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Urban heat island (UHI) phenomenon is crucial in the context of climate change. However, while substantial
attention has been given to studying UHIs within cities, our understanding at the regional level still needs to be
improved. This study delves into the intricate dynamics of the regional heat island (RHI) by examining its
relationship with land use/land cover (LULC), vegetation, and elevation. The objective is to enhance our
knowledge of RHI to inform effective mitigation strategies. The research employs a data-driven approach,
leveraging satellite data and spatial modeling, examining surface and canopy-layer regional heat islands, and
considering daytime and nighttime variations. To assess the impact of LULC, the study evaluates three main
categories: anthropized (urbanized), agricultural, and wooded/semi-natural environments. Furthermore, it
delves into the influence of vegetation on RHI and incorporates elevation data to understand its role in RHI
intensity. The findings reveal meaningful variations in heat islands across different LULCs, providing essential
insights. Although urbanized areas exhibit the highest RHI intensity, agricultural regions contribute notably to
RHI due to land use changes and reduced vegetation cover. This emphasizes the significant impact of human
activities. In contrast, wooded and semi-natural environments demonstrate potential for mitigating RHI, owing
to their dense vegetation and shading effects. Elevation, while generally associated with reduced heat island,
shows variations based on local conditions. Ultimately, this research underscores the complexity of the RHI
phenomenon and the importance of considering factors such as different temperatures and their daily variation,
landscape heterogeneity, and elevation. Additionally, the study emphasizes the significance of sustainable spatial
planning and land management. Targeted efforts to increase vegetation in high daytime land surface temperature
areas can reduce heat storage and mitigate RHI. Similarly, planning for agroforestry and green infrastructure in
agricultural areas can significantly increase resilience to climate.

1. Introduction

Cities play a pivotal role in addressing the challenges posed by
climate change, as they contribute to its causes and face its conse-
quences. Global warming severely impacts cities, negatively affecting
human health and well-being. Urban areas have unique characteristics
influencing the urban climate, resulting in higher temperatures than
surrounding rural and peri-urban regions. This phenomenon is known as
the urban heat island (UHI). When studying the UHI, it is essential to
consider three levels: the canopy layer UHI (CLUHI), which focuses on
the air temperature between urban roughness components; the bound-
ary layer UHI (BLUHI), which refers to the air temperature above the
roofs; and the surface UHI (SUHI), which pertains to the warming of
urban surfaces [27,33,41].

In recent decades, the urban heat island has gained significant
attention in urban climatology and planning [32,35]. However, most
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studies have focused on the UHI phenomenon within cities, while there
is still a need to explore its dynamics at the regional scale and in
metropolitan areas. While UHI analysis studies have a history dating
back to 1972, with increased momentum since 2010, studies explicitly
focusing on the Regional Heat Island (RHI) have been more active since
2019 [10]. This research aims to reduce the notable gap in the body of
literature regarding the dynamics of the heat island phenomenon at the
regional scale.

The term regional heat island was proposed by Yu et al. [46,45] to
describe significant variations in thermal conditions within urban ag-
glomerations due to reduced distances between cities. They report that
the heat island effect in cities can extend beyond city boundaries and
form a larger regional heat island, particularly as cities merge into
metropolitan systems. Also, they identify the regional heat island as an
area that manifested a relative land surface temperature of more than
2 °C with respect to the average value of the whole area [11,46].
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However, because of the recent interest in the topic, a comprehensive
exploration of how multifaceted aspects, including ecological, climate,
and socioeconomic factors [4], contribute to the formation of RHI still
needs to be represented. Indeed, Yu et al. [45,46] mainly based the study
on land surface temperature, while Degefu et al. [10], albeit providing a
relevant analysis that includes the effects of green space and land use/
land cover on the urban thermal environment, focused the attention on a
relatively limited area, considering an 8 km long transect based on a
mobile traverse.

A relevant resource to broaden our knowledge of the phenomenon
relies on remote sensing data and techniques, which have been exten-
sively employed over the last decades to study heat islands [10]. In
particular, land surface temperature has been largely assessed based on
thermal infrared-derived imagery from satellites such as Landsat,
ASTER, and MODIS [10,12,47]. MODIS data has been utilized to
investigate the influences of various factors on the trends of RHI over
different years [4]. The modeling of Surface UHI using MODIS LST has
been approached through methods such as multiple linear regression at
different times of day and night [43], geographically weighted regres-
sion [16], and support vector machine regression considering different
features like the land cover, solar radiation, temperature, humidity,
precipitation, wind speed, aerosol optical depth, and soil moisture to
estimate nighttime SUHI (Lai et al., 2021).

Likewise, as satellite-based optical imaging enables vegetation
analysis through spectral vegetation indices, numerous studies have
explored the combined use of thermal and optical data, emphasizing the
negative correlation between land surface temperature (LST) and the
Normalized Difference Vegetation Index (NDVI) through linear regres-
sion analysis at different spatial resolutions [32,42] and during either
daytime or nighttime [39]. However, although scientific research has
revealed that LST and NDVI are among the most significant remote
sensing variables for assessing air temperature [9], and vegetation is a
fundamental element influencing the intensity of urban heat islands, the
correlation between NDVI and urban temperatures should be carefully
considered. As also emerges from this research, the correlation between
LST and NDVI is strongly seasonal- and time-dependent, and vegeta-
tion’s cooling effect improves effectiveness mostly during daytime than
nighttime [7,36].

Despite the numerous heat island studies using a remote sensing
approach, another aspect deserves attention. Previous research,
including studies conducted by Huang et al. [16] and Zhang & Du [47],
have analyzed solely the surface heat island or have neglected the
interplay between air temperature and land surface temperature in the
context of heat islands. On the other hand, it has been recognized that
land surface temperature alone is insufficient for accurately assessing
the heat island phenomenon and its spatial implications, particularly
during the daytime [29]. Indeed, near-surface air temperature is pivotal
to enhancing the knowledge of the heat islands.

To overcome this gap, modeling the near-surface air temperature
(NSAT), approximately 2 m above the ground, is crucial yet challenging
[16]. Various approaches have been investigated. A temperature-
vegetation index (TVX) method is proposed to enhance daily
maximum air temperature estimation using MODIS surface temperature
[49]. Machine learning techniques, such as random forest algorithms
[22,44,47] and deep learning approaches [34], have recently been
explored for NSAT estimation. Geographically weighted regression has
also proven to be effective in modeling near-surface air temperature,
both during the day and at night, as it considers spatial non-stationarity
[13,16,8].

