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Abstract

This study investigates the interplay between urban morphology, vegetation, and thermal
environments by integrating mobile air temperature (AT) measurements with satellite-
derived land surface temperature (LST). The case study is the city of Bologna (Italy).
Correlation analysis revealed strong multicollinearity among morphological indicators,
with building density and floor area ratio nearly collinear, while vegetation cover (PV)
remained the most independent predictor. A composite urban density indicator (CUDI),
derived through principal component analysis, was introduced to address redundancy
among morphological metrics. Ordinary least squares regressions demonstrated signif-
icant associations, with PV exerting a pronounced cooling effect and CUDI amplifying
both AT and LST. Model diagnostics confirmed statistical robustness, though residual
spatial autocorrelation necessitated spatial regression approaches. Spatial lag models
(SLMs) substantially improved explanatory power, highlighting spatial spillovers and
neighborhood effects as central to understanding urban heat dynamics. Comparative
analysis with spatial error models reinforced the dominance of SLM in capturing localized
dependencies. Despite limitations in spatial coverage, temporal scope, and indicator trans-
ferability, findings emphasize the critical roles of vegetation and urban compactness in
shaping thermal environments. This work underscores the necessity of integrating green-
ing strategies with urban form management for effective heat mitigation and provides a
methodological framework for analyzing urban heat islands through multi-source thermal
and morphological data.
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1. Introduction
The urban heat island (UHI) effect describes the phenomenon of increased air and sur-

face temperatures in urban areas compared to surrounding rural areas [1,2]. The UHI effect
is a significant concern because it can lead to various issues, including increased energy con-
sumption for cooling, reduced air and water quality, and negative effects on human health
and biodiversity [2–4]. One common method of calculating UHI intensity is determining
the temperature difference between urban and rural areas. However, this process is com-
plex and requires careful consideration of factors like terrain, land cover [4]. Accordingly,
selecting proper data and indicators to quantify UHI are crucial for decision-makers in
developing sustainable policies. Researchers commonly use both air temperature (AT) and
land surface temperature (LST) data to investigate UHI effect [2,5]. AT is typically measured
at ground-based meteorological stations, while LST is acquired through remote sensing
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techniques using satellite or airborne sensors [2,6,7]. While both AT and LST can quantify
UHI intensity, they represent different aspects of the urban thermal environment [2,5].
Studies have shown that LST-based is generally stronger than AT-based UHI intensity, high-
lighting the differences in the data sources [2]. Understanding the relationship between AT
and LST is essential for comprehensively assessing the UHI effect and developing effective
mitigation strategies [2,5,6]. For instance, research has shown that evapotranspiration from
vegetation plays a significant role in reducing both surface and canopy UHI intensity [4].
Therefore, increasing urban green spaces, particularly through strategic urban planning and
design, can help alleviate the UHI effect by promoting evaporative cooling [4,8,9]. Other
mitigation methods include using cool or reflective materials for roofs and pavements to
reduce heat absorption, optimizing building design and orientation to enhance natural
ventilation, and reducing anthropogenic heat emissions [8,10].

The city of Bologna, Italy, has been the subject of multiple studies examining the UHI
effect and potential mitigation strategies. Bologna’s diverse urban landscape, with a mix
of historic and modern structures, makes it a valuable case study for understanding the
complex interplay of urban morphology and UHI intensity [11–14]. Research conducted by
the authors in Bologna has demonstrated the effectiveness of combining mobile and static
temperature measurements for comprehensive thermal analysis [13] and has highlighted
the significant impact of building density on surface temperature variations within the
city [14]. These studies can provide valuable insights for urban planners and policymakers,
enabling the development of targeted measures to enhance urban resilience and mitigate
the negative consequences of rising temperatures and climate change.

A city’s morphological characteristics, such as building density, height, and the pres-
ence of vegetation, play a crucial role in the UHI effect [1,14]. Denser urban areas with
limited vegetation tend to experience more intense UHIs due to reduced wind flow and
increased heat absorption by buildings and paved surfaces [9,10,15]. On the other hand,
accurate UHI characterization and quantification require a thorough understanding of
these morphological influences and necessitate reliable temperature data [2]. Various Ur-
ban Morphological Indices (UMIs) are defined and studied in relation to UHI intensity
studies, including building density [9,14–16], building height [9,15,17], Sky View Factor
(SVF) [9,15,17], green cover ratio [4,9,15], impervious plan area ratio [4,18], albedo [18],
street network integration index [9], orientation variance of building [17], and mean aspect
ratio [19]. The determination of which UMI is the most important often depends on the
specific scale of the study (i.e., local or city-wide), the climate, the season, and whether
AT or LST is being measured [2,18]. However, comprehensive quantitative studies high-
light certain parameters as consistently dominant factors influencing the urban thermal
environment. Among these, the Normalized Difference Vegetation Index (NDVI) is widely
employed as a proxy for vegetation abundance and vigor, serving as a critical indicator
of cooling capacity through evapotranspiration [9,15,17,19]. The percentage of built-up
area or impervious surface area captures the extent of sealed surfaces that intensify heat
storage and restrict natural cooling [18,20]. Similarly, Building Density (BD) and Floor Area
Ratio (FAR) represent morphological compactness and the intensity of land use, both of
which strongly correlate with heat accumulation and reduced ventilation [18,20]. Finally,
Mean Building Height (MBH) reflects the vertical dimension of urban form, influencing
shading, wind circulation, and radiative exchanges [15,18]. Collectively, these parameters
constitute the core set of indicators most frequently identified as shaping the urban thermal
environment in quantitative UHI studies. Researchers use these indicators to understand
how the physical layout and structure of urban areas influence UHI intensity. Despite this
extensive body of research, few studies have systematically compared how these domi-
nant UMIs simultaneously influence canopy-level air and surface temperature within the

https://doi.org/10.3390/su18031695

https://doi.org/10.3390/su18031695


Sustainability 2026, 18, 1695 3 of 21

same urban context, while explicitly accounting for spatial dependence and multicollinear-
ity among indicators. Moreover, empirical evidence linking mobile AT measurements
with high-resolution satellite-derived LST remains limited, particularly for medium-sized
historic European cities such as Bologna, where complex urban morphology may alter
thermal responses.

To enable a more comprehensive comparative analysis of the canopy and surface
UHI, this study utilizes LST data retrieved from ECOSTRESS imagery along with AT
measurements acquired and corrected through a mobile survey. The primary objectives are
to assess the impact of various UMIs on both AT and LST, and to investigate the correlation
between AT and LST. Thus, the objectives of this research are to (i) evaluate the differential
impacts of key urban morphology indicators and vegetation on AT and LST, accounting
for multicollinearity; (ii) systematically characterize and model spatial autocorrelation
and neighborhood spillover processes in the urban thermal system; and (iii) develop a
framework for coordinated mitigation strategies integrating greening interventions and
urban form regulation in Bologna. The findings are expected to enhance understanding of
UHI dynamics and assist future researchers in selecting suitable data sources and indicators
for studying urban thermal variations and to develop effective mitigation strategies, such
as increasing green spaces, using cool materials, and optimizing building design.

