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Abstract

Urban vegetation plays a vital role in mitigating the impacts of urbanization, improving
biodiversity, and providing key ecosystem services. However, the spatial distribution,
ecological dynamics, and social implications of urban vegetation remain insufficiently
understood, particularly in underrepresented regions. This systematic review aims to
synthesize global research trends in very-high-resolution (VHR) remote sensing of urban
vegetation between 2000 and 2024. A total of 123 peer-reviewed empirical studies were
analyzed using bibliometric and thematic approaches, focusing on the spatial resolution
(<10 m), sensor type, research objectives, and geographic distribution. The findings reveal
a predominance of biophysical studies (72%) over social-focused studies (28%), with major
thematic clusters related to urban climate, vegetation structure, and technological appli-
cations such as UAVs and machine learning. The research is heavily concentrated in the
Global North, particularly China and the United States, while regions like Latin America
and Africa remain underrepresented. This review identifies three critical gaps: (1) limited
research in the Global South, (2) insufficient integration of ecological and social dimensions,
and (3) underuse of advanced technologies such as hyperspectral imaging and Al-driven
analysis. Addressing these gaps is essential for promoting equitable, technology-informed
urban planning. This review provides a comprehensive overview of the state of the field
and offers directions for future interdisciplinary research in urban remote sensing.
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1. Introduction

Urban landscapes concentrate key economic assets and constitute the primary sites
for economic and institutional activities worldwide [1]. Presently, over half of the global
population resides in urban areas, and projections indicate that this figure will surpass
75% by 2050 [2]. This unprecedented urban expansion brings forth complex challenges,
necessitating the development of robust land management frameworks to mitigate adverse
environmental, social, and economic impacts, while promoting more inclusive, resilient,
and sustainable cities [3]. Accordingly, the future sustainability of cities, particularly in
developing nations, depends on the implementation of informed strategies to guide urban
growth and address its multifaceted repercussions [4,5].

Urban vegetation scholarship remains geographically imbalanced, with Latin Ameri-
can, African, and South Asian cities comparatively underrepresented in multi-city anal-
yses [6]. These matter because rapid urban expansion in many of these regions overlaps
with biodiversity hotspots and climate vulnerability, elevating the need for fine-grained,
policy-relevant evidence [7,8]. At the same time, inequities in access to cooling canopies
and proximate green space carry measurable public health and microclimate implications,
including heat exposure and air quality burdens [9-11]. To address these gaps, very-high-
resolution (<1 m) and high-resolution (<10 m) remote sensing can supply the block-scale
indicators required for equitable planning, crown-resolved canopies, proximity metrics,
and microclimate exposure, while enabling species- or functional-type inference when
paired with appropriate features and classifiers [12-15]. Nevertheless, practical constraints,
including uneven access to commercial VHR archives, computing resources, and technical
capacity, continue to limit locally led analyses; targeted capacity building, cloud-based
workflows, and multisource frameworks have been proposed to lower these barriers and
improve reproducibility [6,16,17]. Framing underrepresentation as both a knowledge gap
and a social justice concern therefore motivates our analysis of geographic and thematic
patterns and our emphasis on HR/VHR solutions for equity-oriented climate adaptation in
urban settings.

We define high resolution as >1-<10 m and very high resolution as <1 m, because
these scales resolve crown-level structure and within-neighborhood heterogeneity that
are not reliably captured at coarser resolutions [18]. Very-high-resolution imagery, in-
cluding WorldView-2/3 and UAV acquisitions, supports crown-scale mapping and, when
paired with spectral-textural features and modern classifiers, species- or functional-type
discrimination [12,19,20]. These capabilities matter directly for the three themes developed
below: for urban heat, VHR enables neighborhood-scale canopy metrics linked to cooling
thresholds; for vegetation equity, it quantifies access to proximate and cooling canopies
with policy-relevant precision; and for biodiversity (see Table 1), it supports fine-grained
assessments of species or trait patterns in fragmented urban habitats [10,11,13,21,22]. By
integrating ecological and socio-environmental analyses, HR and VHR data contribute to a
comprehensive understanding of the benefits and inequities associated with green spaces,
thus supporting more equitable and sustainable urban planning [23].