However, NSAT estimation has predominantly revolved around
monthly or daily average [22] or maximum air temperature [3,34]. Only
some studies have reconstructed air temperature at higher temporal
scales, such as sub-daily or hourly resolutions [47], albeit at the expense
of spatial resolution. Hence, a need for high spatiotemporal resolution
still exists. Although this study does not entirely solve the problem, as it
does not provide complete hourly temperature modeling, it contributes
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to the topic by proposing an operational model to estimate instanta-
neous NSAT for specific day and night hours, with a spatial resolution of
about 900 m.

Finally, recent research has increasingly focused on the relationship
between land use/land cover transformation and regional climate.
Several studies have employed MODIS or Landsat data, along with NDVI
and land-use variables, to model the impact of different land uses on
surface temperatures [5,6,11,18]. These studies have explored various
aspects, such as the contribution of LULC to regional heat islands, the
mitigation of urban heat islands through different types of LULC [48],
and the simulation of land-use change effects on LST [5,18]. They have
also analyzed temperature patterns associated with land-use configu-
rations and changes [23], quantified the effects of urban and green areas
on regional climate change using time-series analysis of land use and
land cover [20], and assessed the intensity of the urban heat island effect
in relation to LULC, NDVI, and LST [17].

Given that, in most cases, the data used for heat island studies is the
surface temperature, this research raises the question of why not only
LST but also near-surface air temperature should be considered. This
standpoint is relevant because LST is not a good proxy for the heat island
phenomenon, especially during daylight hours.

This research aims to comprehensively understand the regional heat
island phenomenon, considering the interplay between land surface
temperature, near-surface air temperature, vegetation, and land use/
land cover. The study addresses two primary research questions: how to
effectively model and estimate NSAT for both day and night-time at a
scale suitable for regional studies and what drives the dynamics of RHI
within metropolitan areas.

A practical model for estimating instantaneous NSAT is introduced,
assessing the significance of the NDVI on the model’s performance. The
study further explores the spatial and temporal interactions between
NSAT and LST, considering the influence of vegetation, land use/land
cover, and different elevations on RHI.

The novelty of this work lies in its holistic analysis of RHI that in-
volves the combined use of near-surface air temperature and land sur-
face temperature to enhance our understanding of the phenomenon and
examine the correlation between them in the context of heat islands,
considering both day and night variations, and the impact of relevant
environmental factors that can shape the RHL. A comprehensive un-
derstanding of the heat island phenomenon at a regional scale is
essential for informing evidence-based policies, fostering sustainable
urban development, and enhancing climate resilience.

2. Materials and methods

This section outlines the methodology employed in this study to
investigate the regional heat islands phenomenon, including surface and
canopy layer heat islands (SRHI and CLRHI).

Using remotely sensed data, namely land surface temperature and
normalized difference vegetation index from MODIS sensors on Terra
and Aqua satellites [19], a Shuttle Radar Topography Mission (SRTM)-
derived Digital Elevation Model (DEM) and ground-based temperature
measurements, a Geographically Weighted Regression model is
designed to estimate day and night near-surface air temperature.

Hence, the analysis assesses the impact of different land use and land
cover (LULC) types, specifically anthropized (urbanized), agricultural,
and wooded/semi-natural environments, using LST and NSAT.

To evaluate the effect of vegetation on temperature, the NDVI is
integrated. The analysis of vegetation’s influence on surface and canopy
layer heat islands considers NDVI's correlation with LST and NSAT
under daytime and nighttime conditions.

Correlation analyses between NDVI and temperature at different
elevations and within various LULC categories are also conducted to
assess elevation’s impact on NSAT and LST.

Finally, the intensity of the regional heat island phenomenon is
assessed by comparing SRHI and CLRHI within different LULC
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categories and examining temperature differences between LULCs and
NDVI variations concerning elevation. Fig. 1 presents a methodology
flowchart summarizing the key steps, offering a visual overview of the
research process.

2.1. Case study, period under investigation, and data sources

The area under investigation is the Lombardy region, northwestern
Italy, the fourth Italian region by extent, encompassing around 23,860
km?, and the first in terms of the resident population, with around 10
million residents in 2020. The region, with cold winters, no dry season,
and hot summers, is classified as Cfa (humid subtropical) by the Koppen
climatic classification scheme [2,28]. In Lombardy, warming has
accelerated significantly in the previous 30 years, resulting in an average
air temperature anomaly of around +0.2-0.3 degrees Celsius when
compared to the reference period of 1968-1996 [38]. This research
considers a 4-day heatwave between the 29th of July and the 1st of
August 2020. The heatwave is identified by comparing the 90th
percentile of the daily maximum temperature over a reference period
(1973-2019) with the daily maximum temperature of each day during
July and August 2020. Because the objective addresses extreme events,
the focus is on the hottest days during the heat waves, i.e., the 31st of
July and the 1st of August 2020.

Employed data sources rely on the Moderate-resolution Imaging
Spectroradiometer (MODIS), the Shuttle Radar Topography Mission
Digital Elevation Model (SRTM-DEM), weather stations’ measures, and
the Land Use/Land Cover (LULC).

The MODIS sensor is on board the Terra and Aqua spacecraft as part
of NASA’s Earth Observing System (EOS). These satellites follow a sun-
synchronous, near-polar circular orbit, allowing global coverage once or
twice daily. MODIS version 6, with a 1-km spatial resolution, was used in
this study. It provides daily per-pixel data and includes LST products
(MOD11 and MYD11) and NDVI products (MOD13A2 and MYD13A2).
The NDVI data are generated from the best available pixels over 16 days.

The SRTM-DEM, obtained from the Shuttle Radar Topography
Mission, offers high-resolution elevation data across 80 % of the Earth’s
surface between 60° north and 56° south latitude. The data are available
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at 1-arc-second (30-meter) resolution for the United States and 3-arc-
second (90-meter) resolution worldwide. A 30-meter resolution DEM,
created through resampling the high-resolution dataset, is also acces-
sible worldwide.

Weather data from the Regional Meteorological Service (SMR),
established by the Regional Environmental Protection Agency (ARPA),
is used for retrieving air temperature (T,). The SMR operates a network
of 250 automated stations, providing daily meteorological and clima-
tological data, including temperature, humidity, radiation, wind speed,
and precipitation. The data, recorded at 2 meters from the ground, are
obtained in 10-minute intervals.

