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Abstract

This research examines the relationship between urban physical characteristics and land surface temperature within discrete thermal
pixels obtained from Landsat 8 Collection 2 Level-2 products in Guadalajara, Mexico. The city’s extensive collection of high-quality
geospatial data enables urban thermal analysis with high granularity. We integrate multiple datasets: a LiDAR-derived urban tree
inventory with individual tree metrics; building footprints with roof material classifications; green space polygons; transportation
infrastructure including roads and sidewalks; and water body delineations. Our methodology focuses on the pixel level—for each
30-meter thermal pixel (900 square meters), we precisely quantify all urban features within its boundaries, creating a comprehensive
dataset where each pixel contains measurements of all elements present. This spatial integration enables multivariate regression
modeling using machine learning, where predictor variables represent the quantity of each urban element and the target variable
is pixel temperature. Using interpretable machine learning techniques, we identify the relative importance of urban elements in
predicting thermal patterns, achieving R² values ranging from 0.69 to 0.83 across different urban contexts. This pixel-level approach
provides granular understanding of urban thermal dynamics, supporting evidence-based urban planning decisions for thermal
management.

1. Introduction

Urban areas worldwide are undergoing significant transforma-
tions, resulting in altered thermal environments that affect en-
ergy consumption, public health, and overall quality of life.
Identifying the drivers of urban thermal variations is essential
for sustainable urban planning, particularly in rapidly expand-
ing metropolitan regions such as the Guadalajara Metropolitan
Area (AMG), Mexico. The expansion of the metropolitan area
has led to substantial changes in land use, including vegetation
loss, which contributes to documented climate challenges and
increased vulnerability to heat events, as reported in local cli-
mate action plans (Gobierno de Guadalajara and C40 Cities and
IMEPLAN and Gobierno de Jalisco, 2020).

The spatial distribution of land surface temperature (LST) is
shaped by a complex interplay of the physical characteristics of
the urban landscape, including building morphology, vegetation
cover, surface materials, and urban geometry (Sun et al., 2019).
In the Guadalajara Metropolitan Zone, reported studies show
temperature differences of up to 4 ◦C between densely built areas
and adjacent vegetated zones, evidencing the Urban Heat Island
(UHI) phenomenon (Camacho Sandoval et al., 2024). Address-
ing these thermal disparities is a key aspect of the metropolitan
climate action framework (Gobierno de Guadalajara and C40
Cities and IMEPLAN and Gobierno de Jalisco, 2020).

Traditional urban climate studies often operate on broader scales,
employing frameworks such as Local Climate Zones (LCZs) to
classify urban landscapes. While useful for identifying broad
spatial patterns, macro-scale approaches may fail to capture fine-
grained variations that influence localized thermal conditions
relevant to site-specific interventions (Demuzere et al., 2022).
There is a need to understand how specific urban features within

smaller spatial units, such as satellite thermal pixels, contribute
to observed temperatures.

Guadalajara provides a relevant case study for such granular ana-
lysis due to the availability of high-resolution geospatial datasets.
A comprehensive public urban tree inventory, developed using
LiDAR, provides detailed information on more than 1.1 million
trees. This detailed urban forest characterization, when integ-
rated with data on building footprints, construction materials,
additional green spaces, and infrastructure, enables the precise
quantification of urban components on the thermal pixel scale
(Morales Manilla et al., 2018).

The present analysis examines the relationship between urban
morphology and thermal patterns at 30-meter pixel resolution in
Guadalajara. Selected neighborhoods exhibiting distinct urban
forms are analyzed, as the variables influencing thermal condi-
tions vary significantly across different areas of the city. We
employ machine learning techniques, similar to the approaches
used in other subtropical high-density cities (Sun et al., 2019),
to model and interpret the influence of specific urban elements
quantified within each pixel on its LST.

