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Abstract

This study developed and tested a neighborhood-scale framework that integrates un-
manned aerial vehicle (UAV)-based multispectral mapping and georeferenced socioeco-
nomic data to identify inequities in urban green infrastructure and translate them into
an operational prioritization tool for inclusive planning. Using object-based image analy-
sis, impervious surfaces, low vegetation, and woody vegetation (trees and shrubs) were
mapped across 33 Neighborhood Units in Temuco, Chile, and landscape metrics describ-
ing dominance, edge, isolation/connectivity, and diversity were derived. Socioeconomic
conditions were summarized through Principal Component Analysis, and their relation-
ships with vegetation metrics were evaluated using Generalized Additive Models. The
results revealed strongly nonlinear and metric-specific associations, with the most ro-
bust relationships observed for woody-structure metrics, particularly total woody edge
and built-environment isolation, whereas landscape diversity showed weaker but still
significant dependence on resource-access gradients. To support inclusive planning, a
dimensionless Green Infrastructure Prioritization Index (GIPI) was computed by combin-
ing standardized green deficit and standardized social vulnerability with equal weights.
GIPI values ranged from 0.318 to 0.740 (median = 0.528), identifying 11 high-priority units
characterized by higher social vulnerability and less favorable woody structure, including
lower largest-patch dominance and greater isolation. Sensitivity analyses varying the
deficit weight from 0.30 to 0.70 showed that 10 of the 11 high-priority units remained in the
same class in at least 80% of weighting scenarios, indicating a stable priority set. Further
classification of high-priority units according to dominant deficit type supported a staged
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intervention strategy, in which woody canopy is first increased in deficit nodes and subse-
quently reinforced through corridor-oriented greening to improve structural connectivity.
These findings demonstrate the value of coupling fine-scale vegetation mapping with
socioeconomic gradients to support more equitable urban green infrastructure planning.

Keywords: UAV; urban vegetation; landscape metrics; environmental justice; urban
planning; object-based image analysis; Chile

1. Introduction

Rapid urban growth across cities of the Global South, including many intermediate
cities, has intensified sociospatial inequalities in access to and quality of green infrastruc-
ture, with important implications for human well-being, urban climate regulation, and
biodiversity conservation [1-4]. Although the benefits of urban vegetation are widely recog-
nized, empirical evidence indicates that these benefits are unevenly distributed within cities
and often favor socioeconomically advantaged areas, although the magnitude and direction
of these patterns may vary according to regional context and spatial scale [2,3,5,6]. In this
context, a critical gap persists between the biophysical assessment of urban vegetation and
the development of operational planning tools capable of prioritizing interventions from
an equity-oriented perspective [1,7].

Cities concentrate people, infrastructure, and opportunity, but also climate risk and
health burdens. As the urban share of the global population continues to rise, the capacity of
cities to deliver basic environmental conditions that support well-being has become a central
sustainability challenge [8]. Urban vegetation and public green spaces are among the most
policy-relevant urban nature assets because they provide multiple, measurable co-benefits
and ecosystem services, including microclimate regulation, thermal comfort, air-quality
improvement, habitat support, risk reduction, and health-supporting environments across
the life course [9-12]. These benefits have been codified in global agendas that treat access
to public space as a development target (e.g., Sustainable Development Goals [SDG] 11.7.1),
reinforcing the need for tractable, spatially explicit indicators that can be evaluated at
the intra-urban scale where inequalities are produced and experienced [13,14]. However,
urban greening is not experienced uniformly. A consistent finding across the scientific
literature is that green infrastructure and tree canopy tend to be unevenly distributed, often
aligning with socioeconomic gradients in ways that compound vulnerability to heat and
other hazards [15]. This “double burden” matters because the places with the greatest need
for climate buffering and restorative environments are frequently those with the least access
to high-quality, well-connected urban nature. At the same time, greening initiatives can
generate unintended distributive effects through “green gentrification” if implementation
is not paired with equity safeguards and community-centered governance [16]. Together,
these lines of evidence imply that urban vegetation assessments should move beyond
citywide averages to identify actionable gaps at neighborhood scales, while explicitly
linking biophysical deficits to equity-oriented decision rules.

Most previous studies rely on aggregated green coverage metrics, which limits un-
derstanding of how vegetation structure and spatial configuration, particularly woody
vegetation, shape key ecosystem functions such as shade provision, ecological connectivity,
and urban heat mitigation [11,12,17]. Moreover, planning-oriented approaches often lack
explicit mechanisms to integrate high-resolution spatial information with socioeconomic
indicators, constraining the identification of priority units that jointly exhibit ecological
deficits and social vulnerability [18,19]. This limitation is especially pronounced in Global
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South cities, where rapid urban expansion and socio-spatial inequality unfold simulta-
neously. A recent synthesis of high- and very-high-resolution remote sensing for urban
vegetation concluded that very-high-resolution (VHR) approaches substantially broaden
the analytical scope of intra-urban greenness assessment by enabling object-level character-
ization and policy-relevant indicators, while also documenting persistent gaps in equity-
oriented applications, particularly across underrepresented urban contexts [20]. Unmanned
aerial vehicles (UAVs), in particular, provide centimeter-scale multispectral products and
surface models that are well suited to heterogeneous urban environments, where vegetation
is interwoven with narrow streets, small parcels, and mixed land uses [21,22].

A second barrier is analytical rather than observational: socio-environmental relation-
ships within cities are frequently nonlinear and threshold-driven, so purely linear models
may obscure inflection points where small changes in socioeconomic conditions coincide
with abrupt shifts in vegetation amount or configuration. Generalized Additive Models
(GAMs) are widely used for this purpose because they estimate flexible smooth functions
while retaining interpretability, making them appropriate for identifying neighborhood-
scale nonlinearities that can inform targeting and sequencing of interventions [23,24].
Dimensionality reduction techniques, such as Principal Component Analysis (PCA), com-
plement this approach by consolidating collinear socioeconomic indicators into a small set
of interpretable axes suitable for neighborhood comparisons and index construction [25,26].

This study adopts a functional rather than purely demographic definition of intermediate
cities, understanding them as urban centers defined less by a fixed demographic threshold than
by the position and functions they occupy within regional and national urban systems, acting
as interface nodes between metropolitan areas, smaller settlements, and their surrounding terri-
tories [27,28]. Although they are smaller than major metropolitan centers, these cities frequently
undergo rapid and sometimes poorly controlled expansion, display heterogeneous urbanization
trajectories, and reproduce persistent socio-spatial inequalities [7,27,29]. At the same time, they
remain comparatively underrepresented in the scientific literature on urban systems, while the
evidence base on urban nature and ecosystem services is still disproportionately concentrated
in larger cities and a limited set of contexts; in parallel, research on green infrastructure justice is
still expanding its empirical and conceptual scope [15,30,31].

Taken together, the literature reveals three interrelated gaps: the underrepresentation
of intermediate Global South cities in high-resolution urban greenness research; the limited
analytical attention paid to vegetation spatial configuration, particularly fragmentation and
connectivity; and the lack of integrated frameworks that combine fine-scale biophysical data,
socioeconomic vulnerability, and decision-oriented prioritization for equity-focused planning.