To orient the reader before the technical overview, this review proceeds in three
steps: we first quantify geographic and temporal patterns in HR/VHR urban vegetation
studies, then synthesize thematic clusters and gaps with attention to equity and the Global
South, and finally map platforms, resolutions, and methods to urban use cases and policy
applications, with details specified in the research questions.
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Table 1. HR vs. VHR in urban vegetation applications.

Class Spatial Resolution (GSD) Representative Unique Contributions to Themes
Sensors/Platforms
Citywide greenness and trends;
PlanetScope (3-5 m), regional comparability; insufficient for
HR >1=<10m SPOT-6/7 crown-scale separation in narrow
streetscapes [18,24].
Crown-scale canopy and
within-neighborhood heterogeneity;
VHR <1 m (satellite <0.5-1 m; WorldView-2 /3, Pleiades, species- or functional-type inference
UAV cm level UAV RGB/multispectral with appropriate features/classifiers;

diagnostics for heat mitigation and
equity at block scale [10-13,22].

The evolution of remote sensing applications in urban environments has a strong
legacy, tracing back to conceptual models such as Ridd’s V-I-S model (vegetation—
impervious surface-soil) introduced in 1995, which became foundational for distinguishing
urban elements in satellite imagery [25]. This framework enabled detailed thematic analy-
ses of urban matrices and laid the groundwork for increasingly sophisticated assessments
based on high-resolution data. Subsequent studies, such as those by Jensen and Cowen
(1999), highlighted the value of remote sensing for characterizing both socioeconomic
and infrastructural features, significantly broadening its utility in urban research [26].
The advent of advanced sensors like IKONOS and QuickBird, with sub-meter spatial
resolutions, enabled pioneering studies in species-level vegetation detection, canopy anal-
ysis, and urban morphology, as illustrated in works by Weng et al. (2004) and Gillespie
et al. (2008) [27,28]. On the other hand, since the mid-2010s, three developments have
reshaped urban vegetation remote sensing. First, high-revisit HR constellations such as
PlanetScope provide near-daily 3-5 m imagery, supporting city-to-regional monitoring
and time-sensitive analyses. Second, very-high-resolution satellites such as WorldView-3
offer sub-meter panchromatic and multispectral imaging with additional spectral capa-
bility, enabling crown-scale mapping and, with appropriate features/classifiers, species-
or functional-type discrimination in heterogeneous streetscapes [12]. Third, cloud-based
platforms such as Google Earth Engine have standardized access to large archives and scal-
able computation, improving transparency, versioning, and reproducibility for multi-city
studies [29].

Urban environmental sustainability increasingly depends on the integration of vegeta-
tion into urban planning frameworks, a priority intensified by accelerating urbanization.
Urban vegetated areas range from intensively managed spaces such as parks and com-
munity gardens to unmanaged, spontaneously vegetated sites including vacant lots and
marginal lands, each characterized by varying degrees of resource input and ecological
structure [30-33]. This structural heterogeneity often aligns with patterns of socio-spatial
inequality, underscoring the need for inclusive planning strategies that encompass both
managed and unmanaged green spaces to ensure equitable urban greening [34,35].

These vegetated environments collectively support critical ecological functions that
contribute to urban resilience, including stormwater regulation, air pollutant removal,
carbon sequestration, noise mitigation, and microclimate stabilization [36—40]. In turn,
these functions are associated with multiple dimensions of human well-being, influencing
physical and mental health outcomes, social cohesion, public safety, and environmental
justice [41-43]. Strategically embedding vegetation into urban systems therefore advances
both ecological objectives and social equity imperatives.
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Recent research has shifted towards understanding how the environmental and social
effects of urban vegetation depend on its composition, structure, and spatial configuration,
including the tree cover percentage, patch size, connectivity, and degree of naturalness. For
example, the connectivity of green spaces enhances urban biodiversity [44], tree canopy
cover mitigates urban heat [9], and vegetation structure influences mental health bene-
fits [45]. However, the intricate relationships between these characteristics and human
well-being are still not fully elucidated. This highlights the ongoing need for studies
employing advanced technologies, such as very-high-resolution remote sensing, thermal
imaging, and hyperspectral imaging, to clarify these interactions [46,47]. Empirical studies
confirm the influence of vegetation density and canopy structure on urban heat mitigation
and thermal comfort [10,48]. Positive associations between urban greenspace, reduced
psychological distress, and increased opportunities for physical activity are also emerg-
ing [49,50]. Nonetheless, further research is needed to disentangle the causal pathways and
to explore how factors like spatial connectivity and naturalness contribute to psychological
restoration and social integration [41,51]. Advanced spatial analytics and machine learning
approaches are increasingly deployed to address these questions, enabling the integration
of urban vegetation planning with human-centered urban design [8,14].