The practical applications of this research include:

• Identifying and ranking urban elements by their relative
importance in predicting local temperatures

• Supporting data-driven decisions for urban interventions in
existing neighborhoods

This research aims to apply a pixel-level analysis methodology
to neighborhoods with high-quality geospatial data, developing
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multivariate regression models that quantify the influence of
urban elements on land surface temperature and determine their
relative importance in different urban contexts in Guadalajara.

2. Materials and Methods

2.1 Study Area

This study examines specific neighborhoods within the Guadala-
jara Metropolitan Area (AMG) of Jalisco, Mexico. We focus our
analysis on three neighborhoods: Jardines Alcalde, Panorámica
de Huentitán, and Zona Centro. These neighborhoods were se-
lected based on the availability of high-quality data and their
distribution across different sectors of the city, allowing a geo-
graphically representative analysis. The spatial distribution of
the selected neighborhoods enables the capture of diverse urban
configurations throughout Guadalajara, while preserving the
data resolution required for detailed pixel-level thermal analysis.
By examining neighborhoods in different parts of the city, we
can identify how urban elements influence the temperature of the
land surface in diverse urban contexts within the metropolitan
area, with potential applications to other neighborhoods with
similar characteristics.

2.2 Data Sources

A diverse collection of high-resolution geospatial datasets cover-
ing the Guadalajara Metropolitan Area was compiled, enabling
detailed characterization of the urban environment at the pixel
level. The primary datasets employed are described below:

• LiDAR Urban Tree Inventory: Individual tree data were
obtained from a public inventory generated using LiDAR
technology, available through the ”Visor Urbano” platform
(Gobierno de Guadalajara, 2024). The dataset includes
geographic coordinates, canopy radius, and height meas-
urements for trees in public spaces.

• Landsat 8 Surface Temperature Product: Land Surface
Temperature data were obtained from Landsat 8 Collection
2 Level-2 Science Products (USGS, 2024). According to
the Landsat 8-9 Calibration and Validation Algorithm De-
scription Document, the TIRS (Thermal Infrared Sensor)
bands natively capture thermal data at 100-meter spatial
resolution (USGS EROS, 2023, Section 2.2). The delivered
products undergo resampling to 30-meter resolution to align
with the multispectral OLI bands. This resampling process
employs cubic convolution interpolation combined with
the Akima method to achieve subpixel alignment (USGS
EROS, 2023, Section 4.3.3), resulting in thermally correc-
ted products that maintain geometric consistency across
all Landsat 8 bands. It is important to note that although
the LST products are provided at 30m pixel resolution, the
effective thermal information remains at the original 100m
scale. Clear-sky imagery with minimal cloud cover was
selected from the available archive.

• Cadastre, Sidewalks, and Road Network: Vector datasets
representing built environment components were obtained
from (Instituto de Información Estadı́stica y Geográfica
de Jalisco, 2024). These include building footprints with
roof material classifications, sidewalk polygons, and road
networks. Roof material classifications are particularly rel-
evant as different materials exhibit distinct thermal proper-
ties: concrete roofs have high thermal mass with significant

heat storage capacity (Kubota et al., 2020), metal sheets
show rapid heating and cooling cycles (Hernández-Pérez
et al., 2014), while tile materials demonstrate intermediate
thermal performance (Santamouris, 2017). These proper-
ties justify including roof materials as separate predictor
variables in LST modeling.

• Green Areas and Water Bodies: Additional geospatial
datasets were obtained from FIPRODEFO (Fideicomiso
para la Administración del Programa de Desarrollo Forestal
del Estado de Jalisco, 2024), including polygons represent-
ing surface green areas (distinct from LiDAR trees) and
surface water bodies.

2.3 Data Preprocessing and Feature Extraction

All geospatial datasets were reprojected to a common coordinate
reference system for spatial consistency. The feature extraction
process quantified urban elements within each 30m LST pixel
boundary. Using the LST pixels as a base grid (Figure 1(b)),
we performed spatial overlay operations to calculate: (1) in-
tersection areas for polygonal features (buildings by roof type,
roads, sidewalks, green spaces, water bodies), and (2) count
and average metrics for point features (tree inventory). This
produced a structured dataset where each row represents one
pixel containing the temperature value and all quantified urban
features within its bounds (Table 1).