Against this background, the general objective of this study is to develop and apply an
integrated neighborhood-scale framework that combines UAV-based multispectral remote sens-
ing with georeferenced socioeconomic data to analyze urban vegetation from both biophysical
and social perspectives in a mid-sized Latin American city. Specifically, the study aims to:
(i) characterize the spatial configuration of urban vegetation, with emphasis on fragmenta-
tion and connectivity; (ii) assess how these vegetation patterns relate to neighborhood-level
socioeconomic conditions; and (iii) translate these findings into an equity-oriented prioritization
approach to support more inclusive and spatially explicit urban planning. By moving beyond
vegetation amount alone, the proposed framework provides a more policy-relevant understand-
ing of urban green infrastructure and its uneven distribution across the urban landscape.

2. Materials and Methods
2.1. Study Area

The study area comprises the urban zone of Temuco (38°44’ S, 72°35' W), capital of
the Araucanfa Region in southern Chile (Figure 1). Located at an altitude of approximately
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120 m above sea level, the city covers an area of around 3000 hectares. The climate is
temperate oceanic with a Mediterranean influence (Csb/Cfb according to Koéppen clas-
sification), characterized by dry summers and rainy winters, which dictates the distinct
seasonality of the urban vegetation. As an intermediate-sized city, Temuco presents a
heterogeneous urban fabric shaped by rapid expansion and a significant Mapuche indige-
nous population, creating a diverse socio-spatial mosaic ideal for analyzing the interplay
between socioeconomic gradients and vegetation structure.

La Araucania, N

[ = (] F 1:60,000

Figure 1. Study area. The region enclosed in orange represents the effective study area; adjacent
urban sectors were omitted due to DGAC (Civil Aviation Authority) safety restrictions for flights
near airport zones.

The methodology of this work is summarized in Figure 2, after which the details of
each of the aspects addressed are presented.

s ¥ UAV Data Acquisition ﬁﬂ‘/
Socioeconomic Data (Muitispectral Sensor & :

(Census Records & Municipal Registries) Controlied Fiights) @

Photogrammetric Processing

Preprocessing & Normalization (Orthomosaics, DEM, Reflectance Maps)

¥

Principal Component Analysis (PCA)
(Dimensionality Reduction:
Socioeconomic Composite Indices)

OBIA Classification
(NDVI, Texture, Spectral)
-> High/Low Vegetation Cover |- Ssged

¥

Landscape Metrics
(Software: FRAGSTATS)
-> Spatial Configuration Metrics

A

Statistical Modeling
(Generalized Additive
Models - GAMs)

Non-linear Relationships
(Vegetation Patterns vs.
Socioeconomic Status)

Figure 2. Methodological workflow of the study. The flowchart illustrates the integration of two pri-
mary data streams: socioeconomic indicators (left) and high-resolution UAV imagery (right). So-
cioeconomic data were standardized and reduced using Principal Component Analysis (PCA). UAV
imagery underwent photogrammetric processing and Object-Based Image Analysis (OBIA) to clas-
sify vegetation into structural categories. Landscape metrics were computed using FRAGSTATS to
quantify spatial configuration. Finally, both data streams were integrated using Generalized Additive
Models (GAMs) to detect non-linear relationships.
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2.2. Acquisition and Processing of Aerial Imagery

A DJI Phantom IV unmanned aerial vehicle (D]I, Shenzhen, China) equipped with a
Parrot Sequoia multispectral camera (Parrot, Paris, France) and a Mars P4 Lite emergency
parachute system (MARS, Jevicko, Czech Republic) was used for aerial data acquisition,
ensuring both high imaging precision and operational safety during flight missions. The
Parrot Sequoia sensor simultaneously captures RGB imagery and four narrow spectral
bands—green (550 nm =+ 40 nm), red (660 nm =+ 40 nm), red-edge (735 nm =+ 10 nm),
and near-infrared (790 nm + 40 nm)—which are well-suited for vegetation and canopy
reflectance analysis in urban environments.

Data collection was conducted between 12:00 and 16:00 local time under clear, stable
atmospheric conditions during January and February 2018, to minimize illumination
variability and shadow effects associated with low solar angles. A total of 102 flight missions
were performed, each covering approximately 40-50 ha, with an average flight duration
of about 20 min. Flight paths were preprogrammed using DroneDeploy (DroneDeploy,
San Francisco, CA, USA; available online: https://www.dronedeploy.com; accessed on 12
February 2018) to ensure consistent coverage and data quality, maintaining a flight altitude
of 200 m above ground level and an image overlap of 75% in both the front and side
directions. These settings resulted in a ground sampling distance (GSD) of approximately
7 cm per pixel for RGB imagery and 20 cm per pixel for multispectral data (NIR and
Red Edge spectral bands), providing spatial detail sufficient for fine-scale vegetation and
land-cover mapping.

To standardize image acquisition, the Parrot Sequoia multispectral camera used its
integrated sunshine sensor, which continuously measures incoming solar irradiance across
the same spectral bands captured by the camera. These irradiance data were used to
compensate for illumination variability during each flight, thereby improving radiometric
consistency across missions. In addition, a calibrated reflectance panel supplied by the
manufacturer was used before and after each flight to normalize surface reflectance values
and support radiometric calibration.

Both RGB and multispectral datasets were automatically geotagged using positional
information from the UAV’s onboard Global Navigation Satellite System (GNSS) and the
camera’s internal GPS. All imagery was processed in Pix4D Mapper v.4.6.3 (Pix4D S.A.
Prilly, Switzerland) following a standardized photogrammetric workflow. First, radiomet-
ric calibration was applied to the multispectral imagery using the sunshine sensor and
calibrated reflectance panel. Orthomosaics were then generated for RGB imagery and for
each multispectral band (green, red, red-edge, and near-infrared).

Derived products included a Digital Surface Model (DSM), a Digital Terrain Model
(DTM), and reflectance maps for each spectral band. Pix4D Mapper automatically applied
the geometric and radiometric corrections required for orthomosaic generation [32]. The
final outputs achieved spatial resolutions of approximately 7 cm pixel ~! for RGB imagery
and 20 cm pixel ! for multispectral imagery. The resulting 102 orthomosaics were subse-
quently merged into a single composite mosaic to enable a spatially continuous analysis of
vegetation patterns across the study area.

2.3. Vegetation Classification

An Object-Based Image Analysis (OBIA) approach was implemented in eCognition
Developer v.9.3 (Trimble, Munich, Germany) to classify vegetation into two structural cate-
gories: woody vegetation (trees and shrubs) and low vegetation (grasses and herbaceous
cover). OBIA was selected because it integrates spectral, spatial, and contextual information,
thereby improving the accuracy of urban vegetation classification compared with tradi-
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tional pixel-based methods, which often suffer from spectral confusion in heterogeneous
urban environments [32-35].

Image segmentation was performed using the Multiresolution Segmentation (MRS)
algorithm, which aggregates adjacent pixels with similar spectral and spatial characteristics
into meaningful image objects. This algorithm optimizes homogeneity criteria based on
three user-defined parameters: scale, shape, and compactness, which together control the
size and geometry of resulting segments [36,37]. In this study, the parameters were set
to a scale of 5, a shape factor of 0.1, and a compactness value of 0.5, providing a balance
between boundary precision and internal homogeneity. These settings allowed for detailed
delineation of vegetation patches while minimizing over-segmentation, consistent with
previous applications in high-resolution urban vegetation mapping [38—42].