Although global and regional datasets address some scientific needs, they often lack
the fine spatial resolution necessary to detect detailed urban vegetation patterns. Early
satellite imagery such as Landsat TM and SPOT, with spatial resolutions of 20-30 m, has
shown limited capacity for analyzing small-scale urban greenery. These sensors struggle to
distinguish fine urban features due to their coarse resolution, which hinders accurate classi-
fication and vegetation estimation in complex urban landscapes [52]. While such datasets
provide wide coverage and long-term continuity, they lack the precision required for map-
ping fine-scale vegetation variations, often necessitating fusion with higher-resolution
imagery or advanced sub-pixel analysis techniques [50,53-55]

By contrast, high- and very-high-resolution (HR/VHR) remote sensing has become
central to urban vegetation studies because it resolves patterns obscured at medium res-
olutions. In heterogeneous urban mosaics, HR/VHR data enhance the detection of the
tree canopy structure, species composition, and vegetation condition, enabling mapping at
the object or crown scale and capturing within-neighborhood heterogeneity [13,18]. These
fine-grain metrics are directly relevant to ecosystem services and urban climate; for exam-
ple, block-scale canopy cover is strongly associated with daytime heat mitigation, with
threshold effects ~40% canopy [10]. Moreover, VHR satellite sensors (e.g., World View-2/3)
and modern classification pipelines allow for species-level or functional-type discrimina-
tion [12,22,56], expanding beyond greenness indices toward trait-relevant indicators. UAV
platforms further contribute centimeter-level photogrammetry, thermal, and hyperspec-
tral acquisitions, facilitating micro-site diagnostics while also introducing regulatory and
reproducibility challenges that must be addressed [13].

Such advances are particularly pertinent for addressing the social dimensions of urban
greenery. Frameworks such as the 3-30-300 rule recommend that individuals should see at
least three trees from their home, neighborhoods should sustain 30% canopy cover, and
accessible green space should be within 300 m [11]. Implementing these guidelines requires
sub-meter resolution data to accurately map individual trees, assess canopy coverage at the
local scale, and evaluate accessibility. Studies demonstrate that vegetation at these scales
not only mitigates heat islands but also strengthens social bonds and improves air qual-
ity, benefits that disproportionately support vulnerable populations [9,11,21,41]. Finally,
methodological innovations such as object-based and multi-scale analytical approaches
now enable the precise extraction of complex urban classes from VHR datasets [57], facil-
itating diverse applications ranging from land-use planning, biodiversity conservation,
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and invasive species monitoring to public health research [58-60]. Together, these de-
velopments frame the necessity of HR/VHR remote sensing for integrating ecological
function, climate adaptation, and environmental justice into urban vegetation research.
While thematic classification using remote sensing imagery remains an entry point for
urban ecological investigations [48], its applications have expanded to encompass biomass
estimation, carbon stock assessment, vegetation inventories, ecosystem service valuation,
change detection, sociodemographic analysis, informal settlement mapping, and well-being
evaluation [10,49,50]. Nevertheless, there remains a paucity of research addressing these
topics at fine scales in urban areas [51].

The progression of Earth observation technologies has been pivotal in transitioning
from broad land cover assessments to highly detailed urban investigations. Herold et al.
(2003) [61] demonstrated that adequate spectral and spatial resolution is vital for discrim-
inating between built structures and vegetation in dense cities [61]. Similarly, Lu and
Weng (2009) confirmed the efficacy of IKONOS imagery for extracting impervious surfaces,
reinforcing the role of VHR data in urban research [62]. These technological advances have
catalyzed the adoption of quantitative methods, notably object-based classifiers and spatial
metrics, as well as the integration of emerging technologies such as UAVs, hyperspectral
sensors, and machine learning algorithms [19].