This processing pipeline culminated in a structured tabular data-
set where each row represents a single 30 m pixel with a unique
pixelID. Table 1 displays a representative sample of this res-
ulting dataset, ready for input into our regression model. Each
row contains the target variable (Land Surface Temperature) and
all predictor variables that quantify urban morphology within
that pixel. The sum of predictor areas (m²) per pixel may be less
than the total pixel area (900 m²) as the available data layers do
not account for all surface types, resulting in uncharacterized
gaps. This format provides a clean, analysis-ready dataset where
all relevant urban elements have been precisely quantified at
the pixel level, making it suitable for direct input into machine
learning regression algorithms. These variables derived form the
basis for the subsequent exploratory analysis (Section 2.4) and
regression modeling (Section 2.5).

2.4 Exploratory Data Analysis

Before constructing the predictive model (Section 2.5), an ex-
ploratory data analysis (EDA) was performed on the final dataset
generated in Section 2.3. This step aimed to understand the dis-
tribution of the target variable and identify relationships between
the urban form variables and land surface temperature.

We first examined the statistical distribution of pixel temper-
atures across all analyzed neighborhoods, as shown in Figure
2. The histogram reveals a bimodal distribution with a primary
peak around 42.12°C (the median) and a secondary peak near
36°C. This pattern suggests two distinct thermal regimes within
the study area, potentially corresponding to different urban mor-
phologies. The overall temperature range spans from 29.2°C
to 48.4°C, with a mean of 41.41°C and standard deviation of
2.92°C, demonstrating considerable thermal variation within the
urban neighborhoods.

Next, we examined the Pearson correlation coefficients between
all derived predictor variables and the target variable (LST).
Figure 3 visualizes these correlations, providing initial insights
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Pixel Temp. Concrete Metal Tile Under Dome Sports Other Avg. Total Green Road SidewalkWater
ID (°C) Roof Sheet Roof Const. Roof Court Roof Tree Trees Area Area Area Bodies

Target (m²) (m²) (m²) (m²) (m²) (m²) (m²) Ht(m) (m²) (m²) (m²) (m²)
1 42.68 482.8 171.1 2.3 0.0 1.2 0.0 3.5 3.2 1 5.8 87.3 45.2 0.0
2 42.51 391.1 209.8 0.0 4.5 0.0 2.7 0.0 8.7 1 5.3 47.7 67.7 0.0
3 42.95 174.1 11.3 59.1 0.0 0.0 15.4 1.8 4.8 5 32.7 185.1 188.7 0.0
4 43.14 347.2 6.2 12.6 7.3 2.1 0.0 0.0 5.1 2 23.1 217.8 128.6 0.0
5 40.93 563.8 0.0 85.7 1.9 0.0 8.6 3.2 2.8 2 5.0 112.6 75.3 0.0
...

...
...

...
...

...
...

...
...

...
...

...
...

...
...

Note: Temperature is the target variable, while all other variables except PixelID are predictors. The sum of predictor areas (m²) per pixel may be less than the total pixel area
(900 m²) as the available data layers do not account for all surface types, resulting in uncharacterized gaps.

Table 1. Sample pixel data showing target variable (temperature) and predictor variables for urban form metrics.

(a) LST Map snippet. (b) Pixel Grid (30m). (c) Tree cover. (d) Green areas / Water.

(e) Buildings (by roof type). (f) Roads. (g) Sidewalks.

Figure 1. Conceptual illustration of the pixel characterization process. (a) Land Surface Temperature map for a sample area. (b) The
30m analysis pixel grid. (c-g) Different urban feature layers overlaid: (c) Tree cover, (d) Green areas and water bodies, (e) Buildings
coloured by roof material, (f) Road surfaces, (g) Sidewalk surfaces. The methodology quantifies the area/presence of each feature

within every pixel.