Vegetation objects were identified using the Normalized Difference Vegetation Index
(NDVI), calculated from the near-infrared (NIR) and red bands according to the standard
formulation proposed by Rouse et al. [43]:

NDVI = NIR + Red (1)
where NIR and R are the near-infrared and red reflectances, respectively.

NDVI enhances the contrast between vegetated and non-vegetated surfaces because
healthy vegetation typically exhibits high reflectance in the near-infrared and strong ab-
sorption in the red region of the spectrum [44—46]. Additional thresholds in the visible RGB
bands were used to exclude shadows and other non-vegetated features [47,48].

To distinguish woody from low-stature vegetation, the NDVI-derived vegetation
mask was integrated with a normalized Digital Surface Model (nDSM)), calculated as the
difference between the Digital Surface Model (DSM) and the Digital Terrain Model (DTM)
(nDSM = DSM — DTM). This height-normalized product enabled the joint use of spectral
and structural information by isolating above-ground object height [5-8]. Vegetation objects
with a mean nDSM height > 0.5 m were classified as woody vegetation (primarily trees and
shrubs), whereas those with a mean height < 0.5 m were assigned to the low-vegetation
category (mainly grasses and herbaceous cover) [47,49]. Integrating spectral indices with
height-normalized elevation data improves classification robustness in heterogeneous
urban environments, where shadows, built structures, and surface reflectance variability
may otherwise generate spectral ambiguities [47,50,51].

Classification accuracy was assessed using 300 stratified random validation points
distributed across the study area and allocated among the evaluated land-cover classes. The
class assigned to each point was independently verified through visual interpretation of
high-resolution RGB imagery in order to ensure an unbiased evaluation of the classification
results. Based on these reference data, a confusion matrix was generated to quantify
classification performance by comparing the mapped classes with the observed classes at
each validation point. From this matrix, two widely used accuracy metrics were calculated:
Overall Accuracy (OA), which represents the proportion of correctly classified samples
relative to the total number of validation samples, and the Kappa Coefficient (), which
measures the degree of agreement between the classification and the reference data while
accounting for agreement expected by chance [52,53]. The full confusion matrix is provided
in Table S1 of the Supplementary Material.

2.4. Landscape Metrics Calculation

To characterize the spatial configuration of vegetation and the built environment at
the neighborhood level, FRAGSTATS v.4.2 [54] was employed. The analysis focused on a
curated set of landscape metrics (detailed in Table 1) selected to capture four distinct ecolog-
ical dimensions relevant to urban planning: (i) diversity, to assess landscape heterogeneity;
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(ii) dominance, to measure the continuity of cover types; (iii) isolation, to quantify physical
connectivity between patches; and (iv) shape complexity, to evaluate the irregularity of the
spatial fabric. This multidimensional approach provides a robust quantitative framework to
assess the structural integrity of vegetation patterns and their implications for urban equity.

Table 1. Summary of landscape metrics selected to quantify the spatial structure of vegetation and
the built environment in Temuco.

Functional
Category

Acronym Metric Name Description and Ecological Interpretation = Key References

Diversity

Dominance/Area LPI

Isolation/
Connectivity

Shape/
Complexity

Quantifies the diversity of patch types
within the landscape, considering both
abundance and evenness. In urban contexts,
a higher value indicates a heterogeneous [54-57]
landscape with multiple cover classes (e.g.,
trees, grass, built-up areas), often associated
with higher richness of ecosystem services.
Percentage of the landscape occupied by the
largest patch of a specific class. It serves as a
Largest Patch dominance indicator. A high LPI in built-up
Index classes implies continuous soil sealing,
while in vegetation classes, it suggests
consolidated habitat cores.
Average of the shortest straight-line
distances (edge-to-edge) between a patch
Mean Euclidean  and its nearest neighbor of the same class. It

Shannon’s
Diversity Index

[56,58-60]

ENN_MN  Nearest Neighbor is a critical proxy for isolation. Higher [54,57].

Distance values indicate greater fragmentation and
lower ecological connectivity, hindering
biological flows and human access.
Evaluates patch shape complexity based on
the perimeter-area relationship (range 1-2).
Values near 1 indicate simple, geometric
shapes (typical of anthropic/planned
structures), while values near 2 indicate
complex, irregular shapes (natural features).
Useful for distinguishing planned vs.
informal urbanization patterns.

Perimeter—Area
Fractal
Dimension

[61-63]

2.5. Socioeconomic Data Collection and Preprocessing

This research integrated a selected set of socioeconomic variables to gain a com-
prehensive understanding of demographic, housing, and service-related aspects in each
Neighborhood Unit. The following indicators were considered: population characteristics
(total population, gender distribution, age brackets, number of migrants, and individuals
identifying as part of an indigenous community), housing characteristics (total number of
private, collective, and occupied housing units; building type; predominant wall and roof
materials; floor composition; and source of water supply), and urban services (specifically
restricted to the availability of educational facilities and healthcare services). Data were
obtained from the public platform Dato Vecino [64], which centralizes statistical informa-
tion at the municipal and regional levels in Chile. Priority was given to indicators with the
most recent temporal coverage to ensure relevance and data reliability. The information
was compiled in a structured tabular format (CSV), and subsequent preprocessing and
quality validation were conducted by reviewing metadata, variable definitions, and poten-
tial anomalies, including outliers and duplicate records. Each dataset was then integrated
into a central repository, recording the date of access and any specific data attributes. This
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systematization facilitated the application of statistical techniques and visualization tools
for identifying relevant spatial patterns and trends, thus creating a robust foundation to
correlate socioeconomic information with vegetation classification outputs and landscape
metrics [65,66].

2.6. Data Preprocessing and Variable Selection

Prior to statistical modeling with the Generalized Additive Models (GAMs) described
in Section 2.7, a rigorous data preprocessing strategy was applied to define the predictor
and response variables. This step was essential to address the high dimensionality and mul-
ticollinearity inherent in both the socioeconomic and landscape metric datasets, ensuring
robust inputs for the models.

For the socioeconomic predictors, multicollinearity was severe and pervasive across
the 22 original variables described in Supplementary Table S2 (e.g., strong correlations
between population size and housing quality). To address this issue without discarding
information, and to mitigate the high risk of overfitting caused by the excess of predictors
relative to the limited number of observations (N = 33), Principal Component Analysis
(PCA) was applied to the standardized dataset. The first four principal components
(PC1-PC4), which cumulatively explained 83.9% of the total variance, were retained as
orthogonal predictors for the GAM analysis.

For the vegetation response variables, a correlation analysis (Pearson’s |r| > 0.6)
revealed distinct clusters of redundancy. For instance, 13 metrics related to diversity
and fragmentation were highly correlated; thus, Shannon’s Diversity Index (SHDI) was
selected as the representative metric for this cluster due to its ecological comprehensiveness.
Similarly, Total Edge of Woody vegetation was selected to represent the structural boundary
cluster. Six other metrics showed low correlations and were retained as independent
response variables. This selection process resulted in a final set of eight distinct vegetation
metrics to be modeled separately, which are summarized in Figure S2 and drawn from the
full set of calculated metrics reported in Supplementary Table S3.