For land use/land cover, the research employs the DUSAF (uses of
agricultural and forest land) database. DUSAF is the official LULC
database in Lombardy. It is constructed from aerial orthophotos and
satellite images and uses SPOT6 and 7 satellite images at a 1.5-meter
resolution. The database classifies LULC into hierarchical levels, with
the first level (Level 1) categorizing five main classes, i.e., Anthropized,
Agricultural, Wooded Territories and Semi-natural Environments, Wet-
lands, and Water Bodies. Subsequent levels provide further detail. In this
study, the Level 1 classification is used.

Fig. 2 illustrates the summer 2020 heat waves, showcasing the two
hottest days, July 31st and August 1st (Fig. 2a). Additionally, it presents
the LULC configuration (2b), a MOD11A1 LST image captured at 10.42
LT on July 31st, 2020 (2c), and the SRTM DEM (2d). The figure also
includes the administrative boundaries of the Lombardy region (red line
in Fig. 2c and d) and the spatial distribution of the ARPA stations (cyan
dots).

2.2. The significance of the NDVI for modelling near-surface air
temperature

The initial focus of the research was to evaluate the explanatory
power of different variables in developing an operational Geographi-
cally Weighted Regression (GWR) model for estimating the near-surface
air temperature. The variables assessed included Land Surface Tem-
perature (LST), Digital Elevation Model (DEM), and Normalized Dif-
ference Vegetation Index (NDVI). Two NDVI products, MOD13A2 and
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Fig. 1. Methodology Overview Flowchart.
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Fig. 2. a). Summer 2020 heat waves, spanning July 29th to August 1st and August 8th to 12th, along with the two hottest days on record, July 31st and August 1st;
b). Land Use/Land Cover; ¢). MOD11A1 LST at 10.42 LT on the 31st of July 2020, and d). SRTM DEM, including administrative boundaries of the Lombardy region
(red line) and ARPA weather stations (cyan dots). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of
this article.)

MYD13A2, obtained from Terra and Aqua satellites, respectively, were independent variables at various days and times. The evaluation
considered. Linear regression was conducted to assess the relationship included measures such as Pearson coefficient (r), coefficient of deter-
between the weather station-derived air temperature (T,) and the mination (R?), and the F-test of significance, provided in Table 1, to

Table 1
Pearson correlation (r), R?, and F-test significance between the dependent variable T, and the tested predictors for each day and time, i.e., 31st of July 2020, at 10:40
and 21:50, and 1st of August 2020, at 02:00 and 13:00.

Dependent variable - T, - Weather stations

2020.07.31 2020.08.01

Predictors 10:40 21:50 02:00 13:10

r R? F-test r R? F-test r R? F-test r R? F-test
LST 10:42 - Day 0.80 0.65 352.2
LST 21:48 - Night 0.93 0.86 1184.7
LST 02:00 - Night 0.91 0.83 967.3
LST 13:06 - Day 0.77 0.60 281.73
Elevation DEM -0.93 0.87 1256.9 -0.90 0.80 793.5 -0.85 0.72 518.8 -0.93 0.86 1240.1
NDVI MOD13A2 -0.09 0.00 1.855 -0.27 0.07 15.253
NDVI MYD13A2 -0.26 0.06 14.638 -0.09 0.00 1.705
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account for the correlation’s direction, strength, and statistical
significance.

A strong positive correlation was observed between LST and T,
indicating that higher LST values are associated with higher Tj.
Conversely, the DEM negatively correlated with T,, with higher eleva-
tion values corresponding to lower T,. Interestingly, the correlation
between DEM and T, was more robust in the daytime than LST, indi-
cating that DEM significantly influences T, during the day. The corre-
lation between LST and T, decreased at the peak temperature time
(13:10). During the nighttime, the correlation between LST and T,
increased, suggesting that the two temperatures converged at night,
with T, being more strongly correlated with LST than DEM.

In contrast, both MODIS-derived NDVIs showed weak or almost no
correlation with T,. Although a slight negative correlation emerged
during mostly nighttime, neither of the two NDVIs proved to be influ-
ential explanatory variables for T,, whether during daytime or night-
time, for the specific days, times, and areas under investigation. Instead,
the two NDVIs show a highly significant correlation with each other,
with a Pearson of 0.96, slope of 1.03, and intercept of —0.03. Accord-
ingly, only the MYD13A2 was used as the NDVI for subsequent analysis.
Fig. 3 displays scatterplots of MYD13A2-NDVI against T, at different
time observations, indicating an absence of a discernible trend in the
point cloud pattern. The scatterplots exhibit distinct patterns with two
contrasting trends rather than a clear linear correlation. The distribution
shows a positive association at lower temperatures, transitioning to a
negative association as temperature increases. Ultimately, we point out
an inconsistent correlation between NDVI and temperature in this
experiment, and for the whole area under investigation, that prevents
using NDVI for air temperature prediction.

2.3. GWR for modelling near-surface air temperature

Geographically Weighted Regression (GWR) is a widely discussed
geospatial analytical technique in literature, particularly effective for
examining non-stationary phenomena and investigating heterogeneity
in data relationships. The GWR model calibrates coefficients and pre-
dictions locally using a neighboring region or bandwidth surrounding
the target point. The local regression, described by Equation (1)
[13,14,24], encompasses position i represented as a vector of co-
ordinates in either a projected or geodetic coordinate system.

Yi=pp+ Z/;inxin + € 0

n=1

where Y; is the dependent variable at location i (x; y;), Xin is the nth
independent (explanatory) variable at location i, m is the number of
independent variables, fj is the intercept parameter at location i, §i, is
the local regression coefficient for the nth independent variable at
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location i, and ¢; is the random error at location i. At each regression
point i, the model’s parameters (or coefficients f3) are estimated locally
by the weighted least squares. The weights, expressed in a matrix form,
depend on the observed location with respect to the other observations
in the dataset [21].

Using a GWR model, instantaneous NSAT is estimated, with MODIS-
LST and DEM as the independent variables. The lack of a significant
correlation between NDVIs and T, led to the exclusion of NDVI as a
predictor. The GWR model is designed according to Equation (2), where
Y; is the air temperature Ty; at location i (x; y;), while X;; and X;, are LST
and DEM, respectively. An exponential weighting scheme is employed,
with a bandwidth of 40 Km automatically defined based on the spatial
distribution of the points representing the weather stations.