Recent applications demonstrate how HR/VHR remote sensing underpins actionable
urban green space management and climate regulation. At neighborhood scales, crown-
resolved canopy metrics derived from very-high-resolution imagery have been linked to
meaningful reductions in daytime heat, with threshold-like effects ~40% canopy cover that
inform local cooling strategies [10]. At city scale, 1 m land-cover/land-use products such
as UrbanWatch enable consistent baseline mapping across entire metropolitan areas to
guide greening targets and cross-city benchmarking [13]. At the asset scale, WorldView-2/3
imagery combined with modern classifiers has achieved species-level discrimination of
urban trees, supporting street tree inventories, risk assessment, and targeted planting or
maintenance [12]. Together, these empirical cases illustrate how HR/VHR data translate
directly into planning-relevant diagnostics spanning parcel, neighborhood, and citywide
decisions, and they motivate the integration of remote sensing outputs with health and
equity indicators in urban policy [11].

Given the notable methodological advancements and the persistent gaps in geographic
research coverage, a comprehensive and critical review of high-resolution (HR) and very-
high-resolution (VHR) remote sensing applications for urban vegetation is both necessary
and timely. This systematic review aims to synthesize current knowledge on the use of HR
and VHR imagery in urban vegetation studies, emphasizing recent progress, unresolved
challenges, and emerging opportunities for interdisciplinary collaboration.

To this end, this review addresses the following research questions:

(1) What are the spatial and temporal trends in the application of HR and VHR sensors
in urban vegetation research?

(2) What are the main research themes and outstanding knowledge gaps?

(3) Which platforms, sensors, and spatial resolutions are most commonly used, and how
can technological advancements support sustainable urban planning and environ-
mental justice in different socio-ecological contexts?

To align the analytical framework with our objectives, we classify studies according to
their dominant emphasis into biophysical and social lenses, while explicitly identifying hy-
brids, following a pragmatic scheme adopted in prior syntheses of urban green and remote
sensing research. Through this classification, the study not only structures the analysis but
also seeks to inform future research directions and contribute to evidence-based decision
making in urban environmental governance and the development of green infrastructure.
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2. Materials and Methods
2.1. Literature Search Strategy

A comprehensive literature review was conducted using “Web of Science” and “Sco-
pus” databases, known for their broad coverage across various scientific disciplines [63].
Our search strategy was designed to capture studies relevant to very-high-resolution (VHR)
remote sensing in urban vegetation contexts. The search query was formulated using a com-
bination of key terms, including “very high resolution,” “VHR,” “WorldView,” “IKONOS,”
“QuickBird,” “UAV,” and terms related to urban environments such as “urban,” “forest,”
“vegetation,” “greenspace,” “tree,” “green infrastructure,” and “UGS.” The final search
syntax implemented was “TOPIC = ((“very high resolution” OR VHR OR WorldView OR
IKONOS OR QuickBird OR UAV) AND (urban*) AND (forest OR vegetation OR greenspace

OR tree* OR “green infrastructure” OR green* OR UGS))”.

i

2.2. Inclusion and Exclusion Criteria

The literature search was limited to peer-reviewed articles (2000-2024, in English) to
ensure methodological transparency and global accessibility. Only empirical studies using
optical or thermal HR/VHR imagery were included. Study selection followed PRISMA
2020 reporting guidance and our a priori eligibility criteria [64,65].

The inclusion criteria were

(i) The use of HR or VHR imagery;
(if) Explicit focus on urban vegetation within urban settings;
(iii) Empirical application of remote sensing imagery (not reviews/theory).

We restrict scope to optical / thermal high-resolution and very-high-resolution imagery
(as defined in the Introduction and Table 1) because these spatial grains and spectral do-
mains resolve crown-level structure and within-neighborhood heterogeneity that are central
to urban vegetation mapping; they also support, with appropriate spectral-textural features
and classifiers, species- or functional-type discrimination in complex streetscapes [12,18].
Studies that use only moderate resolution (e.g., >10-30 m), or rely exclusively on SAR
or LiDAR, are excluded to maintain comparability in spectral content, spatial detail, and
algorithmic pipelines across the review [14,24]. Where SAR or LiDAR add clear value,
we treat them as complementary modalities and discuss fusion-based exemplars in the
Discussion section, but a full treatment of radar- or LIDAR-only workflows is outside of
our objectives.