Figure 2. Distribution of land surface temperature showing
bimodal pattern (mean=41.41°C, range=29.2-48.4°C).

into which urban elements most strongly influence surface tem-
perature. Green infrastructure elements showed the strongest
cooling effect, with green area having the strongest negative cor-
relation (-0.60), followed by tree height (-0.49) and tree count
(-0.31). Among the warming factors, concrete roofs exhibited
the strongest positive correlation (0.34), followed by sidewalks

(0.25) and road areas (0.24). Metal roofs also showed a moderate
warming influence (0.19), while tile roofs, water bodies, and
sports courts showed minimal cooling effects.

Figure 3. Pearson correlation coefficients between urban form
variables and land surface temperature. Blue bars indicate
cooling factors (negative correlation), while red bars show

warming factors (positive correlation).

To explore these relationships in greater depth, we categorized
temperature values into five distinct levels using quintiles, as
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shown in Table 2. This categorization provided a foundation for
examining how different urban elements vary across temperature
thresholds.

Temperature
Level Min (◦C) Max (◦C)
Level 1 (Very low) 29.24 40.56
Level 2 (Low) 40.56 41.74
Level 3 (Medium) 41.74 42.49
Level 4 (High) 42.49 43.24
Level 5 (Very high) 43.24 52.82

Table 2. Temperature threshold categories based on quintile
analysis.

Using these temperature levels, we analyze how key urban form
variables change across the thermal gradient. Figure 4(a) reveals
a clear inverse relationship between the average height of the
tree and the temperature levels. Pixels with the lowest temper-
atures (Level 1) have trees averaging 10.48 m in height, more
than twice the average height (4.73 m) found in the hottest pixels
(Level 5). Similarly, Figure 4(b) shows that cooler areas have
nearly twice as many trees per pixel on average (4.10 trees in
Level 1) compared to the hottest areas (2.14 trees in Level 5), re-
inforcing the cooling effect of urban trees. The most pronounced
pattern is shown in Figure 4(c), where the coolest zones contain
over five times more green space (384.19 m²) than the hottest
zones (68.78 m²). This substantial contrast highlights the strong
cooling influence of vegetated surfaces in urban settings.

Examining building materials, Figure 5 shows that both the total
roof area and the proportion of concrete roofs increase with tem-
perature levels. The coolest areas (Level 1) have approximately
175 m² of total roof coverage, while the hottest areas (Level 5)
contain nearly 440 m². Concrete roofs, which have high thermal
mass and absorption, constitute the largest proportion across all
temperature levels, particularly in hotter areas.

These exploratory visualizations provide valuable intuition about
the dataset before proceeding to the modeling phase. The clear
patterns observed across temperature levels validate our ap-
proach of examining urban form elements at the pixel level
and inform expectations for the machine learning model. In
particular, the consistent inverse relationship between green in-
frastructure metrics and temperature levels, coupled with the
positive association between impervious surfaces and temperat-
ure, suggests that these will be dominant factors in predicting
LST.

2.5 Modeling

To investigate the quantitative relationships identified during
EDA and build a predictive model, a machine learning regression
approach was employed. Specifically, the XGBoost (Extreme
Gradient Boosting) algorithm was selected, known for its high
predictive performance, computational efficiency, and built-in
regularization techniques that help prevent overfitting (Chen and
Guestrin, 2016).

Before modeling, we identified which pixels belonged to each
of our target neighborhoods (Colonia Jardines Alcalde, Colonia
Panorámica de Huentitán, and Zona Centro). Using GeoPandas,
we performed a spatial join between our pixel grid and neighbor-
hood polygon boundaries, enabling us to filter the dataset from
Table 1 to include only pixels within these specific urban zones.
This critical step allowed us to apply our methodology to each

(a)

(b)

(c)

Figure 4. (a) Average tree height across temperature levels,
showing taller trees in cooler pixels and progressively shorter

trees as temperature increases. (b) Average number of trees per
pixel across temperature levels, showing higher tree density in
cooler areas. (c) Average green area across temperature levels,

showing the dramatic decrease in vegetated surfaces as
temperatures increase.