T,

ai

(2)

Pio + By LSTiy + fnDEMp+€;

Instantaneous NSAT is estimated day- and night-time, consistent with
MODIS spatial and temporal resolution. MOD11A1 and MYD11A1 LST
were obtained on the 31st of July and the 1st of August 2020. Four
Terra/Aqua MODIS image scenes have been used, i.e., 10:42 local time
(LT) and 21:48 LT for Terra on the 31st of July and 13:06 LT and 2:00 LT
for Aqua on the 1st of August 2020. Due to cloud coverage, some images
are severely limited, and not all days are practicable. A quick image
reconstruction phase is undertaken to address small missing data due to
cloud coverage in the selected images [8].

As there is a slight time difference because of the 10-minute temporal
resolution discrepancy between T, and MODIS-LST, to minimize this
difference, T, is selected at the nearest time to the MODIS local passing
time. Specifically, T, is taken at 10:40 and 21:50 on July 31, 2020, and at
02:00 and 13:10 on August 1, 2020. Hence, four models are computed.
All 250 available weather stations were included in the analysis without
imposing a preferred search distance to select observations. However,
only 205 stations provided T, values. Also, a few stations do not allow
10-minute observation but hourly data. Consequently, some stations
were excluded at 10:40, 21:50, and 13:10. For the 13:10 model, 197
values were available. In contrast, for the 10:40 and 21:50 models, there
were 195 values after excluding two stations that reported abnormal
values (assigned —9999). For the 02:00 model, all 205 stations were
used since it aligns with the top of the hour.

3. Results
3.1. Model assessment and estimated NSAT

The performance of the models is extensively discussed in Colaninno
and Morello [8]. In this work, the effectiveness of the models is sum-

marized in Table 2, employing a rigorous 2-fold cross-validation (CV)
protocol. Three predictor combinations are examined, including LST
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Fig. 3. Scatterplots of the correlation between T,, measured by weather stations, and the MYD13A2-NDVI for each observation, i.e., 10:40 and 21:50 for the 31st of

July, 02:00, and 13:10 for the 1st of August of 2020.
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Table 2

2-Fold CV performance for each model, based on different combinations of predictors: LST and DEM, LST only, DEM only.
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2-Fold Cross-Validation

LST and DEM LST DEM
Time n. Stations Adj.R? RMSE MAE MBE Adj.R? RMSE MAE MBE Adj.R? RMSE MAE MBE
10:40 - Day 195 0.88 1.50 1.15 —0.01 0.70 2.37 1.85 -0.22 0.87 1.54 1.18 0.07
21:50 - Night 195 0.87 1.45 1.15 0.05 0.83 1.93 1.54 —0.89 0.83 1.75 1.39 0.12
02:00 - Night 205 0.82 1.56 1.23 0.01 0.82 1.57 1.22 0.00 0.73 1.93 1.52 0.08
13:10 - Day 197 0.86 1.77 1.36 0.09 0.64 2.87 2.28 -0.16 0.86 1.79 1.37 0.09

and DEM together, LST only, and DEM only. The 2-fold CV involves
randomly splitting the testing dataset into two equal groups, with 50 %
of the points used for training the model and the remaining 50 % for
validation. The average error of the two tests is computed to evaluate
model performance. Key performance metrics, such as the CV adjusted
coefficient of determination (Adj.R2), Root Mean Square Error (RMSE),
Mean Absolute Error (MAE), and Mean Bias Error (MBE), are given to
assess the models’ accuracy and predictive capacity.

The model’s predictive capacity experiences a substantial decline
when considering only LST, particularly during daytime. This is evident
from the increased errors and a significant decrease in the CV-Adj.R.
Notably, at 13:10, the hottest time, the performance of all models is
reduced. In contrast, the nighttime model exhibits higher performance
due to the strong correlation between LST and Ty, at night. Conversely,
when incorporating DEM as a predictor, the situation is reversed.
Despite elevation being widely acknowledged as a significant variable
for T, in previous studies [15,25,26,40], its effect on T, is more pro-
nounced during daytime and less influential at night. The poorest per-
formance is observed at 02:00, the coldest hour.

Incorporating LST and DEM as predictors enhances temperature
estimation accuracy, with daytime models influenced by elevation and
nighttime models benefiting from the LST-temperature correlation.
Time-specific modeling approaches are crucial for improved perfor-
mance in temperature estimation. Fig. 4 shows, as an example, the result
of the estimated instantaneous NSAT (4a) and the land surface tem-
perature (4b) for the 31st of July 2020 at 10:40, along with a transect E-
E! over the metropolitan area of Milan (Fig. 4a).
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3.2. Land surface temperature and near-surface air temperature

Incorporating both near-surface air temperature and land surface
temperature is essential in conducting comprehensive heat island
studies, as they provide valuable insights into the phenomenon at
various times of the day. Considering a 90-kilometer transect E-E!, as
depicted in Fig. 4, which traverses the city of Milan, it is observed that
the profiles of NSAT and LST converge as temperatures decrease during
the nighttime hours (Fig. 5). Additionally, land use/land cover charac-
teristics influence the trends, with urbanized areas exhibiting higher LST
and NSAT. Notably, while NSAT demonstrates a flattened pattern during
the day, increased variability is observed for both temperatures during
nighttime.

At 02:00, when temperatures are at their lowest, the profiles of the
temperatures exhibit proximity, resulting in an almost perfect overlap in
highly urbanized areas like the city of Milan. Consequently, LST can be a
reliable proxy for urban heat island studies, specifically during night-
time. Notably, during nighttime, there is a tendency for the difference
between LST and NSAT to be primarily negative, indicating that NSAT is
slightly higher than LST. A reversal in the trend is observed at night. The
inversion is observed at 21:50 and 02:00, indicating the differential
thermic inertia between the land surface and air, with air temperature
exhibiting a slower cooling rate.

The situation dramatically changes during the hottest hours, when
the NSAT and LST curves diverge significantly, displaying distinct
shapes. Analysis of the transect demonstrates reduced spatial variability
in NSAT during the day. As temperatures increase, the NSAT curve be-
comes flatter. At 13:00, NSAT becomes dramatically flattened, indi-
cating a more uniform air temperature distribution across the landscape.

10:40 2020.07.31 Daytime LST 0 20 40 km
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Fig. 4. a). Instantaneous nsat and transect e-e! over the metropolitan area of Milan, and b). Land Surface Temperature, for the 31st of July 2020 at 10:40.
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Fig. 5. Spatial behavior of NSAT and LST, along the transect E-E!, for the different time observations.