2.7. Statistical Modeling with Generalized Additive Models

To evaluate the relationships between the socioeconomic gradients and the spatial
configuration of vegetation, Generalized Additive Models (GAMs) were employed. Unlike
traditional linear regression, GAMs provide a flexible framework that models the rela-
tionship between predictors and the response variable through smooth functions rather
than rigid linear coefficients. This approach allows the data to determine the shape of
the curve, enabling the detection of complex non-linear patterns such as thresholds or
saturation points.

In this study, separate GAMs were fitted for each of the eight selected landscape
metrics (response variables). The four socioeconomic principal components (PC1-PC4)
served as the independent predictors in all models. Penalized cubic splines were utilized
as the smoothing basis to estimate the non-linear effects. To ensure model robustness and
prevent overfitting—a key consideration given the sample size (N = 33)—the degree of
smoothness for each term was automatically optimized using Generalized Cross-Validation
(GCV), which balances model complexity with explanatory power.

2.8. Operationalization of Inclusive Strategies and Prioritization
2.8.1. Social Vulnerability Score (V): Construction from Neighborhood Indicators

Because no single neighborhood-level vulnerability index was available, a composite
vulnerability score was constructed from census-derived indicators and used as the vul-
nerability component in the GIPL Vulnerability was operationalized using rates capturing
(i) housing precarity (shares of dwellings with precarious wall materials, poor roof quality,
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and poor floor quality), (ii) basic infrastructure deficit (share of households relying on
non-public water sources), (iii) service deficits (inverse of education and healthcare facil-
ities per 10,000 inhabitants), and (iv) demographic sensitivity (share of population aged
65+). Population density (inhabitants per hectare) was additionally included to capture
overcrowding pressures at the neighborhood scale. All components were standardized
using z-scores and aggregated additively with equal weights to produce a standardized
vulnerability score V. For integration into the prioritization framework, Vz was min-max
normalized to [0, 1], yielding V.

2.8.2. Green Deficit Score (Gg,f): Standardization, Directionality, and Aggregation

A green deficit score was computed to summarize the biophysical lack of green in-
frastructure in each neighborhood unit. Inputs included: (i) vegetated proportion deficit,
computed as 1 — PROPVEG, and (ii) landscape configuration metrics characterizing frag-
mentation and disconnection of the vegetated class (e.g., mean nearest-neighbor distance
and edge density), together with a dominance metric (largest patch index), where higher
values indicate better conditions.

Each input was standardized (z-scores). Variables where higher values indicate better
conditions (e.g., dominance metrics such as LPI) were inverted so that higher standardized
values consistently represent greater deficit. The composite green deficit score was then
calculated as the mean of standardized deficit indicators:

1 k
Gaef = E].Zi Zj def )

Finally, G4 was normalized to [0, 1] for combination with V.

2.8.3. Green Infrastructure Prioritization Index (GIPI) and Sensitivity Analysis

The Green Infrastructure Prioritization Index (GIPI) was computed as a weighted
combination of normalized green deficit and social vulnerability:

GIPI = wgGyer +woV, wg+ wy =1 3)

Equal weights were used as the default (w; = w;, = 0.5). To evaluate robustness, a
weight sensitivity analysis was performed a weight sensitivity analysis by varying w, from
0.30 to 0.70 (step = 0.05), recalculating GIPI and neighborhood priority categories (terciles:
Low/Medium/High) under each configuration. Stability was assessed by agreement in
priority classes and rank-order consistency relative to the default weighting.

3. Results
3.1. Land Cover Composition Across Neighborhood Units

The acquisition and processing of high-resolution UAV imagery enabled a detailed
classification of land cover types across the studied neighborhood units. To character-
ize the significant spatial variability inherent to the urban fabric of Temuco, descriptive
statistics were calculated for each cover class. Table 2 summarizes the distribution of non-
vegetated (impervious) and vegetated surfaces, presenting median values and observed
ranges (minimum and maximum) for the “non-vegetated”, “low vegetation”, and “woody
vegetation” classes. These aggregated metrics highlight the substantial heterogeneity in
green infrastructure provision across the city.
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Table 2. Descriptive statistics of land cover classes obtained via UAV-based OBIA classification in
Temuco’s neighborhood units.

Land Cover Class

Median Observed Range

Description Coverage (%) (Min-Max) (%)

Includes buildings, pavements, streets,

Non-Vegetated (Impervious) . 79.3 68.3-96.4
and bare soil.

Woody Vegetation (Tree/Shrub)  Trees and shrubs with height > 0.5 m. 5.6 0.8-17.6

Low Vegetation (Herbaceous) Grass and herbaceous cover < 0.5 m. 14.6 2.8-23.2

Total Vegetation Sum of high and low vegetation classes. 20.7 3.6-31.7

The quantitative analysis of land cover composition indicates substantial heterogeneity
across the study area. The neighborhood unit 5 de Abril (143.81 ha) exhibited 75.50%
impervious cover, with the remaining area distributed between low vegetation (14.60%)
and woody vegetation (9.90%). In contrast, José Miguel Carrera (339.95 ha) presented a
lower proportion of non-vegetated surfaces (68.30%) and a combined vegetation coverage
of 31.70%. Regarding the extremes of the distribution, Tromen, the largest unit analyzed
(347.05 ha), recorded 80.20% non-vegetated cover and 19.80% total vegetation. Conversely,
Los Laureles (13.27 ha) presented the lowest vegetation coverage values, with only 11.90%
(1.58 ha) of its total area classified as green space.

3.2. Spatial Patterns of Landscape Metrics

Following the classification, landscape metrics computed via FRAGSTATS quantified
the spatial structure across the analyzed neighborhoods. The Largest Patch Index (LPI)
for impervious surfaces yielded a maximum of 96.17% in the ‘Central” unit, indicating a
highly consolidated built environment, compared to 81.17% in ‘Balmaceda’. In terms of
composition, Shannon’s Diversity Index (SHDI) recorded values exceeding 0.80 in ‘Imperial’
and ‘Igualdad y Trabajo’, indicating the highest proportional evenness among cover classes
in the study area.

Regarding spatial configuration, the Mean Nearest Neighbor Distance (ENN_MN)
for vegetation classes presented higher values in neighborhoods such as ‘Paredes” and
‘Ernesto Bohn’ relative to the sample median, denoting greater patch isolation. Finally,
shape complexity metrics for low vegetation showed Edge Density (ED) values ranging
from approximately 315 to 2000 m/ha, alongside higher Fractal Dimension (PAFRAC)
scores compared to the “non-vegetated” class, denoting greater boundary irregularity in
herbaceous patches.