2. Materials and Methods
2.1. Data Collection and Sources

Nocturnal AT data used in this study were derived from our previously published
mobile transect measurements [13,14]. Figure 1 presents a schematic diagram of the
system used for AT recording. Measurements were taken along a transect path (Figure 2a),
and the recorder temperature data were corrected using readings from fixed weather
stations and thermometers positioned along the transect. For a detailed description of
this correction readers are referred to [13]. This adjustment was necessary to enhance the
temporal accuracy and spatial relevance of the collected temperature data. By utilizing
these corrected AT data, the present study ensures a robust basis for investigating the
relationship between UMIs and both air and land surface temperatures.

Figure 1. Schematic of the mobile air temperature measurement system.

LST data for Bologna were sourced from the NASA Earth Data platform (AρρEEARS) [21].
The selection of LST data was constrained by both observational availability and specific
criteria to ensure temporal correspondence with the nocturnal AT measurements and mini-
mal cloud contamination (less than 10%). Initially, multiple satellite sources were assessed
for the date of the AT campaign, including Sentinel-3A, Landsat 8, and NASA AρρEEARS.
Only one Sentinel-3A image was present for the transect date, recorded on 21 March 2021
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at 21:54 local time with spatial resolution 1 km [22]. The spatial resolution is not enough
for the analysis. Furthermore, it exhibited 54.40% cloud-contaminated pixels which made
it unsuitable for analysis. To overcome these limitations, the search focused on the most
temporally proximate, LST acquisitions. Two candidates emerged, the Landsat 8 image
on 18 March 2021 at 10:58 local time with a spatial resolution of 25 m² [23] and a NASA
ECOSTRESS image from 24 March 2021, at 16:58:54 UTC (17:58:54 local time) and with a
spatial resolution of 70 m (Figure 2b) [21]. The Landsat 8 scene presented over-land cloud
coverage of 41.55%, also preventing reliable LST retrieval. Consequently, the ECOSTRESS
Level-2 product was selected as the optimal source of LST, representing the best com-
promise between temporal proximity, spatial resolution, and atmospheric conditions.
The ECOSTRESS mission, launched by NASA on the International Space Station in 2018,
aims to measure LST and evapotranspiration using high-resolution thermal infrared
data to better understand plant water use and stress across Earth’s ecosystems [24,25].
The ECOSTRESS image was cloud-free, with 91.78% of pixels validated through quality
control, capturing urban heterogeneity while maintaining adequate regional coverage.
The LST data, originally in Kelvin, were converted to degrees Celsius to facilitate analysis
and interpretation.

(a) (b)

(c) (d)

Figure 2. Data Collection from Bologna (Italy): (a) Mobile path and air temperature, (b) Mobile path
and land surface temperature, (c) Building information, and (d) Mobile path and vegetation.

Given the difference in acquisition dates between the AT campaign and the
ECOSTRESS overpass, a temporal harmonization assessment was conducted. ERA5 reanal-
ysis (0.25° resolution) [26] and a local weather station (44.49° N, 11.33° E, 72 m a.s.l.) [27]
provided hourly observations for 19–25 March, including AT, wind gusts, skin temperature,
precipitation, and cloud cover. Diagnostic windows were defined for the AT campaign
(19 March 22:16–20 March 00:57) and the ECOSTRESS acquisition (24 March 17:59 ± 24 h).
Both datasets indicated stable meteorological conditions of no precipitation, negligible
cloud cover (0% at the ECOSTRESS overpass), and calm wind regimes (differences less
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than 1 m/s) (Figure 3). Temperature values reflected expected diurnal variation rather
than differing atmospheric regimes, AT of 3.1 °C (with ERA5 skin temperature of −1.18 °C)
versus ECOSTRESS LST of 12.32 °C and corresponding ERA5 skin temperatures of 10.15 °C.
These results demonstrate that, despite being acquired on different days and times, the
two datasets are meteorologically equivalent, ensuring that AT-LST comparisons reflect
genuine surface-atmosphere thermal dynamics rather than confounding weather variability.
This approach aligns with prior studies emphasizing the importance of meteorological
equivalence when comparing ground-based and remotely sensed temperature data [28],
ensuring that observed correlations reflect genuine surface-atmosphere thermal dynamics
rather than external atmospheric variability.

Figure 3. Meteorological conditions between 19–25 March 2021 from ERA5 reanalysis and station
data. (Top) Cloud cover (%) from ERA5, with the orange shaded area indicating the air temperature
campaign and the red dashed line marking the Landsat overpass. (Middle) Wind speed (m/s) from
the local station and ERA5 10 m data. (Bottom) Precipitation (mm) from the station and ERA5.

Information on buildings in Bologna was obtained from the Municipality of Bologna’s
open data platform [29] (Figure 2c). This dataset provided details on the building’s height,
area, and volume, which were essential for calculating UMIs. Building on the indicators
previously applied in [14], this study introduces a new composite metric, the Composite Ur-
ban Density Index (CUDI), to address redundancy and multicollinearity among commonly
used built-form indicators by integrating BD, FAR, and MBH into a single, physically
meaningful measure of urban compactness and volumetric intensity. A thorough quality
control process was conducted on this dataset before analysis. Temporary structures, such
as kiosks and shelters, were excluded; buildings under construction were checked using
historical imagery from Google Earth Pro to verify their existence in March 2021; and for
buildings missing height data, LiDAR DSMs [30] and Google Earth Pro 3D visualization
tool was employed to estimate and fill in the missing values.

The NDVI data were derived from Sentinel-2 satellite imagery, acquired on 24 March
2021, with a spatial resolution of 10 m (Figure 2d) [22]. From the NDVI values, the Pro-
portion of Vegetation (PV) was calculated using Equation (1), which serves as an indicator
of vegetation coverage within the study area. Unlike our previous studies, here PV is
systematically integrated alongside CUDI to examine its combined influence with urban
form on both corrected AT and LST patterns.