In the daytime, LST can reach temperatures up to 10 degrees higher than
the air temperature. Furthermore, LST exhibits higher values and sig-
nificant variability across the territory during the hottest hours. The
curves exhibit a slight convergence in non-urbanized areas, wherein
different land uses and covers directly influence the variability of LST.

To account for the impact of different land use/land cover on the
LST-NSAT interaction, three main LULC categories are considered:
anthropized (urbanized), agricultural, and wooded and semi-natural
environments. In the Lombardy region, the anthropized area is 15 %
of the territory, the agricultural area covers 42 %, and the wooded and
semi-natural areas cover 40 %. Around 4 % is covered by wetlands and
water bodies. Including these specific categories is relevant for climate-
resilient planning, as they hold different implications and significance.
Fig. 6 analyzes the correlation between LST and NSAT for the entire
study area and the different LULCs.

Although there is a highly positive correlation between NSAT and
LST, the correlation patterns during extreme heat reveal a temperature-
dependent relationship, with higher temperatures exhibiting reduced
correlation. The lowest correlation is found at 13:10, with an R? value of
approximately 78.2 %. During the morning, at 10:40, characterized by
lower maximum temperatures, the correlation is relatively higher,
reaching around 80.5 %. Conversely, at night, as temperatures decrease,
NSAT and LST exhibit a strong positive correlation, approaching R?
values of approximately 98 % at 21:50 and 99.6 % at 02:00.

When focused on anthropized and agricultural areas, the distinction
between daytime and nighttime correlations becomes more evident.
During the night, near-surface air and land surface temperatures exhibit
a consistently high and relatively unchanged correlation, with R? values
of approximately 94 % and 98 %. Conversely, the correlation is signif-
icantly reduced during the day. Notably, during the daytime, when
temperatures are approximately below 30 degrees, a robust linear cor-
relation is still evident. However, the increase in LST outpaces NSAT at
higher temperatures, suggesting a saturation effect of the latter. This
phenomenon underscores urban materials’ substantial heat storage ca-
pacity during the daytime, making the ground considerably warmer
than the air at higher temperatures.

Although agricultural areas generally show a slightly lower corre-
lation, their behavior is similar to anthropized areas. Barren or sparsely
vegetated lands can absorb solar radiation significantly, particularly
during daylight hours.

Wooded and semi-natural environments exhibit distinct behavior.
The correlation between LST and NSAT is notably strong both during the
daytime, with an R? of approximately 80 %, and at nighttime, with an R?
exceeding 99 %. The high linear correlation can be attributed to dense
vegetation, which enhances the evapotranspiration effect and, more
importantly, provides ample shading over the ground surface. For the
wooded areas, if we consider the whole territory, very high elevations
are reached in the mountains, where temperatures dramatically drop
during the daytime.

3.3. The effect of vegetation on LST and NSAT

The impact of vegetation on heat islands was examined based on the
NDVI. Although the relationship between temperatures and vegetation
is widely acknowledged, diurnal variations (day/night) and the spatial
heterogeneity of the landscape must be considered. A minimal correla-
tion is observed between NDVI, LST, and NSAT across the entire region,
as shown in Figs. 7 and 8. The points cloud distribution reveals a dual
trend for the whole region instead. A positive correlation is evident at
lower temperatures, while the expected negative correlation is observed
as temperatures increase. These patterns persist throughout all observed
periods and are consistent for NSAT and LST.

On the other hand, the analysis reveals an enhanced correlation
between vegetation and daytime land surface temperature in anthrop-
ized and agricultural areas (Fig. 7). A clear negative trend is observed,
indicating that higher levels of vegetation are associated with lower
surface temperatures. This suggests that vegetation has a more signifi-
cant and direct cooling effect on surfaces than on the air. It emphasizes
the importance of green measures, particularly in man-made environ-
ments, as vegetation can effectively mitigate the intensity of heat islands
by reducing the heat-storing capacity of urban materials during the day.
Resembling the nighttime scenario observed in agricultural areas, the
absence of correlation or a discernible linear trend is observed in
woodland and semi-natural environments, where natural and densely
vegetated surfaces inhibit the attainment of excessively high
temperatures.

3.4. The impact of elevation on NSAT and LST

Although, generally, as elevation increases, the intensity of the heat
island diminishes, the elevation at which heat islands arise can vary due
to local climate conditions, air mass mixing, topography, and urban
environment characteristics. As a general approximation, the observable
effects of heat islands are typically concentrated within a few hundred
meters above sea level. This study employs a threshold of 500 m to
investigate the correlation between temperatures and vegetation across
different elevations.

Table 3 shows the NDVI-LST and NDVI-NSAT correlations at various
elevations for the three LULCs. The minimum elevation considered in
this analysis is 200 m, as highly urbanized areas would be excluded at
lower elevations. The analysis is given for the entire region and different
elevation ranges, namely, below 200 m, between 200 and 500 m, below
500 m, and above 500 m. The table also provides the corresponding
percentage of area covered for each extent. Approximately 95 % of
anthropized and 94 % of agricultural areas fall below the 500-meter
elevation threshold, while 80 % of the woodlands and semi-natural
environments are over 500 m.

A high correlation is shown between NDVI and daytime LST for
anthropized and agricultural areas. However, the correlation decreases
when considering only the portion of the territory between 200 and 500
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Fig. 6. Scatterplots, regression coefficients, r, and R-squared values for LST-NSAT correlation for each time observation in the whole region and the main LULCs:

anthropized, agricultural, and wooded/semi-natural.

m. Although anthropized and agricultural areas exhibit similar trends, it
is noteworthy that a stronger correlation between NDVI and LST is
observed in agricultural areas. Enhancing vegetation health and density
can benefit both classes, with a more pronounced impact on agricultural
lands regarding LST. Some relevant correlation with daytime LST, of
about —77 %, is also found for woodlands under 200 m, where the effect
of elevation has less impact on the temperatures.

Although the correlation between NDVI and NSAT is generally

weaker, it is worth noting that for areas below 500 m elevation, the
correlation between NDVI and NSAT at night becomes more pronounced
for anthropized areas, reaching values around —62, —68, or —69 %. This
suggests that vegetation health and density can also contribute to
cooling effects over the air temperature during nighttime hours in
densely urbanized environments.