3.3. Socioeconomic Data

The socioeconomic dataset revealed substantial demographic and infrastructural vari-
ability across the analyzed neighborhood units. Total population ranged from a minimum
of 716 inhabitants in ‘Central’ to a maximum of 28,238 in “Tromen’. Regarding housing
materiality, the presence of precarious construction materials (e.g., waste or improvised
materials for walls and roofs) was highest in units such as ‘Paredes’, ‘Millaray’, and ‘José
Miguel Carrera’. In terms of utility infrastructure, while the majority of neighborhoods
reported high connection rates to the public water grid, specific peripheral zones recorded
a dependence on non-networked water sources. Furthermore, the spatial distribution of
institutional services showed a concentration of educational and healthcare facilities in
established districts, with lower density counts recorded in peri-urban units.
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3.4. Characterization of Socioeconomic Gradients

Principal Component Analysis retained four components (PC1 to PC4) that cumula-
tively explain 83.9% of the total variance in the socioeconomic dataset. The first component
(PC1), accounting for 52.8% of the variance, constitutes the dominant axis of socio-housing
differentiation in the city (see Figure S1 and Table S2 of the Supplementary Material). This
component is defined by high positive loadings for total population density and variables
associated with precarious housing materiality, specifically the quality of roofs and floors.
Consequently, this axis orders neighborhood units along a gradient ranging from low-
density areas with consolidated housing to densely populated zones exhibiting significant
qualitative deficits in housing infrastructure. The second component (PC2), represents a
demographic and cultural gradient that operates independently of housing quality (see
Figure S1 of the Supplementary Material). This axis is characterized by a strong positive
association with the proportion of indigenous population and gender structure, capturing
spatial distribution patterns of Mapuche communities that are not necessarily collinear
with material precariousness. Finally, the remaining components capture dimensions of
specific services and infrastructure (see Figure S1 of the Supplementary Material). PC3
(10.8% of variance) defines access to institutional services, showing dominant loadings
for the number of educational and healthcare facilities available. PC4 (5.9% of variance)
identifies a residual gradient of resources and basic infrastructure, determined primarily
by the reliance on water sources other than the public network and the presence of an older
adult population.

3.5. Variable Selection and Spatial Configuration of Vegetation

The redundancy analysis of the 23 calculated landscape metrics revealed distinct
patterns of collinearity, identifying two dominant clusters of information (see Figure S2
of the Supplementary Material). The first cluster, associated with general Diversity and
Fragmentation, showed strong correlations among 13 metrics; consequently, Shannon’s
Diversity Index (SHDI) was selected as the representative variable for this group due
to its ecological comprehensiveness. The second cluster, related to Edge and Density,
was effectively summarized by the Total Tree Edge. Six additional metrics, including
shape complexity (PAFRAC) and patch dominance (LPI), were identified as statistically
independent dimensions and were retained for separate modeling.

Descriptive statistics for the full set of calculated landscape metrics are presented in
Table S3, while the subset retained for modeling is identified in Figure S2. These results
reveal a highly heterogeneous urban fabric. SHDI exhibited substantial variability across
the 33 neighborhood units, indicating that while some areas maintain a diverse mosaic of
vegetation classes, others are dominated by homogeneous land covers. Regarding the arbo-
real structure, showed marked contrasts, suggesting that trees are not uniformly distributed
but rather clustered in specific zones, creating distinct gradients of green infrastructure
availability. This selection of non-redundant metrics confirms that the physical arrange-
ment of green spaces (shape and isolation) varies independently of their diversity or total
edge, reinforcing the need to analyze them as distinct ecological dimensions.

3.6. Associations Between Socioeconomic Gradients and Vegetation

The application of GAMs revealed distinct and significant associations between the
socioeconomic gradients and the spatial configuration of urban vegetation (Figure 3). A
detailed statistical summary of all eight models, including goodness-of-fit metrics and
parameters for non-significant predictors, is provided in Supplementary Table S4. The
explanatory power of the models varied considerably depending on the landscape metric
analyzed, indicating that different ecological dimensions respond to different social drivers.
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Figure 3. Significant associations between socioeconomic gradients and selected landscape metrics
modeled using generalized additive models (GAMs). (A) Effect of the Socio-Housing Gradient (PC1)
on Urban Isolation, measured as the mean Euclidean nearest-neighbor distance of the non-vegetated
class. (B) Effect of the Socio-Housing Gradient (PC1) on Tree Shape, measured as the fractal dimension
of tree patches. (C) Effect of the Resources and Age Gradient (PC4) on Landscape Diversity, measured
by Shannon’s Diversity Index (SHDI). (D) Effect of the Resources and Age Gradient (PC4) on Grass
Dominance, measured by the Largest Patch Index (LPI) of the low-vegetation class. (E) Effect of the
Socio-Housing Gradient (PC1) on Total Tree Edge. (F) Effect of the Demographics and Settlement
Gradient (PC2) on Total Tree Edge. (G) Effect of the Resources and Age Gradient (PC4) on Total
Tree Edge. In all panels, solid lines represent the fitted smooth terms, shaded areas indicate the 95%
confidence intervals, and points represent observed values. Colors identify the specific socioeconomic
drivers. Asterisks indicate significance levels: * p < 0.05, ** p < 0.01, *** p < 0.001.

3.6.1. Determinants of Urban Forest Structure

The most robust relationship was observed for the structural configuration of woody
vegetation. The model for Total Tree Edge explained 82.3% of the deviance (R2 = 0.823,
see Figure 3 and Table S4 of the Supplementary Material), demonstrating that the physical
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presence of tree boundaries is strongly determined by socioeconomic factors. Specifically,
this metric exhibited significant responses to three distinct gradients (Figure 3E-G): the
Socio-Housing Gradient (PC1) showed a strong positive association (p < 0.001), indicating
that neighborhoods with consolidated housing infrastructure display a dramatic increase in
tree edges. Furthermore, Demographic Structure (PC2) exhibited a significant relationship
(p = 0.008), while Resource Access (PC4) displayed a positive effect (p = 0.004), reinforcing
the role of basic infrastructure in maintaining arboreal structures. Additionally, the geo-
metric complexity of these trees, measured by Fractal Dimension, was significantly driven
by PC1 (p = 0.009, Figure 3B), suggesting that wealthier neighborhoods typically feature
tree patches with more complex spatial shapes compared to the simpler patterns found in
vulnerable areas.

3.6.2. Urban Isolation and Density

The spatial arrangement of the built environment (non-vegetated class) showed the
strongest dependency on housing density. The model for Urban Isolation (ENN_MN.0)
explained 76.5% of the deviance (R2 = 0.765) and was driven exclusively by PC1 (p < 0.001,
Figure 3A). This confirms a direct negative relationship: as housing density and consolidation
increase (high PC1), the physical isolation between built-up patches decreases drastically.

3.6.3. Influence of Resources on Diversity and Grass Cover

In contrast to the structural metrics of trees, landscape diversity and low vegetation
(grass) were not driven by the main socio-housing gradient (PC1) but rather by the specific
gradient of Resource Access and Aging (PC4). The model for Landscape Diversity (SHDI)
explained 14.7% of the variance, with PC4 being the only significant predictor (p = 0.032,
Figure 3C). Similarly, Grass Dominance was significantly associated with PC4 (p = 0.016,
Figure 3D). These findings indicate that the overall heterogeneity of the green landscape
and the maintenance of herbaceous cover are more sensitive to water availability and
neighborhood age than to housing density or income levels per se. Other metrics, such
as Urban Shape Complexity and Tree Dominance, did not show statistically significant
relationships with the socioeconomic predictors.