2.2. Block Definition and Calculation of Urban Morphology Indicators (UMIs)

To facilitate analysis along the mobile transect, spatially consistent blocks were defined
based on the distance between AT measurement points. Mobile data points separated by
150 m were selected, and each point was buffered by 150 m. The buffer size was guided by
the coarsest spatial resolution among the datasets, specifically, the 70-m resolution of the
LST data. Despite a nominal spatial resolution of 70 m, which could theoretically support a
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finer analysis grid, a larger buffer was intentionally adopted as a spatial aggregation and
smoothing strategy to better represent the thermal environment sampled by mobile mea-
surements. Specifically, this buffer size serves three purposes: (i) it reduces noise associated
with instantaneous mobile AT readings that are influenced by short-term atmospheric fluc-
tuations, traffic effects, and positional uncertainty [31]; (ii) it defines an analysis unit that is
more representative of a neighborhood-scale thermal environment rather than point-scale
micro-variability; and (iii) it ensures that a sufficient number of LST pixels and urban mor-
phological features (such as buildings and land cover elements) are included within each
unit to support stable indicator calculation and averaging. Using a buffer larger than the
native LST pixel size also mitigates potential geolocation mismatch between datasets and
improves the robustness of AT-LST comparisons. This buffer-based aggregation approach
is consistent with established practices in mobile and urban climate studies, where spatial
averaging is commonly applied to enhance representativeness and reduce measurement
noise when linking mobile temperature observations with remotely sensed and morpho-
logical indicators [31–34]. Moreover, to evaluate the potential oversmoothing effect of the
selected 150-m buffer, a sensitivity analysis was conducted by comparing results derived
from 50-m and 150-m spatial units. Mean AT and LST were highly consistent across scales
(mean AT: 3.04 °C at 50-m vs. 2.95 °C at 150-m; mean LST: 12.50 °C vs. 12.39 °C). Spatial
variability decreased only marginally with increasing buffer size, with spatial standard
deviation reductions of 2.7% for AT and 6.3% for LST, indicating limited smoothing of
neighborhood-scale thermal heterogeneity. The AT-LST relationship remained stable across
scales (r = 0.89 at both 50-m and 150-m), and distributional characteristics were preserved,
as evidenced by similar quantiles. These results demonstrate that the selected 150-m buffer
provides a robust balance between noise reduction and preservation of meaningful spatial
thermal variability. In total, 352 buffers were created, which served as the analytical blocks
where mean AT, LST, and UMIs were calculated (Figure 4).

Based on the data availability and relevance to urban thermal processes, four UMIs
were selected for the analysis and calculated in a GIS environment. The selection of PV,
MBH, BD, and FAR as urban morphological indicators is based on their capacity to capture
the most fundamental and interpretable dimensions of urban form that drive UHI dynamics.
These indicators represent the most fundamental, accessible, and widely validated variables
for characterizing urban form and ecology, capturing vegetation cover, horizontal density,
vertical structure, and overall volumetric intensity [15,35,36]. Together, they describe
the core dimensions of urban morphology (density, height, volume, and vegetation) that
are known to regulate surface energy balance, airflow, shading, and evapotranspiration,
and thus strongly influence urban heat island dynamics [8,35]. Compared with more
specialized indicators such as SVF or surface albedo, which often require complex modeling
or high-resolution data and can be highly context-specific [9,11,37,38], these variables can
be reliably derived from widely available datasets, are computationally straightforward,
and have been extensively applied and validated in urban climate and UHI studies [15,35],
making them suitable for comparative and scalable analysis across urban contexts.

Equation (1) shows PV indicator derived from NDVI data, where min and max show
the minimum and maximum values of NDVI, and PV will have a value between 0 and 1.
Equation (2) represents MBH which indicates the average height of buildings within each
defined block. Here, Hi denotes the height of the i-th building, and n is the total number
of buildings that intersect with the block. Equation (3) represents BD defined as the total
building volume (Vi) within a block per unit area of the block (A). FAR is the fourth
indicator providing an indication of building coverage intensity and Ai is the building floor
area of the i-th building (Equation (4)).
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PV =

(
NDVI − NDVImin

NDVImax − NDVImin

)2
(1)

MBH =
∑n

i=1 Hi

n
(2)

BD =
∑n

i=1 Vi

A
(3)

FAR =
∑n

i=1 Ai

A
(4)

(a) (b)

(c) (d)

(e) (f)

Figure 4. Block representation (buffer areas) for various data: (a) air temperature, (b) land surface
temperature, (c) building density indicator, (d) floor to area ratio indicator, (e) mean building height
indicator, and (f) presence of vegetation indicator.
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2.3. Statistical Approach

With the full dataset assembled, the next step involved removing outliers and normal-
izing the data. Outliers were determined by defining a lower and upper bound based on
the data mean, standard deviation, and a sensitivity k value (Equations (5) and (6)).

Lower Band = µ − (k × σ) (5)

Upper Band = µ + (k × σ) (6)

where µ is the mean, σ the standard deviation, and k the sensitivity coefficient (it is selected
to be k = 3) [39]. Specifically, for each variable (MBH, BD, FAR, PV, AT, and LST), values
falling outside the range of the mean ± 3 standard deviations were considered outliers and
removed. Following data cleaning, the statistical relationships between AT, LST, and the
UMIs were examined using both Pearson and Spearman’s rank correlation coefficients.
These measures were applied to capture both linear and monotonic associations, as well as
to account for potential confounding effects. The Pearson correlation is ideal for assessing
linear associations between two continuous variables. It is most effective when the data
are normally distributed and free from significant outliers [40]. However, Spearman’s
Rank Correlation is a non-parametric statistical measure used to assess the strength and
direction of association between two ranked variables. It is particularly useful when the
data does not meet the assumptions required for Pearson’s correlation, such as linearity
and normal distribution [41]. To assess the presence of multicollinearity among the inde-
pendent variables, first a Variance Inflation Factor (VIF) analysis on the predictors MBH,
BD, FAR, and PV was performed. The VIF values were used to quantify the extent to
which each predictor was linearly explained by the others, with higher values indicating
potential multicollinearity. As a rule of thumb, VIF values below 5 are considered accept-
able, values between 5 and 10 indicate moderate concern, and values above 10 suggest
problematic multicollinearity [42]. To complement this, a Condition Index (CI) analysis [43]
on the standardized predictor correlation matrix was performed, which allowed for a more
detailed examination of the structure of collinearity and the identification of potential
dependencies among the predictors. This two-step approach ensured a robust evaluation
of multicollinearity before proceeding with further statistical modeling.

Taken the results of VIF and CI, BD, FAR, and MBH were combined into a single
indicator, CUDI, which captured their shared variance while ensuring statistical stabil-
ity and interpretability. CUDI was constructed using two complementary approaches.
The first method was Principal Component Analysis (PCA). By transforming correlated
variables into a set of uncorrelated principal components, PCA facilitates the creation of
composite indices that effectively summarize complex datasets [44]. The second method
was a simple averaging (Equation (7) and was done after standardizing the data using
z-scores, which normalizes the variables to have a mean of zero and a standard deviation
of one [45]. This served as a robustness check to the first method.

CUDI =
zBD + zFAR + zMBH

3
(7)

To further assess the combined influence of CUDI and PV on temperature variables,
standard Ordinary Least Square (OLS) regression was employed. OLS regression is a widely
used statistical method that estimates linear model parameters by minimizing the residual
sum of squares, under the assumptions of linear relationships and normally distributed
errors [46]. After fitting the OLS regression, the Durbin–Watson (DW) test was conducted
to evaluate the presence of serial correlation in residuals, particularly first-order autocor-
relation, which, if unaddressed, can bias statistical inference and reduce the efficiency of
estimators [47]. Since the DW statistic indicated autocorrelation, the next step was to apply
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more specialized tests, such as Moran’s I, to assess whether the dependence exhibited a
spatial structure, particularly in this geographically referenced data [48]. When spatial
autocorrelation was confirmed, spatial regression models, the Spatial Lag Model (SLM)
and Spatial Error Model (SEM), were employed to account for spatial dependence and to
avoid biased or inefficient parameter estimates [49]. All the analyses were implemented in
Python (3.10). This methodological framework enabled the evaluation of how variations
in building characteristics and vegetation cover influence AT and LST, thereby providing
insights into the spatial effects of urban morphology on local temperature distribution.