Overall, a negative correlation is observed in all cases below 500 m,
indicating that higher vegetation health and density correspond to lower
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Fig. 7. Scatterplots, regression coefficients, r, and R-squared values for NDVI-LST correlation in the region and main LULCs: anthropized, agricultural, and wooded/

semi-natural.

temperatures. This pattern, however, is not evident for woodlands over
500 m, where the correlation becomes positive. Notably, while the
correlation over 500 m is not significant for anthropized and agricultural
areas, it is relevant for woodlands. As previously mentioned, at high
elevations, vegetation is not a key driver influencing temperatures,
suggesting the presence of other influential factors that should be
considered.

3.5. About the intensity of the regional heat islands

RHI intensity is examined through the main factors that cause its
changes. As reported in Table 4, the surface RHI (SRHI) and canopy
layer RHI (CLRHI) are studied and compared based on three elements:
the intensity of RHI within different LULCs, heat islands determined by
average temperature differences between LULCs, and the intensity of
heat islands within LULCs based on changes in the NDVI. The analysis
focuses on the region below 500 m.
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Fig. 8. Scatterplots, regression coefficients, r, and R-squared values for NDVI-NSAT correlation in the region and main

wooded/semi-natural.

To calculate the relative RHI intensity within land use/land covers,
the average temperatures of each LULC are compared to the minimum
temperature value observed in the area under investigation. To prevent
excessively low (outliers) values resulting from potentially biased sensor
measurements, the 2nd percentile of temperatures is used to determine
the minimum value.

Regarding the RHI intensity, the analysis reveals relevant variations
across different LULCs. Anthropized areas exhibit the highest intensity,
reaching maximum SRHI values of 7.0 at 13:10 (daytime) and CLRHI

10

NDVI WOODLAND NDVI WOODLAND

LULGCs: anthropized, agricultural, and

values of 2.4 at 02:00 (night). This suggests that urbanized regions
experience more pronounced heat islands than other land cover types.
Agricultural areas exhibit slightly lower values, with SRHI of 5.2 at
13:00 and CLRHI of 2.0 to 2.1 at each observation. Such values are
alarming. It is reported that relative RHI intensities of LST ranging from
2 to 8 are recognized to be high-risk values [11,45]. Is it worth noting
that agricultural areas show slightly higher CLRHI intensity than
anthropized at the hottest hour, i.e., 13:00. Woodlands show lower
values, with SRHI ranging from 2.3 at 02:00 to 4.6 at 13:00, and CLRHI
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Table 3
Correlation of NDVI with LST and NSAT for the different LULCs, and at different elevations, for each time observation.
Pearson coefficient () 10:40 - Day 21:50 - Night 02:00 - Night 13:10 - Day
Elevation (m) Area (%) LST NSAT LST NSAT LST NSAT LST NSAT
Anthropized Areas 100 NDVI -0.77 -0.42 -0.54 -0.52 -0.52 -0.50 -0.76 -0.32
< 200 62 -0.86 -0.56 -0.62 -0.69 -0.69 -0.68 -0.85 -0.17
200-500 33 -0.67 -0.68 -0.62 -0.60 -0.59 -0.57 -0.67 -0.63
< 500 95 -0.79 -0.51 -0.62 -0.62 -0.65 -0.62 -0.79 -0.31
> 500 5 0.44 0.53 0.55 0.55 0.57 0.57 0.37 0.50
Agricultural Areas 100 NDVI -0.84 -0.44 -0.15 -0.27 -0.19 -0.23 -0.83 -0.30
< 200 83 -0.90 -0.71 0.08 -0.19 0.03 -0.09 -0.89 -0.58
200-500 11 -0.69 -0.59 -0.44 -0.46 -0.48 -0.48 -0.69 -0.46
< 500 94 -0.88 -0.55 0.02 -0.17 -0.04 -0.14 -0.87 -0.23
> 500 6 -0.05 0.08 0.28 0.23 0.24 0.21 -0.16 0.06
Woodlands, Semi-natural 100 NDVI 0.57 0.59 0.66 0.64 0.67 0.66 0.50 0.57
< 200 7 -0.77 -0.58 -0.19 -0.46 -0.44 -0.53 -0.77 -0.18
200-500 14 -0.40 -0.49 -0.23 -0.31 -0.33 -0.35 -0.42 -0.51
< 500 20 -0.53 -0.48 -0.26 -0.38 -0.37 -0.41 -0.55 -0.39
> 500 80 0.80 0.81 0.82 0.82 0.82 0.82 0.76 0.78

Table 4

Comparative analysis of regional heat islands (RHI) intensity across different land use/land covers at different times, with temperature-based heat island calculation

and NDVI-based heat island intensity variation.

Regional Elevation < 500 m 10:40 - Day 21:50 - Night 02:00 - Night 13:10 - Day

Heat Island SRHI CLRHI SRHI CLRHI SRHI CLRHI SRHI CLRHI

RHI Intensity Anthropized 6.2 2.1 3.3 2.2 2.9 2.4 7.0 1.8
Agricultural 4.6 2.1 2.7 2.0 2.4 2.1 5.2 2.0
Woodlands 4.1 1.2 2.4 1.4 2.3 1.8 4.6 1.2

LULC-difference-based Intensity Anthropized — Agricultural 1.7 -0.1 0.6 0.3 0.5 0.3 1.8 —-0.2
Anthropized — Woodlands 2.2 0.9 0.9 0.8 0.6 0.5 2.4 0.7
Agricultural — Woodlands 0.5 0.9 0.3 0.8 0.1 0.3 0.6 0.9

NDVI-difference-based Intensity Anthropized 4.0 0.6 1.9 1.4 1.6 1.3 4.2 0.3
Agricultural 4.7 0.6 1.0 0.8 0.6 0.5 5.7 0.3
Woodlands 1.7 0.5 0.8 0.9 0.9 0.8 1.0 0.3

from 1.2 to 1.8 being always below 2 degrees. Above all, for the CLRHI,
there is a critical jump between the values of anthropized and agricul-
tural areas compared to woodlands during the day.

The differences between average LULC temperatures also emphasize
that anthropized areas exhibit significantly higher temperatures than
woodland areas. While the difference between anthropized and agri-
cultural areas reaches 1.7 and 1.8 for SRHI at night, the difference with
woodlands reaches 2.2 and 2.4. However, it is worth pointing out that in
terms of CLRHI, the difference between anthropized and agricultural
areas is very low (roughly around zero), even showing an inversion, with
negative values, during daytime. The anthropized and agricultural areas
in the daytime reach similar intensity values regarding air heat islands.
In contrast, the daytime difference between agricultural and woodlands
is almost 1 degree.