2.3. Data Extraction and Organization

First, duplicates were removed, reducing 2012 initial records to 1036 (Figure 1). Second,
titles and abstracts were screened against the eligibility criteria, yielding 404 candidate
studies. Third, full texts were assessed, resulting in 123 included articles. Title and abstract
screening and full-text assessment were conducted independently by two reviewers, with
discrepancies resolved by consensus. The overall process is summarized in a PRISMA 2020
flow diagram [64].

The final sample (n = 123) comprises empirical studies that employ optical or thermal
high-resolution and very-high-resolution imagery (HR/VHR). For each study, we extracted
bibliographic variables (authors, year, journal, research area, keywords, and citations),
technical variables (platforms and sensors, spatial resolution, spectral domain, and prepro-
cessing and classification approaches), and thematic variables (objectives, applications, and
level of analysis: urban, regional, or global). All variables were recorded in a structured
spreadsheet to ensure traceability.
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Figure 1. Flow chart of the methodological procedure used to select papers and organize the database.
Arrows indicate the sequential flow of the article selection process. See Supplementary Materials S1
and S2 for the extraction spreadsheet and keyword co-occurrence files.

2.4. Analytical Approach and Bibliometric Analysis

We performed keyword co-occurrence mapping in VOSviewer (v. 1.6.20) [66] to iden-
tify prevalent topics and thematic clusters across the 123 studies, focusing on frequency of
occurrence and network structure. To enhance reproducibility, we report the following key
settings: full counting, association strength normalization, and a minimum keyword occur-
rence threshold of 5, with clusters derived using the software’s default community detection
algorithm [66]. We also compiled descriptive statistics on platform/sensor frequencies and
methodological techniques used across studies.

Following prior syntheses that organize urban green and remote sensing literatures
along biophysical and social lenses, we coded each study by its dominant emphasis, with
an additional secondary tag for hybrid designs when both domains were substantively
addressed. Two reviewers independently applied the labels using the stated aims, out-
come variables, and evaluation metrics as anchors, and disagreements were resolved by
consensus. This scheme provides continuity with the review’s goals while preserving
comparability; hybrid tags are retained for sensitivity descriptions reported in the Results
section. The biophysical group includes studies on vegetation structure, species mapping,
thermal dynamics, carbon metrics, and related ecosystem functions (e.g., [67,68]). The
social group encompasses research on urban planning, public health, social equity, and
community well-being linked to vegetation. This binary framework balances analytical
clarity with the field’s dual emphasis on ecological performance and human outcomes,
consistent with recent syntheses on green infrastructure contributions to climate regulation,
biodiversity, and social benefits [69,70].

Within each category, we conducted keyword analysis to track shifts in research

7o

priorities and emerging trends (e.g., “canopy structure,” “species diversity,” and “thermal

a

performance” in biophysical; “green infrastructure,” “urban planning,” and “public health”
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in social). Integrating this thematic classification with bibliometrics provides a coherent
lens on how HR/VHR technologies are being deployed to address both ecological and
socio-environmental questions in cities.

3. Results
3.1. Geographic and Temporal Trends

Nearly half of the research articles (48%) were published across six leading scientific
journals, with Remote Sensing and Landscape and Urban Planning collectively contributing
27% of these publications. Contributions to this field come from 41 countries, showcasing a
diverse international effort. Among these, China leads with 37 studies (29%), followed by
the United States with 18 studies (14%). India and Australia also make notable contributions,
each with six studies each (4.8%). Collectively, these four nations account for over half of
the total research output (Figure 2a).

@) S
f/} | g’j‘% ¢

(b)
25 140
120 €
"
0 3
g 3
g 100 £
5 z
5 0 8o @
2 c
E 3
= 10 60 -4
o
) 40 =
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0 | = m jimi] = 0

OB PO O XN A0 MDA 2.9 O N> o
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FPEFTEESEE S S S P S E S

Publication year

Figure 2. (a) Number of study sites analyzed per country. (b) Number of papers analyzed per year
and cumulative number papers.