3. Results and Discussion
3.1. Correlation Analysis

Following the outlier removal process, a total of five data points were identified and
excluded as outliers, resulting in a final dataset comprising 347 observations. To examine
relationships among the variables and to ensure robustness, both Pearson and Spearman’s
rank correlations were performed. Pearson’s test captures linear associations and assumes
approximate bivariate normality [40], whereas Spearman’s test is rank-based and robust
to non-normality, thus suitable for monotonic but not strictly linear relationships [41].
Furthermore, to evaluate multicollinearity before regression modeling, both VIF and CI with
variance decomposition were applied. VIF quantifies variable-level inflation in standard
errors [42], while the CI approach identifies collinearity structures, highlighting which
variables jointly contribute to near-dependencies [43]. The correlation and VIF results are
summarized in Table 1 and Table 2, respectively.

Table 1. Pearson and Spearman’s Rank correlation matrix (The variables used in the analysis are
MBH = Mean Building Height, BD = Building Density, FAR = Floor Area Ratio, PV = Proportion of
Vegetation, AT = Air Temperature, and LST = Land Surface Tenmperature).

Spearman’s Rank

MBH BD FAR PV AT LST

Pearson

MBH 1.00 0.89 0.81 −0.54 0.76 0.77
BD 0.75 1.00 0.97 −0.69 0.73 0.79
FAR 0.73 0.96 1.00 −0.68 0.79 0.73
PV −0.49 −0.67 −0.68 1.00 −0.70 −0.76
AT 0.74 0.74 0.71 −0.68 1.00 0.89
LST 0.74 0.77 0.75 −0.75 0.89 1.00

Table 2. Variance Inflation Factor (VIF), Condition Index (CI) and eigenvalue with variance decompo-
sition results (The variables used in the analysis are MBH = Mean Building Height, BD = Building
Density, FAR = Floor Area Ratio, and PV = Proportion of Vegetation).

Variable VIF PC1 PC2 PC3 PC4

Eigenvalue - 3.16 0.51 0.28 0.04
CI - 1.00 2.48 3.34 8.87
MBH 6.59 0.03 0.29 0.67 0.012
BD 24.27 0.007 0.001 0.05 0.94
FAR 24.62 0.007 0.001 0.06 0.93
PV 2.30 0.033 0.67 0.29 0.001

The correlation analysis revealed a high degree of redundancy among BD and FAR
(Table 1). They were strongly correlated (Pearson up to 96%, and Spearman up to 97%),
confirming a case of multicollinearity, as they essentially capture the same underlying
density–volume dimension. Furthermore, MBH provided partly overlapping with a
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Spearman’s rank of 0.89 and 0.81 with BD and FAR, respectively. By contrast, PV was
negatively correlated with all three density measures as well as with both temperature
variables (AT and LST), consistent with the expected cooling effect of vegetation, whereby
higher vegetation cover is associated with lower built density and lower temperatures.
It is important to note that UMIs are not fully independent, particularly relationship
between PV and the other density-related indicators [17,35,36]. The effect of PV is context-
dependent. In zones of extremely high vegetation cover, UHI is further mitigated not
only through evapotranspiration but also due to the reduced built environment, lower
heat storage, and decreased anthropogenic heat flux associated with lower human and
building density. These findings highlight the importance of considering physical and
regulatory constraints when interpreting UHI drivers and suggest that limits on urban
density, including built and possibly human density, could be critical for effective thermal
management. Beyond urban climate, high human density could have broader societal
implications. While it may correlate with innovation and economic productivity in larger
cities, it can also exacerbate social stressors, including crime and conflicts [50], reflecting
the complex trade-offs inherent in urban densification strategies. The relationship between
AT and LST was also significant (89% for both Pearson and Spearman’s Rank), reflecting
the close link between air and LST, which is appropriately captured in the dataset. All
reported correlations were statistically significant (p < 0.001), as expected given the sample
size of 347 and the large correlation magnitudes.

The collinearity diagnostics (Table 2) indicate that, although the overall CI remains
below the conventional threshold of 30 [51] with the maximum of 8.87, the variance decom-
position proportions provide clear evidence of redundancy among the UMIs. Specifically,
BD and FAR both shared more than 90% of their variance on the same dimension (PC4),
which signals near-linear dependence despite the moderate CI. This finding is consistent
with the VIF results, where BD and FAR exceeded the severe collinearity threshold of
10 with the values of 24.3 and 24.6, respectively [42], confirming their interchangeability in
regression models. In contrast, MBH shows moderate collinearity (with VIF value of 6.6),
with its variance concentrated on a separate component (PC3), while PV demonstrates in-
dependence (VIF value of 2.3, and loading primarily on PC2). Taken together, these results
suggest that BD and FAR cannot be used simultaneously without introducing instability in
regression estimates, MBH has moderate overlap with BD and FAR, and PV stands as the
most independent and robust predictor.

3.2. CUDI Urban Morphological Indicator

Existing UMIs such as BD, FAR, MBH, SVF, and impervious surface ratio are widely
used to characterize urban compactness and its thermal effects [9,15,18]. However, these
indices are typically analyzed independently, despite capturing overlapping structural
attributes of urban form, which frequently leads to multicollinearity and unstable parame-
ter estimation in regression-based UHI models. Moreover, commonly adopted composite
measures, such as local climate zone classification or compactness indices, provide cate-
gorical or generalized representations of urban form and may not preserve continuous
variability needed for fine-scale statistical modeling and spatial regression. In contrast,
the proposed CUDI integrates volumetric intensity (FAR), horizontal compactness (BD),
and vertical morphology (MBH) into a single continuous metric, enabling a statistically
stable yet physically interpretable representation of built-form density that is directly
suitable for quantitative modeling of thermal responses. To the authors’ knowledge, few
UHI studies have operationalized [5,9,52] such an integrated continuous density metric
explicitly designed to balance statistical robustness with morphological interpretability at
intra-urban scales.
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To mitigate multicollinearity among BD, FAR, and MBH while preserving their comple-
mentary representation of horizontal density, volumetric intensity, and vertical morphology,
we combined them into a single index called CUDI. It has been done using PCA on their
standardized values, which captures their shared variance while ensuring statistical sta-
bility and interpretability. The PCA’s first principal component (PC1), defined as CUDI,
accounted for 88% of the total variance, indicating that it effectively captured the com-
mon information shared by the three morphological indicators. The loadings of BD, FAR,
and MBH on PC1 were 0.60, 0.59, and 0.54, respectively, showing balanced positive contri-
butions from both horizontal density measures (BD and FAR) and the vertical dimension
(MBH). This indicates that CUDI represents an integrated urban density and morphological
intensity index rather than being dominated by either 2D density or building height alone.
This integrated representation contrasts with conventional single-indicator approaches that
isolate either planar density or building height and may therefore overlook their combined
thermal influence. Moreover, the robustness of the PCA was further demonstrated by its
strong correlation of 99% with the alternative index derived from the simple averaging
of z-scores for BD, FAR, and MBH. This consistency indicates that the results are stable
and not sensitive to the specific index construction method employed. VIF and CI with
variance decomposition were re-applied to the new variable and PV. The VIF values for the
final predictors were close to 1, indicating the absence of multicollinearity. This outcome
confirms that the PCA-based composite index (CUDI) successfully reduced redundancy
among BD, FAR, and MBH, enabling regression analysis with parsimonious and indepen-
dent predictors. Consistently, CI diagnostics also showed no evidence of multicollinearity.
The maximum CI value of 2.2 was far below the critical threshold of 30 [51]. Although both
CUDI and PV contributed primarily to the same component (83% each), the associated
eigenvalue remained well above zero (with the value of 0.34) [51], further supporting the
stability of the predictor set. In summary, the PCA-based CUDI index effectively reduced
multicollinearity while preserving the explanatory power of the original morphological
variables, thus providing a robust predictor set for regression analysis of AT and LST.