Regarding the analysis of differences in average values among
LULGs, it’s crucial to emphasize that the average values, particularly for
land surface temperature, can exhibit significant variations, particularly
in agricultural areas. These variations are influenced by the variability
of land cover types, including bare lands, densely vegetated areas, and
sparsely vegetated areas within agricultural regions.

Analyzing heat island intensity within different LULC categories
based on variations in NDVI yields further insights. NDVI values range
from —1 to 1, where lower values indicate areas with less vegetation
cover, while values around 0.4 represent healthy and dense vegetation.
In this study, a threshold of 0.5 is applied. NDVI values below 0.5
indicate areas with lower vegetation presence, while values above 0.5
represent areas with higher vegetation density.

Anthropized areas with lower NDVI values display significant heat
island intensity. The temperature difference between areas with low
NDVI and high NDVI within anthropized areas ranges from 1.6 to 4.2 for
SRHI and from 0.3 to 1.4 for CLRHI. Woodlands reach maximum values
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of 1.7 for the surface heat island and 0.9 for the CLRHI. This indicates
that areas with lower vegetation cover experience a more pronounced
heat island effect, thus emphasizing the substantial impact of human
manipulation on the local climate. In the case of agricultural areas, and
mainly for the SRHI, NDVI-based intensity is elevated. The daytime
SRHI for agricultural areas ranges from 4.7 to 5.7, higher than the in-
tensity found for the anthropized or woodland areas. This occurrence
reports the critical presence of surface heat islands in agricultural re-
gions. While increasing vegetation health and density by 0.5 NDVI can
be highly beneficial.

4. Discussion
4.1. Unveiling RHI dynamics

4.1.1. On the intricate correlation between surface and air temperatures

The impact of different predictors on estimating near-surface tem-
perature on a regional scale is first discussed. Through rigorous analysis,
three predictor combinations have been examined: LST and DEM
together, LST only, and DEM only. The results provide a clear picture of
the influence of these predictors on air temperature estimation accuracy
and support the hypothesis that incorporating LST and DEM would
enhance accuracy. Daytime models are particularly sensitive to eleva-
tion, while nighttime models benefit from the strong correlation be-
tween LST and air temperature at night.

Once both land and near-surface temperatures are available, a
pivotal question arises regarding how temperature varies across
different times of the day based on the two temperatures. Indeed,
although the difference between urban and rural temperatures is more
prominent at night, causing nighttime heat island intensity to be higher,
observed temperature values can reach concerning levels during the
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day. When addressing heat illnesses, the focus should not be limited to
nighttime heat islands alone. The findings support the concern of relying
on both temperatures and considering different hours. Distinct tem-
perature patterns during different times are revealed, particularly the
divergence between LST and NSAT during daytime hours. According to
the results, and in line with other studies [1,15,29,37], it is worth noting
that while the thermal profiles of NSAT and LST tend to align at night,
they significantly diverge during the day. During the hottest hours, LST
could reach temperatures up to 10 degrees higher than NSAT. In sum-
mary, higher temperatures reduce the correlation, while lower tem-
peratures produce a stronger positive correlation. Consequently, using
LST as a proxy to evaluate the daytime heat island effect is
inappropriate.

4.1.2. The significance of vegetation and LULC on temperature variations

Further, this research delves into the impact of land use/land cover
and vegetation on temperature variations. The significance of vegetation
in climate studies is undeniable. However, vegetation must be carefully
considered within specific geographical and temporal contexts. This
study reports significant variations in the correlation between vegeta-
tion and land surface temperature and near-surface air temperature
under various temperature conditions.

In certain areas, such as densely urban regions, low-lying areas, or
regions with limited land use/land cover variability, a notable linear
(negative) correlation is often observed, particularly during high day-
time temperatures [7,18,36]. Nevertheless, in the context of this
research, while developing the model to estimate near-surface air tem-
perature, a weaker correlation between normalized difference vegeta-
tion index and air temperature was found. This deviation from
established patterns in previous research can be attributed to the unique
conditions of the study area, including significant landscape heteroge-
neity, distinct geographical features, and specific land use/land cover
patterns.

Regarding the mitigating effect of vegetation on temperatures, this
study aligns with existing knowledge. By considering both land surface
and air temperature and assessing various land use/land covers, the
findings corroborate the existing understanding that emphasizes the
more effective cooling effect of vegetation under high-temperature
conditions [30]. Additionally, it underscores that vegetation’s cooling
impact is more pronounced during daytime than nighttime [7,36].
However, this primarily holds true for thermal comfort indices or land
surface temperature.

When examining the impact of vegetation on air temperature within
urbanized areas, as demonstrated in Table 4 (NDVI-difference-based
intensity), vegetation’s influence on air temperature is significantly high
at night, as previously noted [31], when temperatures are lower.

Finally, the impact of vegetation on both LST and NSAT for different
land use/land cover types was assessed, specifically anthropized (ur-
banized), agricultural, and wooded/semi-natural environments. The
results highlight the importance of considering various LULCs when
addressing heat islands. Temperatures are particularly sensitive in
anthropized and agricultural areas, where the cooling effect of vegeta-
tion in mitigating heat islands is more significant than in wooded and
semi-natural areas.

In anthropized and agricultural regions, daytime LST is influenced by
heat storage in urban materials or barren and sparsely vegetated lands,
causing the ground to be warmer than the air and leading to higher
daytime surface regional heat island intensity for both anthropized and
agricultural regions. Although evapotranspiration subsequently reduces
the effect of heat islands in agricultural areas, mostly at nighttime,
resulting in a divergent trend and a cooling effect, the patterns of Surface
RHI and air RHI (CLRHI) are similar. During the daytime, the intensity of
SRHI is approximately double that of CLRHI, as shown in Table 4. In any
case, the air RHI intensity remains around 2 degrees, which is identified
as a critical value [45]. In contrast, wooded and semi-natural areas
exhibit lower RHI intensity due to dense vegetation and shading. As
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highlighted by Yu et al. [45] and supported by this research, wooded
and semi-natural regions demonstrate exceptional potential for heat
mitigation, surpassing that of grassland.

4.1.3. Why should elevation be considered?

Elevation consistently emerges as a pivotal factor impacting tem-
perature patterns throughout the regional heat island [4,20]. Accord-
ingly, this study deals with the distinctive temperature dynamics that
arise over a regional extent at different elevations. Spatial and temporal
interactions between near-surface air and land surface temperatures are
addressed, revealing how elevation uniquely shapes these interactions
across heterogeneous geographic areas. The findings underscore the
intricate interplay of elevation, land use/land cover, and vegetation in
molding temperature patterns.