3.7. Operationalization of Inclusive Strategies: GIPI-Based Prioritization, Robustness, Spatial
Patterns, and Intervention Typology

Equity-oriented green infrastructure planning was operationalized by computing the
Green Infrastructure Prioritization Index (GIPI) for 33 Neighborhood Units, integrating a
normalized green deficit component (G,f) and a normalized social vulnerability component
(V) with equal weights (wg = wy = 0.5). GIPI values were then mapped as a continuous
surface (Figure 4A) and classified into terciles (Low/Medium/High) to support decision-
ready prioritization (Figure 4B). Under the default weighting, GIPI ranged from 0.318 to
0.740 (median 0.528), and the tercile classification produced 11 units per class. Across
terciles, high-priority units concentrated the combined burden of social vulnerability and
green deficit (Table 3). Compared with Low-priority units, High-priority units displayed
higher median vulnerability (0.752 vs. 0.518) and higher median green deficit (0.443 vs.
0.284). In parallel, High-priority units showed less favorable spatial structure for woody
vegetation (trees and shrubs), characterized by lower dominance of the largest woody
patch (LPI 3, median 0.244 vs. 0.551 in Low) and higher isolation/structural discontinuity
signals (e.g., ENN_MNS3, Table 3), consistent with reduced continuity of woody vegetation
where vulnerability is greatest.
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Figure 4. Equity-oriented green infrastructure prioritization (GIPI) across Neighborhood Units
in Temuco. (A) Continuous spatial distribution of the GIP], integrating woody vegetation deficit
and socio-economic vulnerability. (B) Tercile-based priority classes (Low, Medium, and High) for
operational targeting. Unfilled polygons indicate units excluded from the analytical dataset due to
UAV operational restrictions associated with their proximity to the aerodrome/airport safety zone.

Table 3. GIPI stratification by priority class. Median and range of GIPI, vulnerability, and trees—shrubs
landscape metrics across Low/Medium/High terciles.

Priorit N GIPI GIPI \% Gyet PROP_VEG ENN_MN 3 ED 3 LPI3

y (Median) (Min-Max) (Median) (Median) (Median) (Median) (Median) (Median)
High 11 0.625 0.581-0.740 0.752 0.443 0.202 5.098 792.097 0.244
Medium 11 0.528 0.474-0.567 0.621 0.443 0.198 5.756 726.290 0.229
Low 11 0.435 0.318-0.470 0.518 0.284 0.248 4414 902.378 0.551

Spatially, the continuous GIPI map (Figure 4A) highlights a dominant hotspot (high-
est GIPI) and several additional high-value polygons, indicating that equity-relevant
deficits are multinuclear rather than confined to a single contiguous area. The tercile map
(Figure 4B) translates this gradient into an implementable targeting scheme, distinguishing
a set of high-priority units suitable for first-phase intervention.

Sensitivity analyses varying the weight on green deficit (wg) from 0.30 to 0.70 (step
0.05) indicated that prioritization is largely robust to plausible weighting choices. Of the
11 baseline High-priority units, 10 remained classified as High in >80% of weight settings
(Table 4), supporting a stable set of priority targets under alternative “equity vs. biophysical
deficit” trade-offs. One unit (Central) behaved as a borderline case (High frequency = 0.667),
indicating that its class membership depends on the relative emphasis placed on V versus
Ggef; for such cases, interpretation should rely on the continuous GIPI gradient (Figure 4A)
in addition to tercile membership.

To make explicit the combination underlying the GIPI, a V-G, bivariate map was in-
corporated (Figure 5) that assigns Neighborhood Units to four decision-oriented quadrants.
This visualization enables the rapid identification of areas where high social vulnerability
co-occurs with pronounced green deficits (high V and high Ggy), which largely correspond
to the units classified as high priority by the GIPI (Figure 4). In addition, the bivariate
map highlights borderline cases, such as units with high vulnerability but comparatively
lower green deficit, or units with high green deficit in contexts of lower vulnerability. These
patterns help interpret the differences observed under alternative weighting scenarios and
strengthen the transparency, traceability, and robustness of the prioritization framework.
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Table 4. High-priority units: robustness and dominant deficit type. Ranked High-tercile Neighbor-
hood Units with GIPI components, deficit typology, and sensitivity-based robustness (High frequency,

Robust High).

Robust High Hieh

Neighborhood Unit GIPI \% Gyesf Dominant Deficit (>80% Weight F &
Settings) requency
8

San Antonio 0.740 1.000 0.480 Connectivity deficit True 1.000
Central 0.660 0.320 1.000 Coverage deficit False 0.667
Millaray 0.649 0.749 0.548 Connectivity deficit True 1.000
Pomona 0.632 0.892 0.372 Coverage deficit True 1.000
Vista Hermosa 0.626 0.867 0.385 Coverage deficit True 1.000
Evaristo Marin 0.625 0.693 0.557 Coverage deficit True 1.000
Santa Rosa 0.604 0.752 0.456 Connectivity deficit True 1.000
Los Laureles 0.587 0.832 0.342 Coverage deficit True 1.000
Nielol 0.584 0.737 0.431 Coverage deficit True 0.889
Igualdad y Trabajo 0.582 0.929 0.236 Connectivity deficit True 0.889
Campos Deportivos ~ 0.581 0.922 0.239 Mixed (coverage + True 1.000

connectivity)

I
a
=

Vulnerability (V)

Low High
Green deficit (Gdef)
Thresholds (median, n=33): V*=0.636, Gdef*=0.429

Figure 5. Bivariate map of social vulnerability (V) and green deficit (Gy) at the Neighborhood
Unit scale, identifying areas where social vulnerability co-occurs with pronounced green deficits.
Thresholds were defined using the sample median (n = 33), where V* = 0.636 and G, = 0.429. The
asterisk denotes the cutoff value used to separate low and high classes in the bivariate classification.
The hatched area indicates a sector excluded from the analysis due to UAV operational restrictions
associated with its proximity to the aerodrome/airport safety zone.

Finally, to translate prioritization into implementable planning actions, each High-
priority unit was assigned a dominant deficit type based on whether deficits were driven
primarily by woody vegetation coverage (woody canopy and shrub scarcity), connectivity
(woody patch isolation and discontinuity), or a mixed profile. This classification links
recommended interventions directly to measurable outputs from the landscape analysis
(Table 5). Among High-priority units, coverage deficits dominated in six units, connectivity
deficits in four units, and one unit exhibited a mixed deficit profile, which supports a
phased strategy that first expands canopy at key nodes and then strengthens structural
linkage through linear greening.
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Table 5. Intervention typology linked to measurable deficits (trees and shrubs). Decision-oriented
intervention menu mapping coverage/connectivity deficit types to actionable strategies and monitor-

ing indicators.

Monitoring Indicators

Deficit Type Operational Meaning Recommended Interventions (Repeatable)
Scarcity of wood Shade- and heat-mitigation
cano y /shrub layer (low greening: street-tree infill, canopy
Woody Vegetation Py y node planting, greening of PROP_VEG;

coverage deficit

Woody Vegetation
connectivity deficit

Mixed (coverage +
connectivity)

woody vegetation
contribution; low overall
vegetated proportion)

Woody patches are
isolated / discontinuous
(weak structural
continuity)

Simultaneous scarcity
and isolation of woody
vegetation

schools/health facilities /public
spaces, shrub-tree mixtures for
rapid structure

Connectivity strengthening:
continuous street-tree corridors,
stepping-stone woody patches,
linkage of canopy nodes,
interventions along

mobility /heat-exposure corridors
Phased strategy: (1) increase woody
canopy nodes, (2) connect nodes via
linear greening/corridors; integrate
maintenance and survival planning

SUP3/SUP_TOTAL; LPI 3

ENN_MN 3; ED 3; LPI 3

PROP_VEG + ENN_MN 3
+ED3+LPI3

4. Discussion

4.1. Socio-Spatial Inequities in Urban Vegetation Extend Beyond “How Much Green” to “How
Green Is Arranged”

This study provides evidence that socio-spatial inequities in Temuco are expressed
not only in the amount of vegetated cover but also in the spatial configuration of woody
vegetation, a dimension increasingly recognized as critical for the delivery of ecosystem
services and exposure-related benefits in cities. Landscape configuration modulates cooling
intensity, with synthesis work showing that aggregation, shape complexity, and connectivity
of urban green spaces can substantially influence thermal outcomes even when total green
area is held constant [58]. Likewise, a growing body of evidence indicates that inequities in
tree canopy and green exposure are pervasive and often patterned along socioeconomic
gradients, with disadvantaged communities frequently experiencing lower canopy and
reduced “green quality” [22,67].