Figure 5. Distribution of roof types across temperature levels,
showing increasing roof area and predominance of concrete

roofs in hotter pixels.

selected neighborhood independently, enabling comparison of
thermal dynamics across different urban morphologies within
Guadalajara.
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The filtered dataset for each neighborhood, comprising the LST
(target variable) and predictor variables for each 30 m pixel as
structured in Table 1, served as input for the modeling process.
The data was split into training (80%) and test (20%) sets using
random sampling.

Hyperparameter optimization was performed exclusively on the
training set using Randomized Search Cross-Validation (Ran-
domizedSearchCV). This process efficiently explored the hyper-
parameter space (learning rate, number of estimators, maximum
depth, subsampling rates) using 5-fold cross-validation within
the training data to identify optimal settings based on minimizing
RMSE.

The final model performance was evaluated by training an XG-
Boost model with the optimal hyperparameters on the full train-
ing set and then evaluating it on the held-out test set. The R²
and RMSE values reported in Section 3 represent this test set
performance, ensuring unbiased estimates of model generaliza-
tion ability. Modeling tasks were implemented in Python, using
the XGBoost library and Scikit-learn for cross-validation and
hyperparameter search utilities.

3. Results and Discussion

This section provides a detailed analysis of neighborhood-
specific models constructed to examine urban thermal dynamics
on the pixel scale. The analysis focuses on three neighborhoods
within Guadalajara each characterized by distinct urban mor-
phologies and thermal attributes. This diversity facilitates the
evaluation of how relationships between urban elements and
land surface temperature vary across different urban settings.
Following the modeling approach described previously, thermal
model results are analyzed individually for each neighborhood,
followed by a comparative assessment across all studied areas,
and conclude with practical implications for urban planning and
thermal management strategies.

3.1 Thermal model results by neighborhood

The neighborhoods analyzed—Jardines Alcalde, Zona Centro,
and Panorámica de Huentitán—exhibit distinctive thermal sig-
natures and model performance metrics, reflecting the complex
interaction between urban form elements and surface temperat-
ure at the fine-grained pixel level. The following subsections
detail the results for each area, highlighting the key urban fea-
tures that drive thermal dynamics in each specific context.

Urban Form Variable Importance
Green area 0.3322
Water body 0.1486
Road area 0.1197
Metal sheet roof 0.0877
Average tree height 0.0817
Sidewalk area 0.0396
Concrete roof 0.0393
Under construction 0.0363
Sports court 0.0343
Total trees 0.0297

Table 3. Feature importance ranking for Jardines Alcalde
neighbor model.

3.1.1 Jardines Alcalde The model for Jardines Alcalde ex-
hibits strong predictive performance, explaining approximately
83% of the LST variability (R2 = 0.8290) and achieving high
precision (RMSE = 0.5115°C).

Figure 6. Feature importance ranking for Jardines Alcalde
neighbor, showing the relative influence of each urban form

variable on land surface temperature prediction.

As shown in Figure 6 and Table 3, green infrastructure features
play a dominant role in shaping thermal dynamics in Jardines
Alcalde. Green area emerges as the most influential predictor
(0.3322), more than twice as important as the second-rank fea-
ture. Water bodies rank second (0.1486), likely reflecting local
water features that provide cooling effects, followed by road area
(0.1197), metal sheet roofing (0.0877), and average tree height
(0.0817).

Figure 7. Actual vs. predicted temperature values for Jardines
Alcalde (R2 = 0.8290).

Figure 7 demonstrates the model’s predictive accuracy, with
points clustering tightly around the diagonal line. The temper-
ature range spans approximately 35.5°C to 44°C, with most
observations concentrated between 40°C and 43°C.

Figures 8 and 9 provide model diagnostics. The residuals show
uniform distribution around zero with no systematic bias, and
the histogram confirms normality (mean = -0.0004). Most errors
fall within ±1°C, supporting the model’s validity and indicating
that selected features adequately capture LST influencing factors
in this neighborhood.