3.3. Air and Land Surface Temperature Analysis

Having established that the CUDI and PV predictors exhibited no signs of multi-
collinearity, standard OLS regression was applied to examine the relationship between the
indicators and air and surface temperatures. The OLS model showed a good fit, with both
R2 and adjusted R2 of 0.65, indicating that about two-thirds of the variation in AT is
explained by just the two predictors. This is a relatively strong result in urban climate
studies [46], though some of the explanatory power may reflect spatial clustering rather
than direct causation. The coefficients align with theoretical expectations. CUDI was
positive (+0.67, p < 0.001), suggesting that greater urban compactness is associated with
higher AT, consistent with UHI dynamics [9,14–17]. Conversely, PV was strongly negative
(−5.99, p < 0.001), showing that vegetation exerts a powerful cooling effect of approximately
−0.6 °C per 10% increase in PV. It is both statistically significant and ecologically plausible.
Diagnostic tests, however, revealed shortcomings. The DW statistic of 0.74 indicates strong
positive autocorrelation in residuals. Additionally, the Omnibus (p = 0.012) and Jarque–Bera
(p = 0.04) tests point to deviations from normality in residuals. While being less critical with
a large sample size of 347, they still signal distributional issues. Importantly, the condition
number (245.6) and low VIF values (1) confirm no multicollinearity problems.

The model fit was even stronger for surface temperatures, with R2 value of 0.74
(and Adjusted R2 of 0.73), meaning nearly three-quarters of the variance is explained
by CUDI and PV. This indicates that the predictors were highly effective in capturing
spatial patterns of LST. Coefficients showed a similar structure, CUDI was positive (+0.48,
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p < 0.001) while PV was negative (−6.25, p < 0.001) with effect sizes comparable to the AT
model. Diagnostics reveal similar caveats. The DW statistic (0.87) was still far below 2.0 [47],
pointing to positive residual autocorrelation and spatial dependence in model errors.
Residual normality tests (Omnibus and Jarque–Bera) also indicated some departure from a
normal distribution, though with a large sample size this is less problematic for inference.
Multicollinearity is not an issue (with the CI and VIF of around 26 and 1, respectively).

The DW statistics for AT and LST indicated strong positive autocorrelation in the
residuals, violating the OLS assumption of independence and suggesting spatial depen-
dence in temperature patterns. Therefore, standard OLS regression may not be appropriate
for this data. To assess whether the residuals from the OLS regression model exhibit spatial
dependence which can indicate model misspecification or the presence of unaccounted
spatial processes [46,47], Moran’s I test was performed. Moran’s I is a statistical measure
used to detect spatial autocorrelation, which indicates whether similar values occur near
each other in a spatial dataset. It is particularly useful in identifying spatial patterns
and clustering [53]. The value of Moran’s I typically ranges between −1 and 1, where
values close to 1 indicate strong positive spatial autocorrelation, values near −1 suggest
strong negative spatial autocorrelation, and values around 0 imply random spatial pat-
terns [53,54]. This application was crucial in ensuring the validity of spatial regression
models. For both AT and LST, the Moran’s I resulted very strong positive spatial au-
tocorrelation with values of approximately 0.8 and 0.6, respectively. These extremely
significant results imply that the residuals from standard OLS regressions are not spatially
independent, suggesting systematic over or under predictions in specific neighborhoods.
Consequently, model coefficients may be biased or inefficient, and R2 values could be arti-
ficially inflated due to spatial clustering. In both cases, ignoring spatial dependence would
lead to misleading inferences, highlighting the necessity of spatial regression models to
account for this autocorrelation.

Because OLS residuals displayed strong spatial dependence, we applied spatial re-
gression models to account for neighborhood effects. Two widely used spatial regression
models, the SLM and SEM, were applied. The SLM assumes that the temperature in one lo-
cation is directly influenced by neighboring temperatures, making it suitable when the
phenomenon itself exhibits spatial diffusion [49,55]. By contrast, the SEM assumes that
spatial dependence arises from unobserved factors in the error term, indicating that cluster-
ing is due to omitted variables rather than direct interaction among observations [49,55].
The SLM provided compelling evidence that AT in Bologna was highly spatially dependent.
The estimated spatial autoregressive coefficient (W = 0.80, p < 0.001) indicates a strong
contagion effect, temperature levels in one block strongly influence those of adjacent blocks.
This spatial interdependence was further supported by the model’s explanatory power,
with a pseudo-R2 of 0.94 compared to approximately 0.65 in an equivalent OLS model. Re-
garding covariates, the CUDI exerted a significant positive effect (direct coefficient = 0.16),
while PV had a strong negative effect of 2.56. When indirect spatial spillovers were consid-
ered, the total impact of CUDI rose to 0.81, whereas PV exerted a large cumulative cooling
effect of −12.71 (Table 3). These findings suggest that both morphological compactness
and density and vegetation cover not only influence local temperatures but also propagate
across neighboring areas, amplifying their role in shaping the urban thermal environment.
In contrast, SEM indicated by a very high λ coefficient (0.90, p < 0.001), suggesting that a
substantial proportion of the residual variance was spatially clustered. The effect of CUDI
was stronger in SEM (0.48), and PV remained negative (−2.26), consistent with the SLM re-
sults. However, the explanatory power of SEM was considerably lower (pseudo-R2 = 0.64),
and the spatial clustering was essentially absorbed into the residuals rather than modeled
explicitly in the dependent variable. Taken together, the SLM provided a more nuanced and
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realistic representation of AT dynamics in Bologna. It not only fit the data substantially bet-
ter but also allowed for the interpretation of spatial spillover effects, which are particularly
important in an urban context where heat propagates beyond individual block boundaries.