Interpreting these results through this lens, the observed coupling between socioeco-
nomic gradients and woody vegetation structure suggests that inequity in Temuco likely
manifests as compound disadvantage: lower woody cover and weaker continuity can trans-
late into reduced daily shade provision, diminished cooling along mobility corridors, and
compromised habitat quality for urban biodiversity. This interpretation is coherent with
current evidence that urban heat is persistent in built-up environments and that mitigation
strategies should explicitly consider spatial pattern and placement of vegetation, not solely
overall coverage [68,69].

4.2. Methodological Contribution: VHR OBIA Enables Policy-Relevant Separation of Woody
Vegetation and Supports Equity Diagnostics

A key methodological contribution is the use of very high-resolution (VHR) imagery
within an object-based image analysis (OBIA) framework to produce an operational separa-
tion of vegetation strata, enabling a specific focus on woody vegetation. OBIA approaches
are widely used for urban vegetation mapping because they integrate spectral and spatial
information, improving performance in heterogeneous urban mosaics compared with pixel-
based methods [70]. This is consistent with recent reviews emphasizing that VHR data
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and object-based workflows are particularly appropriate where management and equity
questions require fine-grain representation of vegetation form and distribution.

Beyond mapping, this analytical strategy advances toward inference by linking vege-
tation composition and configuration to socioeconomic gradients using flexible non-linear
modeling. This aligns with a broader trend in urban environmental research that increasingly
uses non-linear statistical learning and smoothers to detect thresholds and context-dependence
in socio-ecological relationships [22,71]. In practical terms, the combination of VHR OBIA
outputs with landscape metrics allows planners to move from coarse “green/no green” di-
agnostics to actionable understanding of where deficits are mainly coverage-related versus
connectivity-related, which matter for different intervention portfolios.

4.3. From Diagnostics to Decision: GIPI Converts Remote-Sensing Outputs into Inclusive
Planning Priorities and Is Robust to Normative Weighting Choices

From a planning perspective, the value of this framework lies not only in its ca-
pacity to detect fine-scale vegetation deficits, but also in its ability to interpret them
through operational and policy-communicable benchmarks. In this study, the use of
the World Health Organization-related accessibility criterion for public green space and the
3-30-300 guideline helped frame observed deficits as actionable planning gaps rather than
as purely descriptive spatial patterns [72-74]. This is especially relevant in intermediate
Latin American cities, where rapid urban expansion, heterogeneous urban fabrics, and
persistent socio-spatial inequality often generate mismatches between social need and
the distribution or structural quality of urban vegetation [5,7,75,76]. Recent regional evi-
dence further underscores the heterogeneity and planning relevance of these dynamics
by documenting substantial variability in the amount and spatial configuration of urban
green space across Latin American cities, together with uneven provision associated with
socioeconomic and built-environment conditions [5,75,76]. In this context, frameworks
that combine fine-grained vegetation structure with explicit vulnerability lenses can help
translate inequity mapping into more transparent and operational prioritization strate-
gies [1,73,74].

A central contribution of the revised manuscript is the explicit translation of these
remote-sensing and socio-spatial diagnostics into a decision-ready prioritization framework
through the Green Infrastructure Prioritization Index (GIPI), which integrates standardized
green deficit (G4,) and social vulnerability (V). Under equal weighting (wg = wy, = 0.5),
GIPI ranged from 0.318 to 0.740 (median = 0.528), and tercile-based classification produced
11 units per class (Table 4).

The continuous GIPI map (Figure 4A) and tercile prioritization map (Figure 4B) jointly
indicate that equity-relevant deficits in Temuco are multinuclear rather than confined to
a single contiguous zone. This spatial pattern is consistent with recent high-resolution
assessments showing that compliance with 3-30-300 is often patchy within cities and that
canopy shortfalls can persist even where some components of the rule are met [73,74].

Crucially, the prioritization is not an artifact of a single normative choice. Sensitivity
analyses varying wg from 0.30 to 0.70 show that 10 of 11 baseline High-priority units remain
High in at least 80% of weight settings (Table 4), which strengthens the policy credibility
of the priority set. The borderline behavior of CENTRAL (Robust High = FALSE; High
frequency = 0.667) should be interpreted as a transparent signal of classification sensitivity:
its priority status depends on the relative emphasis placed on vulnerability versus green
deficit, and therefore warrants interpretation using the continuous GIPI gradient (Figure 4A)
alongside terciles. This practice is consistent with recommendations in equity-oriented
urban forestry to make value judgments explicit and to distinguish robust from borderline
targets when allocating scarce greening resources [71,77].
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Although developed for Temuco, the outcomes of this study have broader relevance for
other Chilean municipalities and intermediate Latin American cities facing similar combi-
nations of rapid urban expansion, socio-spatial inequality, and uneven green infrastructure
provision. The framework is potentially transferable because it is built on analytical compo-
nents that can be adapted to different local contexts, including high-resolution vegetation
mapping, neighborhood-scale socioeconomic indicators, and an explicit prioritization logic
linking ecological deficits with social vulnerability. Its applicability, however, depends on
the availability of spatially explicit socioeconomic data, comparable territorial units, and
local calibration of planning benchmarks, weighting schemes, and intervention priorities.
In this sense, rather than proposing a one-size-fits-all model, the study offers a flexible and
decision-oriented workflow that can support context-sensitive urban greening strategies in
other districts and municipalities across Chile and the wider region.

4.4. Intervention Implications: Deficit Typology Supports Targeted Design, but Implementation
Must Incorporate Justice Safeguards to Prevent Displacement

To translate prioritization into implementable planning actions, each High-priority
unit was classified by its dominant deficit profile, distinguishing woody vegetation cover-
age deficits, woody vegetation connectivity deficits, and mixed profiles, thereby linking
recommendations directly to measurable outputs from the landscape analysis (Table 5).
Among High-priority units, coverage deficits dominated in six units, connectivity deficits
in four units, and one unit exhibited a mixed deficit profile. This distribution supports a
phased strategy that expands canopy at key nodes first and then strengthens structural
linkage through linear greening and corridor-like interventions, consistent with evidence
that both vegetation type and configuration shape the magnitude and persistence of cli-
mate regulation benefits [58,69]. At the same time, high-impact environmental justice
research cautions that greening initiatives can contribute to green gentrification when
new or upgraded green amenities increase land values and attract displacement pres-
sures in historically disinvested neighborhoods [16,78,79]. This risk has motivated the
“just green enough” approach, which emphasizes co-design, prioritization of everyday
benefits for current residents, and governance mechanisms that prevent displacement or
exclusion [16,78]. Accordingly, while GIPI strengthens distributional justice by targeting
areas where vulnerability and green deficit co-occur, implementation should be coupled
with procedural safeguards (e.g., participatory design, transparent criteria, monitoring of
distributive outcomes) to ensure that benefits accrue locally and equitably, as urged by
recent urban forestry justice scholarship [71,79].