3.1.2 Zona Centro The model for Zona Centro achieved
R2 = 0.7043 and RMSE = 0.6526°C. Although slightly lower
than Jardines Alcalde, the model remains robust considering
the greater complexity and urban density of the historical city
center.

As shown in Figure 10 and Table 4, the feature importance pro-
file differs from Jardines Alcalde. While green area remains the
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Figure 8. Residuals versus predicted values for Jardines Alcalde
neighbor model, showing uniform scatter around zero with no

apparent patterns.

Figure 9. Distribution of model residuals for Jardines Alcalde
neighbor, showing an approximately normal distribution

centered near zero.

Urban Form Variable Importance
Green area 0.2640
Average tree height 0.2582
Concrete roof 0.0799
Road area 0.0579
Sidewalk area 0.0563
Water body 0.0501
Metal sheet roof 0.0499
Dome roof 0.0410
Under construction 0.0378
Total trees 0.0377

Table 4. Feature importance ranking for Zona Centro neighbor
model.

most important predictor (0.2640), average tree height closely
follows (0.2582), suggesting that in the dense urban fabric, ver-
tical vegetation structure becomes almost equally important as
horizontal green coverage. Concrete roofs emerge as the third
factor (0.0799), significantly higher than in Jardines Alcalde,
reflecting their prevalence in the historical center. Water bodies
show reduced importance, dropping to sixth place (0.0501).

The residual plots confirm normally distributed errors with mean
near zero (-0.0008) and most residuals within ±1.5°C. The actual
vs. predicted plot shows good agreement, with observations con-
centrated in the 40-44°C range, indicating the generally warmer
conditions of this densely built urban center.

Urban Form Variable Importance
Average tree height 0.2510
Concrete roof 0.1923
Total trees 0.1064
Green area 0.0948
Sidewalk area 0.0914
Tile roof 0.0631
Metal sheet roof 0.0588
Road area 0.0550
Water body 0.0341
Under construction 0.0306

Table 5. Feature importance ranking for Panorámica de
Huentitán neighbor model.

3.1.3 Panorámica de Huentitán The model for Panorámica
de Huentitán shows distinct performance with moderate explan-
atory capacity (R2 = 0.6937), higher error (RMSE = 1.5921°C),
and greater thermal variability (CV = 7.62%). These results
reflect the neighborhood’s heterogeneous topography and trans-
itional urban development characteristic of peripheral metropol-
itan areas.

The feature importance pattern (Figure 11 and Table 5) reveals
the most distinctive thermal dynamics among neighborhoods.
Average tree height emerges as the dominant factor (0.2510),
followed by concrete roof area (0.1923), which shows much
greater importance than in other neighborhoods. Notably, green
area ranks only fourth (0.0948), suggesting that in this peripheral
neighborhood with steeper terrain, vertical vegetation structure
exerts greater influence than horizontal green coverage.

Residuals show wider distribution (-6°C to +6°C) with normal
distribution centered near zero (mean = 0.0024). The actual
vs. predicted plot reveals broader temperature range (34-46°C)
and greater scatter, consistent with higher RMSE. This wider
thermal variability reflects the neighborhood’s location at the
urban periphery, where built environment transitions to natural
landscape.

3.2 Comparative analysis between neighborhoods

The comparative analysis across the three neighborhoods high-
lights distinct patterns in model performance and urban form
variable influence on land surface temperature. Jardines Al-
calde yielded the highest predictive performance (R2 = 0.8290,
RMSE = 0.5115°C), followed by Zona Centro and Panorámica
de Huentitán. These variations reflect differences in urban mor-
phological complexity, where more homogeneous areas exhibit
more predictable thermal patterns.