Table 3. Maximum Likelihood estimation results of the Spatial Lag Model (SLM) for air temperature
(AT) and land surface temperature (LST)

Metric/Variable AT LST

Mean Dependent Variable 2.94 12.38
S.D. Dependent Variable 1.86 1.42
Pseudo R2 0.94 0.92
Spatial Pseudo R2 0.73 0.80
Log Likelihood −258.74 −204.48
Sigma-square ML 0.21 0.16
S.E. of regression 0.46 0.40
AIC /SC 525.49/540.88 416.97/432.37
Constant (coef.) 1.44 (p < 0.001) 4.43 (p < 0.001)
CUDI (coef.) 0.16 (p < 0.001) 0.11 (p < 0.001)
PV (coef.) −2.56 (p < 0.001) −3.46 (p < 0.001)
Spatial Lag (W) 0.80 (p < 0.001) 0.74 (p < 0.001)

Impacts-CUDI Direct: 0.16/Indirect:
0.65/Total: 0.81

Direct: 0.10/Indirect:
0.30/Total: 0.40

Impacts-PV Direct: −2.56/Indirect:
−10.15/Total: −12.71

Direct: −3.46/Indirect:
−9.72/Total: −13.18

Residual Moran’s I 0.10 (p = 0.003) 0.12 (p<0.001)
S.D.: Standard Deviation; ML: Maximum Likelihood; S.E.: Standard Error; AIC: Akaike Information Criterion;
SC: Schwarz criterion.

Similar to AT, the SLM outperforms the SEM in explaining spatial variability in surface
temperature. The spatial autoregressive parameter was again high (W = 0.74, p < 0.001),
confirming that LST was strongly spatially contagious. The pseudo-R2 of 0.92 indicates
excellent explanatory power. As in the case of AT, CUDI exerted a positive influence
(direct effect = 0.11 and total effect = 0.40), while PV had a significant cooling effect
(direct effect = −3.46 and total effect = −13.18). These results highlight that the benefits of
vegetation and the warming effect of compact urban form extend well beyond individual
parcels, influencing surface thermal conditions across the urban fabric. The SEM results,
while consistent in the direction of effects (CUDI = 0.25, PV = −4.14, and λ = 0.89), captured
less spatial structure in the dependent variable (pseudo-R2 = 0.73).

Therefore, for both AT and LST, the SLM specification emerged as the more appropriate
model. For AT, although the SEM had slightly better log-likelihood and AIC values
(−254.89 and 515.79, respectively), its residuals exhibited very strong spatial autocorrelation
(Moran’s I = 0.89, p < 0.001), while the SLM reduced residual dependence to a much lower
level (Moran’s I = 0.10, p = 0.003). This indicates that the SLM better captures the underlying
spatial process despite marginally higher AIC (Table 3). For LST, the SLM model provided
a better fit (AIC = 416.97 vs. 418.09) and left far less residual autocorrelation than the SEM
(Moran’s I = 0.12 vs. 0.82). This can also be inferred from the Lagrange Multiplier (LM)
tests (LM-Lag and LM-Error) which helped determine the most appropriate specification
for the AT and LST data (Table 4). LM-Lag tests for spatial autocorrelation in the dependent
variable, while LM-Error tests for spatial autocorrelation in the error term, allowing to
determine the nature of spatial relationships in the data [56]. Both the LM-Lag and LM-
Error tests were highly significant in AT analysis, with values of 507.63 (p ≈ 0.0) and 494.47
(p ≈ 0.0), respectively. These results suggest that spatial autocorrelation is not negligible
and must be accounted for in model specification. For LST analysis, similar results acquired
with LM.Lag and LM-Error of approximately 343 (p ≈ 0.0) and 317 (p ≈ 0.0), respectively.
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The Robust LM tests, which help distinguish between the alternative forms of spatial
dependence, also returned significant outcomes. The Robust LM-Lag statistic (49.54 and
55.04 (p ≈ 0.0) for AT and LST analysis, respectively) was higher than the Robust LM-Error
statistic (36.38 and 28.51 (p ≈ 0.0) for AT and LST analysis, respectively). This comparison
indicates that while both forms of dependence were present, the spatial lag dependence was
comparatively stronger and more consistent. From a modeling perspective, these findings
imply that the SLM is the more appropriate specification. In this framework, spatial
effects are incorporated through the dependent variable, reflecting that the value of the
phenomenon in one location is influenced by its neighboring values. This choice ensured a
more robust and theoretically consistent representation of the underlying spatial process.

Table 4. Results of spatial dependence diagnostics (the Lagrange Multiplier (LM) tests) for air
temperature (AT) and land surface temperature (LST)

Test AT LST

LM-Lag 507.63 343.20
Robust LM-Lag 49.54 55.04
LM-Error 494.47 316.67
Robust LM-Error 36.38 28.51

SLM better accounted for the spatial propagation of heat and the spatial reach of
vegetation effects, offering stronger theoretical and empirical justification. While SEM
confirmed the presence of spatial clustering, its lower explanatory power and lack of
spillover interpretation made it less suitable. Therefore, AT and LST were modeled using a
SLM regression model to account for spatial spillovers. The SLM equations for AT and LST
are shown in Equation (8) and Equation (9), respectively.

AT = (I − 0.80W)−1(1.44 + 0.16 CUDI − 2.56 PV) + (I − 0.80W)−1 ε (8)

LST = (I − 0.74W)−1(4.43 + 0.11 CUDI − 3.46 PV) + (I − 0.74W)−1 ε (9)

where, W is the spatial weights matrix, I is the identity matrix, and ε is the error term. Subtle
differences between the AT and LST equations suggest distinct physical controls on surface
and near-surface thermal dynamics. The slightly higher spatial autoregressive coefficient
for AT (ρ = 0.80) compared with LST (ρ = 0.74) indicates stronger spatial propagation of air
temperature, which is consistent with advective and turbulent heat transport within urban
canyons, where airflow connectivity enables heat to diffuse across adjacent blocks [57].
In contrast, the stronger direct cooling effect of PV on LST (−3.46) relative to AT (−2.56)
reflects the dominant role of vegetation in modifying surface energy balance through
shading, evapotranspiration, and reduced surface heat storage, processes that act most
directly at the land surface before being transferred to the overlying air [6]. These patterns
indicate that while vegetation primarily governs localized surface cooling, AT responds
more strongly to neighborhood-scale spatial interactions mediated by urban morphology
and ventilation pathways.