4.5. Positioning Temuco in the Broader Literature: Convergence with Global Findings and Added
Value for Global South Equity Planning

Results from this study converge with global syntheses documenting that green and
tree-related benefits are often unequally distributed and that disadvantaged groups may
experience the strongest marginal health gains from improved green exposure, highlighting
the equity relevance of prioritizing interventions in high-vulnerability areas [79,80]. They
also resonate with emerging global analyses indicating widening disparities in exposure to
urban greenspaces across regions, including patterns that disadvantage parts of the Global
South [81].

The added value of this contribution lies in bridging three components that are still too
often treated separately: (i) VHR mapping that differentiates woody vegetation structure,
(ii) configuration-aware landscape metrics that capture fragmentation and continuity, and
(iii) an equity-explicit prioritization index with robustness checks and an intervention
typology. This “mapping-to-planning” pipeline responds directly to calls for practical
measurement and implementation guidance around equity benchmarks such as 3-30-300,
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where recent work emphasizes that monitoring and operationalization remain key barriers
to adoption [73,74].

4.6. Limitations and Future Directions

Several limitations delimit interpretation and point to a clear research agenda. First,
the analysis is cross-sectional and cannot on its own establish causal pathways linking
socioeconomic change, policy histories, and vegetation dynamics. Longitudinal VHR
imagery and policy timeline reconstruction would strengthen causal inference and allow
direct assessment of whether greening trajectories coincide with neighborhood change
processes. Second, landscape metrics capture spatial pattern but are not direct measures of
human exposure at street level (e.g., shade along walking networks) or of green quality
(e.g., maintenance, safety, accessibility). Integrating network-based accessibility, street-
level canopy indicators, and field audits would improve health- and equity-relevance and
strengthen alignment with benchmarking frameworks [73,80]. Third, while GIPI offers
transparency via sensitivity analyses, local implementation will benefit from additional
scenario testing that explicitly evaluates different normative weightings and policy con-
straints (e.g., planting feasibility, infrastructure conflicts, irrigation limits), as highlighted
by practice-oriented environmental justice work in urban forestry [58,71].

The evidence indicates that urban vegetation inequity in Temuco is simultaneously a
problem of composition (woody versus non-woody vegetation), configuration (continuity
and patch structure), and social vulnerability (who bears the deficit). By combining VHR
OBIA mapping, configuration-aware metrics, and a robustness-tested prioritization index
linked to an intervention typology, the study advances from diagnosis to implementable,
equity-oriented action while remaining explicit about normative choices and attentive to
the documented risk of unintended distributive consequences [16,82]

5. Conclusions

This study demonstrates how very high-resolution (VHR) UAV remote sensing can
be translated into equity-oriented, decision-ready evidence for urban green infrastructure
planning by integrating object-based vegetation mapping, landscape configuration metrics,
socioeconomic gradients, and a robustness-tested prioritization index. The OBIA workflow
captured pronounced intra-urban heterogeneity in land-cover composition and vegetation
structure at the Neighborhood Unit scale, providing the spatial granularity required to
identify where deficits are not only a function of total green area but also of how vegetation
is distributed within neighborhoods.

A key finding is that inequities are strongly expressed in the spatial structure of
woody vegetation. Configuration metrics revealed substantial contrasts in dominance,
fragmentation, and isolation of woody patches among Neighborhood Units, indicating that
the functional “quality” of green structure varies markedly within the city. This is planning-
relevant because woody configuration is directly linked to the continuity of shade and the
capacity for microclimate regulation, and therefore offers a more actionable diagnostic than
area-only measures.

The socio-ecological modeling further shows that socioeconomic gradients relate
to distinct ecological dimensions in non-linear yet interpretable ways. Dimensionality
reduction in socioeconomic indicators yielded gradients consistent with differentiated
urban processes (e.g., socio-housing consolidation and density, demographic—cultural
structure, and resource access/aging), and GAM analyses indicated that woody-structure
metrics are most strongly associated with the dominant socio-housing gradient, whereas
other landscape attributes respond to different socioeconomic dimensions. Together, these
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results support the conclusion that urban green inequities in Temuco are multi-dimensional
and cannot be reduced to a single socioeconomic proxy.

The Green Infrastructure Prioritization Index (GIPI) advances a “mapping-to-
planning” pipeline by converting remote-sensing outputs into transparent, equity-explicit
priorities. GIPI produced a ranked set of priority Neighborhood Units and tercile-based
categories suitable for phased implementation, while sensitivity analyses demonstrated
that the high-priority set is largely stable across plausible weighting choices and explicitly
identified borderline cases where classification is weight-sensitive. By linking high-priority
units to dominant deficit profiles (woody coverage deficits, woody connectivity deficits,
or mixed conditions), the framework yields an implementable intervention typology with
clear monitoring indicators, strengthening reproducibility and accountability. Overall,
this study demonstrates that assessing urban green infrastructure through high-resolution
spatial data and landscape configuration metrics provides a more nuanced understanding
of environmental inequities than approaches based solely on green cover. By explicitly
integrating biophysical patterns with socioeconomic gradients, this framework advances
the translation of detailed diagnostics into decision-relevant planning insights. While the
specific spatial outcomes are context-dependent, the proposed approach is transferable
to other intermediate cities facing similar challenges. These findings highlight the need
to move beyond purely descriptive assessments toward equity-oriented, evidence-based
strategies for urban green infrastructure planning.

Although calibrated for Temuco, the proposed framework is potentially applicable
to other Chilean municipalities and intermediate Latin American cities, provided that
local socioeconomic indicators, spatial units, and planning benchmarks are appropriately
adapted to the territorial context.

Supplementary Materials: The following supporting information can be downloaded at: https:/ /www.
mdpi.com/article/10.3390/1and15040574/s1. Table S1: Confusion matrix for the OBIA-based classification
of High Vegetation, Low Vegetation, and No Vegetation using 300 validation points, including Overall
Accuracy (OA) and Kappa coefficient (k); Table S2: Descriptive statistics of the 22 socioeconomic indicators
used as input for the Principal Component Analysis (PCA) across the 33 Neighborhood Units of Temuco;
Table S3: Descriptive statistics of the 23 landscape metrics characterizing the spatial configuration of urban
vegetation and built-up areas; Table S4: Full statistical summary of the Generalized Additive Models
(GAMs) fitted for the eight selected landscape metrics, including adjusted R?, deviance explained, estimated
degrees of freedom (edf), F-statistics, and p-values for each predictor; Figure S1: Heatmap showing
the correlations between the 22 socioeconomic indicators and the four retained principal components
(PC1-PC4); Figure S2: Correlation matrix of the 23 calculated landscape metrics, identifying the main
redundancy clusters and the variables selected for subsequent modeling.
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