an installed ambient temperature sensor at Olympic Plaza (panel a)
and a Decent Lab SHT35 sensor with a radiation shield (panel b), which
ensures accurate air temperature measurements by limiting solar heating
effects.

To complement the ground-based air temperature data, Landsat 8
and 9 satellite-derived surface temperature (T's) data, accessed through
Google Earth Engine, were utilized. These Ts values were derived
directly from Landsat imagery captured around 12:30 PM local time
(+15 min), corresponding to the satellite overpass time in Calgary. LST
was computed using the single-channel method described by Jiménez-
Mufioz et al."”, based on Band 10 thermal data and Planck’s equation
with a fixed emissivity. This method is commonly used in urban
environments where atmospheric correction inputs are limited, pro-
viding robust estimates of surface skin temperature at 100 m native
resolution, corresponding to the spatial resolution of the Landsat

thermal band. In this study, we used the version of LST data that had
already been resampled to 30 m within Google Earth Engine, allowing
for consistency with other spatial layers and improved integration with
30 m land surface predictors. This approach enabled finer-scale repre-
sentation of urban temperature patterns across Calgary. The temporal
coverage of the satellite data matches that of the air temperature sensors,
spanning from 2021 to 2024. A total of 166 Landsat 8 and 9 scenes were
acquired between 2021 and 2024. To ensure high-quality observations,
we excluded pixels with more than 30% cloud cover using the cloud
mask. The exact acquisition time for each Landsat scene was extracted
from the satellite metadata to ensure precise temporal alignment.
Because Landsat captures imagery around 12:30 PM local time, the
resulting dataset reflects only daytime conditions. To balance between
the number of data points and the relationship between air temperature
(Ta) and surface temperature (T's) on warm days, a threshold of 15°C
was selected. This threshold ensures that the data accurately reflects
urban heat dynamics during clear, warm conditions, providing a better
alignment between Ta and T's during relevant periods. Accordingly, the
V-TG model was trained using only the subset of observations where Ta
exceeded 15 °C, ensuring strong performance under elevated tempera-
ture conditions most relevant to urban heat analysis.

In addition, the scenario-based hotspot and mitigation analysis was
conducted for a single day during the July 2023 heatwave, when much of the
city exceeded the 29 °C threshold used by ECCC® to define extreme heat
events in Calgary. Given the study’s goal of modeling air temperature (Ta)
across the city, obtaining Landsat-derived surface temperature (Ts) is
essential for running the model and improving the spatial representation of
UHI effects.

The tree canopy ratio (TC) was derived using Remote Sensing software,
utilizing the City of Calgary’s orthophotography and LIDAR datasets, which
are freely available from the City of Calgary Open Data Portal. These
datasets were processed using photogrammetric tools to accurately measure
tree canopy coverage. Unlike the commonly used normalized difference
vegetation index (NDVI), which provides a generalized measure of green
space, calculating the tree canopy ratio directly enables a more precise
assessment of the tree canopy’s impact on UHI effects. This approach offers
a significant advantage by focusing specifically on tree canopy coverage,
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which plays a critical role in shading and cooling urban environments,
thereby providing a clearer understanding of its contribution to mitigating
UHI dynamics.

BD is calculated by summing the base areas of all buildings
(A;;i € {1, ...,n})inthestudyarea and dividing by the total area (A) of the
study unit (BD = Y 1, %). This metric quantifies the concentration of
buildings, which affects heat retention due to reduced airflow and increased
impervious surfaces'”™'”. The 3D building shapes are derived from full-
surface LIDAR data, with roof surface outlines provided openly by the City
of Calgary open data.

BH is calculated as the average height of all buildings
(H;;ie{l, ...,n}) in the study area (BH = )\, H;) This factor reflects
the vertical structure of urban environments, with taller buildings con-
tributing to shading effects and influencing local temperature
gradients*™'”"'”. The BH data are based on 3D building shapes derived from
full-surface LiDAR data.

The FAR is computed by summing the base areas of each building (4;)
multiplied by the number of floors (H;) and dividing by the total area (A) of
the study area FAR = > | %. FAR indicates the level of urbanization
and contributes to heat retention in built-up areas'”"".

The SVF is calculated by averaging the vertical elevation angles (y;)
from a set of directions #, where a lower SVF indicates greater enclosure of
the wurban area and thus more solar radiation absorption

(SVF=1-— @)“9’“’“’7'“)9. We used the shadow package in R to

calculate this factor'"’.

SH represents the vertical extent of shadows cast by buildings in the
study area, calculated using the shadow package'"’ in R. It is determined by
the height of buildings and their spatial orientation relative to the sun’s
position at specific times of day. Higher SHs reduce solar exposure on
adjacent surfaces, thereby influencing localized temperature gradients and
potentially mitigating UHI effects. This variable captures the interplay
between urban geometry and solar radiation, which affects both thermal
comfort and energy balance in urban environments. Studies have high-
lighted its significant role in shaping microclimatic conditions and influ-
encing surface temperatures.

The ratios of impervious surfaces, such as concrete (SR-C), pave-
ment (SR-P), and gravel (SR-G) or mixed (SR-M), to pervious surfaces
like water (SR-W) were derived from the City of Calgary’s open data-
sets, specifically from Calgary Digital Aerial Survey mapping linework,
which identifies areas classified as impervious. These datasets provide a
detailed view of the city’s surface composition. The impervious surfaces
are typically associated with increased surface temperatures, con-
tributing to the UHI effect by retaining heat. In contrast, pervious
surfaces such as water and vegetation help reduce heat retention,
offering cooling benefits to urban environments.

Climate data, including WS, WD, and relative humidity (H), were
derived from the same sensor network used for collecting air temperature
(Ta) data across Calgary, with a minute temporal scale. These factors
influence both Ta and T's by modulating heat dispersion and retention in
the urban environment. By integrating these features, the V-TG model
estimates the temperature anomaly (T's-Ta) at different spatial scales (ie.,
buffer radius), providing high-resolution insights into temperature rela-
tionships across the city. The integration of climate data with urban mor-
phology and land cover characteristics in the modeling framework is
visually represented in Fig. 6, illustrating the combined role of these factors
in estimating urban temperature variations.

Data availability

The land surface temperature (LST) data used in this study were derived
from Landsat 8 and Landsat 9 thermal infrared imagery and are publicly
accessible through the Google Earth Engine platform at https://developers.
google.com/earth-engine/datasets/catalog/landsat.  Urban morphology
variables, including building height, building footprint area, floor area ratio
(FAR), and other geometry-related attributes, were estimated based on the

City of Calgary Open Data Portal and can be accessed at http://data.calgary.
ca/Base-Maps/Buildings/uc4c-6kbd/about_data. Surface type classifica-
tions, including impervious and pervious surfaces, were sourced from the
same portal and are available at http://data.calgary.ca/Environment/
Impervious-Surface-2021/rgsu-3v7u/about_data. The tree canopy dataset,
which was derived using high-resolution orthophotos and LiDAR scans
provided by the City of Calgary, is publicly available at http://data.calgary.
ca/Environment/Tree-Canopy-2022/mn2n-4z98/about_data.
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