Moreover, for the AT, marginal effects show average direct, indirect and total impacts
of CUDI equal to 0.16 °C, 0.65 °C and 0.81 °C per unit change, respectively. And for 10% in-
crease in PV, these impacts are −0.26 °C, −1.01 °C and −1.27 °C, respectively. These results
indicate that both local morphology and vegetation have large local and neighborhood
effects on AT, greening one block cools that block and its neighbors. Oke (1982) [57] high-
lights that urban temperature is influenced by a combination of factors (surface materials,
geometry, anthropogenic heat) and not by single variables in isolation. Our model aligns
more closely with potential real-world dynamics, as urban heat dynamics are rarely in-
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fluenced by isolated variables [37,38,58–60]. However, it requires careful interpretation,
especially in the presence of multicollinearity. The selection of interaction terms could
be sensitive to changes in data, and overfitting might be a risk if the model is applied to
significantly different urban forms. It is important to note that CUDI is a standardized PCA
score (unitless), while PV is expressed as a fraction ranging from 0 to 1. Moreover, one unit
increase in the compactness-density index leads to an average direct increase of 0.10 °C
in local LST. Through spatial feedbacks and spillovers, the average indirect increase is
0.30 °C, yielding a total effect of 0.40 °C across the system. Furthermore, 10% increase in PV
produces a strong direct cooling effect of −0.35 °C in the local block. Additionally, neigh-
boring areas experience an average spillover cooling of −0.97 °C, for a total system-wide
reduction of −1.32 °C. These magnitudes are consistent with empirical evidence reported
in the literature, where urban greening interventions typically reduce near-surface air or
surface temperatures by approximately 0.5–5 °C depending on vegetation density, spatial
configuration, and climatic context [1,2,37]. The agreement between the present estimates
and prior studies supports the physical plausibility of the modeled cooling effects and
highlights their practical relevance for urban heat mitigation strategies. Even moderate
increases in vegetation cover can therefore yield meaningful thermal benefits at both local
and neighborhood scales. Overall, these results emphasize the dual role of urban morphol-
ogy and vegetation in shaping the thermal environment. Higher density and compactness
contribute modest but significant local warming, while vegetation exerts a strong cooling
influence both locally and on surrounding areas. The significant spatial autoregressive
coefficient further indicates that LST patterns are not independent but instead exhibit strong
spatial clustering, underlining the importance of adopting spatial econometric approaches
in urban climate studies.

The positive thermal effect of CUDI in Bologna likely reflects a combination of re-
duced SVF, impeded urban ventilation, and enhanced heat storage and anthropogenic
heat release associated with compact urban morphology. Bologna’s historic urban fabric is
characterized by narrow street canyons, continuous perimeter blocks, extensive arcades,
and relatively high building coverage, which substantially reduce SVF and limit nocturnal
longwave radiative cooling, thereby trapping heat within the urban canopy layer [11,57].
Dense block structures and irregular street orientations also constrain wind penetration
and promote stagnant air masses, weakening convective heat removal, especially during
summer anticyclonic conditions typical of the Po Valley [13]. In addition, the prevalence of
masonry and paved surfaces increases thermal inertia and daytime heat storage, which is
gradually released at night, reinforcing the UHI effect [14,57]. Anthropogenic heat emis-
sions from traffic, commercial activity, and air conditioning further amplify sensible heat
fluxes in compact districts [2,6]. Together, these mechanisms provide a plausible physical
explanation for the consistently positive CUDI coefficients observed in both OLS and SLM,
indicating that compactness-driven morphological controls, rather than a single factor
alone, underpin the warming signal detected in Bologna.

Overall, the analysis confirms that vegetation exerts the strongest cooling influence,
consistently reducing both AT and LST across models. In contrast, the CUDI demonstrates
a clear warming effect, reflecting the intensification of thermal load associated with denser
and more compact urban forms. These results are in line with earlier Bologna-based analy-
ses [11–14] and other Mediterranean cites’ studies. However, the spatial spillover effects
identified here are stronger than those reported in several non-spatial or locally weighted
regression studies, likely because the spatial lag framework explicitly captures neighbor-
hood heat propagation rather than attributing clustered variance solely to local predictors.
Compared with similar studies in Mediterranean cities such as Naples, Milan, and Seville,
where vegetation cooling effects typically range between 0.3 and 2.0 °C at neighborhood
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scale [16,33,52], the estimated spillover magnitudes in Bologna appear slightly higher,
plausibly reflecting the city’s dense historic fabric, limited ventilation corridors, and high
thermal inertia, which enhance heat accumulation and spatial persistence. These contextual
differences in morphology and microclimate help explain both the consistency in effect
direction and the divergence in effect magnitude across studies. Although the empirical
magnitudes are context-dependent and specific to Bologna’s morphology and climate,
the integrated use of high-resolution thermal data and spatial lag modeling constitutes
a transferable methodological framework that can be readily replicated in other cities to
quantify local and spillover heat dynamics. Finally, the combination of these indicators
within spatial lag models yields high explanatory power, underscoring the critical role
of spatial spillovers in shaping thermal patterns. These results highlight the dual impor-
tance of enhancing vegetation cover and managing urban compactness as complementary
strategies for mitigating heat stress in densely built environments.

3.4. Limitations and Future Works

The combination of PV and CUDI proved effective in explaining spatial temperature
patterns, but the strong spatial autocorrelation detected in OLS residuals and addressed
through spatial econometric models highlights the influence of neighborhood effects and
unobserved processes. While the SLM successfully captured spatial spillovers, residual
clustering indicates that additional explanatory variables, such as material albedo or
anthropogenic heat emissions, were not explicitly included due to data limitations. This
omission constrains the full explanatory scope of the models. Therefore, given the context-
specific nature of both urban morphology and climate, the findings can be interpreted
as representative of Bologna rather than universally generalizable. Applying the same
methodology in different urban settings, climatic zones, or socio-ecological contexts may
yield different parameter sensitivities and thresholds. Thus, replication in diverse case
studies is needed before broader policy implications can be drawn.

On the other hand, the primary constraint of this analysis lies in its ability to provide
widespread, continuous coverage across an entire urban area, especially when compared
to remote sensing data. It is important to note that our analysis is limited to buffer zones
constructed around selected mobile measurement points. While this approach improves
data consistency along the transect and aligns with the spatial resolution of satellite data, it
does not provide full coverage of the urban fabric. Mobile AT measurements were available
only along a traveling path. While this theoretically allows access to a large portion of city
streets, this approach is categorized as having medium spatial coverage [13]. This contrasts
sharply with LiDAR-based DTMs and DSMs, satellite-based LST and NDVI measurements,
and cartographic data presented for the city, which provide spatially continuous coverage.
Furthermore, although the CUDI mitigated redundancy among BD, FAR, and MBH, it
remains a standardized construct specific to the study context. Its transferability to cities
with different architectural typologies or planning traditions may be limited. Similarly,
PV derived from NDVI provides a reliable, normalized measure of vegetation, but it
cannot account for 3D vegetation characteristics such as canopy height, density, or species
composition, which are critical for shading and evapotranspiration. Moreover, the study
relies on data from a specific temporal window. While this snapshot approach is common
in UHI research [11], it cannot fully capture the diurnal or seasonal variability of urban
thermal dynamics. For instance, vegetation effects are highly season-dependent, exerting
stronger cooling in summer than in winter [17,35,36], whereas building form parameters
such as MBH may have greater relevance during cold seasons due to altered radiation
balances [35,36]. Last but not least, the relationship between AT and LST is direct only in
stable atmospheric conditions, otherwise, it requires complex fluid dynamics and energy
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balance equations [1,11]. However, even under meteorologically stable and cloud-free
conditions, daytime and nighttime surface-atmosphere thermal coupling is not strictly
equivalent. Diurnal differences in radiative forcing, surface heat storage, and thermal
inertia lead to fundamentally different energy balance regimes. During daytime, LST is
strongly influenced by solar radiation and material albedo, whereas at night LST reflects the
release of stored heat and longwave radiative cooling, while near-surface AT is additionally
controlled by boundary-layer stability and reduced turbulent mixing [1,11]. Consequently,
similar synoptic conditions do not guarantee comparable AT-LST sensitivities across diurnal
phases. Although a meteorological equivalence assessment was performed to minimize
weather-driven bias, the temporal mismatch between nocturnal AT observations and late-
afternoon ECOSTRESS LST may introduce residual uncertainty in the magnitude and
interpretation of AT-LST relationships. Results should therefore be interpreted primarily in
terms of spatial pattern consistency rather than absolute thermal coupling strength.