The influence of elevation is particularly noticeable in heat island
effects, which tend to concentrate within a few hundred meters above
sea level. While a strong correlation was found between vegetation and
daytime land surface temperature in anthropized and agricultural re-
gions, this correlation weakens when focusing on elevations between
200 and 500 m. Below 500 m, increased vegetation is associated with
cooler temperatures, but this pattern reverses for woodlands situated
above 500 m, where the temperature correlation becomes positive.

In summary, although vegetation plays a crucial role, especially in
anthropized and agricultural areas, other influential factors become
more significant at higher elevations. This underscores the need for a
comprehensive understanding of local conditions to accurately model
temperature variations on a regional scale.

4.2. Spatial planning and policy implications and recommendations

This work provides valuable insights for policymakers, urban plan-
ners, and environmental practitioners. First and foremost, it emphasizes
the importance of investigating the urban heat island phenomenon on
multiple scales, particularly in metropolitan systems that extend beyond
city boundaries. The research elucidates how urban heat islands can
extend their influence into agricultural zones, underscoring the inter-
connectedness between urban and rural climates. This highlights the
necessity for holistic climate studies not only focusing on the urban
environment.

Also, the results highlight the pivotal role of land use/land cover in
shaping temperature variations, emphasizing its significance in climate-
proof planning.

Vegetation emerges as a compelling tool for mitigating the regional
heat islands, being effective not only in densely populated but also in
agricultural areas. Indeed, the correlation patterns found between
vegetation (NDVI) and temperature support the pivotal role of greenery
in cooling urban and rural environments. It is worth noting that agri-
cultural areas, although less urbanized than heavily developed regions,
exhibit discernible impacts on the local climate due to human activities
and modifications associated with farming activities. The conversion of
natural vegetation to agricultural land and the removal of tree cover can
diminish the cooling effect of evapotranspiration, resulting in higher
temperatures and an intensified heat island effect. As the cooling effect
of woodlands is higher than grass or sparsely vegetated areas, providing
the most significant potential for mitigating heat islands in areas char-
acterized by high levels of human activities, it is essential to safeguard
and enhance wooded and natural environments.

To address these implications and engage in sustainable spatial
planning, some actions could be considered, such as:

e Advocate for data-driven decision-making and investment in data
infrastructure and analytical capabilities to effectively address heat
islands phenomenon.

e Shaping zoning regulations to optimize the equilibrium between
urban development and the preservation of natural green spaces.
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e Encouraging the establishment and maintenance of green in-
frastructures, including urban afforestation, green corridors, parks,
and community gardens, within urban and peri-urban regions to
mitigate daytime temperature extremes.

Promoting agroforestry and sustainable agricultural practices,
incorporating tree planting and other vegetation strategies in agri-
cultural landscapes to moderate temperature variations and enhance
resilience. This involves advocating sustainable farming practices
such as shade trees, cover crops, short rotation forestry, and preci-
sion irrigation systems to mitigate temperature impacts on crop
production.

4.3. Limitations and future research directions

Some limitations must be pointed out, delineating potential di-
rections for future research. First, the spatial resolution, reliant on
around 1-kilometer pixel raster data, may result in a loss of spatial
heterogeneity. Future research could prioritize enhancing the spatial
resolution of temperature modeling.

Similarly, the climate dynamics within broadly generalized land uses
may still need to be fully represented. For instance, the generalization
obscures variations within anthropized regions, such as industrial set-
tlements or large urban parks, as well as within agricultural areas, which
can yield more nuanced temperature behaviors depending on different
vegetation covers. Hence, future research could delve into specific land
uses, exploring internal factors contributing to temperature variations,
such as vegetation density, building materials, and local topography.

The analysis incorporates land surface and air temperatures and
explores correlation patterns between them and LULC, vegetation, and
elevation. However, other factors like humidity remain unaccounted for,
which could enhance our understanding of the phenomenon. Further-
more, while the NDVI is widely accepted as a proxy for vegetation
density and health, it has limitations in differentiating between various
vegetation types, such as grass and tree cover.

Additionally, it is worth mentioning that the analysis is limited by its
specific period, which may not fully capture climate variations over
time. Although the study focuses on heat stress during the hot season,
providing a reasonable estimate of the primary concerns for an extreme
heat event, the findings could be tested during different heat waves, for
instance. Likewise, the research could extend its temporal scope to assess
the impacts of climate change on temperature dynamics over multiple
years. This long-term perspective would offer valuable insights into the
evolving nature of heat islands.

Lastly, the findings are specific to the study region and may not
directly apply to other geographic areas with different climate condi-
tions, land cover characteristics, or urbanization patterns. Comparative
studies across other regions will be planned. This would enable re-
searchers to identify common trends and unique regional factors influ-
encing the RHI dynamics. Currently, caution should be exercised when
extrapolating these insights to other regions.

5. Conclusions

This research employs a data-driven approach leveraging remote
sensing and spatial statistics to study how vegetation and land use/land
cover affect the heat island phenomenon at the regional scale. It
comprehensively analyzes the regional heat island, considering surface
and canopy layer heat islands. Thus, the study emphasizes the impor-
tance of correlating land surface and air temperature while considering
factors like elevation, landscape composition, and configuration.

Based on the correlation analysis between land surface temperature
and near-surface air temperature, the analysis first suggests that tar-
geting areas with high daytime temperatures can boost thermal resil-
ience. Increasing vegetation in these areas reduces daytime heat storage
and lessens heat island intensity. Moreover, the research highlights the
impact of all human-induced land use changes on the climate. It is worth
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noting that although heavily anthropized areas significantly contribute
to the heat islands, remarkably, agriculture also impacts the heat island
intensity on a regional scale. While only highly vegetated and natural
areas demonstrate potential for heat mitigation.

Hence, from sustainable spatial planning and land management
perspective, besides adopting specific vegetation strategies for different
land cover types, sustainable practices like agroforestry and green
infrastructure should be increasingly promoted, especially in agricul-
tural areas, as they can reduce heat island effects.

Ultimately, this research deepens our understanding of the regional
heat island phenomenon and emphasizes the need for sustainable spatial
planning to combat heat islands and enhance climate resilience,
providing valuable insights for evidence-based policies and informed
urban development.
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