Feature importance rankings reveal how LST determinants differ
across urban contexts. Green infrastructure consistently acts as
a significant cooling factor, though its relative influence varies
by local characteristics. In Jardines Alcalde, horizontal green
coverage dominates thermal regulation; in Zona Centro, both
green area and tree height are equally influential; in Panorámica
de Huentitán, tree height supersedes green area importance,
while building materials exert stronger warming effects.

The elevated RMSE in Panorámica de Huentitán indicates that
peripheral areas with greater heterogeneity in topography and de-
velopment may require more sophisticated modeling approaches.
Despite variations in form (horizontal coverage versus vertical
structure), green infrastructure’s consistent identification as a
dominant cooling factor confirms its universal importance in
urban thermal regulation, with cooling efficiency depending
heavily on surrounding urban context—a finding with signific-
ant implications for targeted greening strategies.
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Figure 10. Diagnostic plots for Zona Centro neighbor model showing: (top left) feature importance ranking, (top right) actual vs.
predicted values, (bottom left) residual distribution, and (bottom right) residuals vs. predictions scatter plot.

Figure 11. Diagnostic plots for Panorámica de Huentitán neighbor model showing: (top left) feature importance ranking, (top right)
actual vs. predicted values, (bottom left) residual distribution, and (bottom right) residuals vs. predictions scatter plot.

3.3 Practical implications for urban planning

The neighborhood-specific findings provide practical guidelines
that urban planners can directly apply when designing new devel-

opments or retrofitting existing urban spaces to optimize thermal
conditions.

In residential neighborhoods (similar to Jardines Alcalde), pri-
ority should focus on expanded horizontal green coverage and
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strategic water feature placement. For dense urban centers (sim-
ilar to Zona Centro), effective thermal management requires
balanced approaches combining horizontal green coverage with
vertical vegetation structure, plus reduction of concrete roof
areas. In peripheral areas (similar to Panorámica de Huentitán),
interventions should emphasize conservation and planting of
taller tree species while carefully regulating concrete roof imple-
mentation.

These strategies are quantitatively supported by model results.
For example, increasing green area by 300 m² within a pixel
could reduce surface temperatures by up to 5°C in residential
areas, while in dense centers, combining 150 m² of green area
with 2-3 meter increases in tree height achieves similar cool-
ing effects. The quantitative insights support evidence-based
decision-making in urban planning, aligning with Guadalajara’s
climate adaptation objectives outlined in the Metropolitan Cli-
mate Action Plan (Gobierno de Guadalajara and C40 Cities and
IMEPLAN and Gobierno de Jalisco, 2020).

4. Conclusions

The study highlights the advantages of pixel-level thermal ana-
lysis in urban environments, offering high spatial granularity for
understanding the relationships between urban form and land
surface temperature. The quantification of diverse urban features
at the 30-meter thermal pixel scale enables the transformation
of intuitive notions of urban heat dynamics into a data-driven
analytical framework with direct applications for evidence-based
planning.

The high-resolution methodology revealed distinct thermal pat-
terns across neighborhoods in Guadalajara, with significant vari-
ations in the importance of urban elements. Green infrastructure
consistently functioned as a dominant cooling factor, though its
influence varied by context: horizontal green coverage showed
greatest impact in residential areas, while tree height became
equally important in dense urban cores, and building materials
exerted stronger influence in peripheral zones. These findings
underscore the importance of context-sensitive approaches for
effective urban thermal regulation.

From a practical perspective, this research provides planners
with a quantitative framework to predict thermal outcomes of
design interventions. For example, increasing green coverage by
approximately 300 m² within a thermal pixel may reduce surface
temperatures by up to 5°C, depending on the surrounding urban
context.

The methodology exhibits strong predictive performance (R² =
0.69-0.83), though higher prediction errors in peripheral areas in-
dicate that incorporating additional environmental variables may
improve model accuracy in complex urban environments. The
pixel-level approach provides the foundation for operationaliz-
ing Guadalajara’s Metropolitan Climate Action Plan objectives,
enabling targeted interventions that enhance cooling efficiency
and optimize resource allocation across the metropolitan region.
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