Despite these limitations, the findings underscore the need for integrated urban plan-
ning strategies that combine morphological controls with greening interventions to mitigate
urban heat. Future studies should consider expanding the spatial scope or incorporating
city-wide zoning methods such as local climate zones, land use categories, or morphological
zoning [52] to improve representativeness and to reduce potential spatial bias. In this regard,
the use of standardized and connected sensor systems could also enhance data coverage.
For instance, a specific type of AT sensor device called MeteoTracker can be employed.
This device calculates AT using differences in heat transfer coefficients and radiant power
under varying airflow conditions [61]. Importantly, this type of sensor is compatible with
data processing logic units with its Citizen Science networks. By leveraging data collected
from multiple identical devices, such a network can significantly expand the spatial and
temporal resolution of urban temperature monitoring. Moreover, the spatial coverage and
variable design constrain the ecological and morphological representativeness of the results.
Expanding the framework to include multiple cities or higher-resolution morphological and
ecological indicators such as LiDAR-derived green volume would enhance generalizability.
Finally, future work should integrate truly time-matched multi-temporal datasets such
as simultaneous daytime and nighttime AT-LST acquisitions or diurnal thermal cycles
from geostationary or repeated overpasses, to explicitly resolve diurnal hysteresis effects
and surface thermal inertia. This would enable more robust quantification of AT-LST
coupling and reduce uncertainties associated with temporal mismatches between mobile
observations and satellite acquisitions.

4. Conclusions
This study successfully assessed the influence of structural and vegetative characteris-

tics on urban thermal conditions in Bologna, Italy, by integrating mobile AT measurements
with remotely sensed LST data. Key UMIs, BD, MBH, FAR, and PV, were analyzed to un-
derstand their distinct effects on urban temperature dynamics. Initial correlation analyses
revealed strong associations between all UMIs and both AT and LST, reflecting the tight link
between air and surface temperatures. To address multicollinearity among density-related
UMIs (BD, FAR, MBH), a composite index, CUDI, was developed, providing a statistically
robust predictor for regression analyses.

Spatial regression modeling proved critical, as OLS residuals exhibited significant
positive spatial autocorrelation. The SLM emerged as the most suitable specification,
capturing spatial dependencies and heat propagation effectively. It demonstrated strong
explanatory power for both AT and LST. Results indicate that greater urban compactness
is associated with higher temperatures. In contrast, vegetation exhibited strong cooling
effects. The substantial spatial lag coefficients highlight a pronounced contagion effect,
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demonstrating that both the warming influence of dense urban form and the cooling effect
of vegetation propagate across neighboring areas.

The findings offer actionable insights for urban planning in Bologna. Mitigation strate-
gies targeting UMIs can effectively reduce urban heat and enhance resilience. High BD and
FAR contribute to elevated LST and UHI intensity by increasing heat-absorbing surfaces
and reducing natural cooling. Mitigation measures include stricter building regulations,
promoting energy-efficient structures, green building materials, and designing multi-story
complexes that balance density while integrating green spaces [17,35,36]. Dense low-rise
clusters should be avoided, and impervious surfaces should be minimized. Vegetation
mitigates UHI through evapotranspiration and shading. Enhancing PV involves preserving
existing tree areas, increasing overall vegetation cover, planting rapidly growing tall trees
in fragmented areas, implementing green roofs, and rehabilitating bare soil [9,11,17]. Veg-
etation should be strategically placed to maximize shading and pedestrian-level cooling,
while local communities are encouraged to maintain green spaces. The effect of build-
ing height on UHI is complex. Taller buildings can enhance airflow, provide shading,
and store/release heat efficiently [35,36]. Urban redevelopment should promote diverse
building heights to prevent monotonous high-rise walls, improve shading, and enhance air
circulation. Additional measures include maintaining water bodies for cooling [9], using
cool pavements and high-albedo surfaces [9,11], and adopting polycentric or dispersed
urban layouts [58]. These strategies should be balanced with the benefits of compact cities,
such as reduced travel distances and lower energy and CO2 emissions [58].

Despite these insights, this study acknowledges some limitations, including reliance
on a snapshot temporal window, medium spatial coverage from mobile AT measurements,
and the omission of certain explanatory variables such as material albedo. Future research
should expand spatial coverage using city-wide zoning methods such as local climate
zones, incorporate multi-temporal and multi-seasonal datasets, and leverage advanced
sensor networks to enhance data resolution and representativeness. Overall, this study
confirms that targeted interventions on key UMIs, through careful design of urban density,
vegetation, and building form, can significantly mitigate UHI effects, with benefits that
extend beyond individual parcels to entire neighborhoods, supporting both localized and
regional urban climate adaptation strategies. The spatial lag results indicate that thermal
conditions in one unit are strongly influenced by adjacent units. Isolated parcel-level
interventions therefore deliver limited and inconsistent cooling benefits. Coordinated
neighborhood-scale planning such as district-wide greening programs, block-level building
massing controls, and integrated surface material standards is more effective for achieving
stable and measurable thermal mitigation.
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Abbreviations
The following abbreviations are used in this manuscript:

AIC Akaike Information Criterion
AT Air Temperature
BD Building Density
CI Condition Index
CUDI Composite Urban Density Index
DSMs Digital Surface Models
DTMs Digital Terrain Models
DW Dublin Watson
FAR Floor Area Ratio
LM Language Multiplier
LST Land Surface Temperature
MBH Mean Building Height
NDVI Normalized Difference Vegetation
OLS Ordinary Least Square
PCA Principal Component Analysis
PV Proportion of Vegetation
SEM Spatial Error Model
SLM Spatial Lag Model
SVF Sky View Factor
UHI Urban Heat Island
UMIs Urban Morphology Indicators
VIF Variance Inflation Factor
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