The geographic distribution of contributions reveals a predominant focus on the north-
ern hemisphere, while regions such as South America and Africa remain underrepresented,
contributing only nine and four studies, respectively. A temporal analysis of the reviewed
literature reveals a sharp increase in research publications over the past eight years, with
64% of the studies published in the last five years (Figure 2b). This recent surge is consistent
with global agendas that prioritize fine-scale urban greening for climate adaptation, biodi-
versity conservation, and public health, as reflected in IPCC AR6, the Kunming—Montreal
Global Biodiversity Framework, and the World Cities Report, which collectively call for
neighborhood-scale evidence and actionable indicators.
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The scientific production is concentrated in a subset of countries with high absolute
publication volumes, whereas many others show lower density and temporal disconti-
nuities. The pattern is consistent across databases and years, with a clear acceleration
after approximately 2018. At the regional scale, Europe, North America, and China
lead the publication counts, while Latin America, Africa, and South Asia are underrep-
resented. This heterogeneity should be considered when interpreting global trends and
regional comparisons.

3.2. Main Topics and Gaps in Urban Vegetation Research

The co-occurrence network analysis for the 743 keywords in 123 documents identified
three different thematic clusters (Figure 3). Categorically, the thematic clusters were as
follows: the Red Cluster, with association for urbanization and urban climate, includes
keywords like city, vegetation, heat island, and land use. These keywords are generally
attributed to research for urban vegetation dynamics, climate phenomena, and measures
for mitigating the heat island effect and land surface temperature. In the second category,
the Blue Cluster, with a relation for advanced remote sensing methods and space analysis,
includes keywords like very high resolution, object-based classification, learning, and
spatial metrics. This thematic group signifies the application of advanced methods and
technologies in remote sensing with a focus in remote sensing data for informal settlement
examination, texture identification, texture characterization, and high-accuracy urban
research. Finally, the Green Cluster, with a thematic area in ecology and vegetation,
includes keywords like forest, vegetation, ecosystem service, and imagery. This thematic
group is attributed to research with the application of vegetation indices (e.g., NDVI)
and technologies like a UAV for vegetation condition examination, ecosystem service,
and biodiversity examination in cities. In total, the results portray that co-occurrence
in keywords indicates three significant research themes: the role played in climate due
to urbanization, the development in remote sensing methods, as well as examination in
ecological processes for cities. Such thematic clusters provide an orderly summary for the
dominant thematic fields identified within the literature analyzed.

The thematic analysis of the reviewed studies revealed two primary groups: the
biophysical group, (72%) and the social group, (28%). The biophysical group focuses
on ecological and environmental aspects of urban vegetation, addressing topics such as
biomass and carbon estimation, species mapping, and ecosystem services. In contrast,
the social group examines the relationships between vegetation characteristics and the
socioeconomic and demographic factors of urban populations, emphasizing the human
dimension of urban ecosystems.

Within the biophysical group, 561 keywords were extracted from 88 papers, of which
37 keywords appeared in at least five papers (Figure 4a). The most frequently occurring key-
words include UAV (18 instances), vegetation (17 instances), remote sensing (17 instances),
heat island (17 instances), classification (15 instances), city (12 instances), land surface
temperature (11 instances), and ecosystem services (11 instances). The temporal evolution
of these keywords highlights a clear shift in research priorities within remote sensing. Early
studies were dominated by foundational terms such as classification, climate, IKONOS,
environment, and landscape. More recent contributions focus on keywords like ecosystem
services, UAV, urban greenery, and species classification. This shift signifies an increasing
integration of cutting-edge tools and a growing emphasis on ecological functions and
urban sustainability. The adoption of terms like UAV and species classification highlights
the application of advanced methodologies for fine-scale analysis, enabling researchers to
capture spatial and temporal dynamics more effectively in urban and natural ecosystems.



Urban Sci. 2025, 9, 385 10 of 24
species cl*lﬁcatio"
allometry
tree speciesilassification S h‘h
urb*regs urban v@getation
wor‘iew L
: ;s f(‘t ecosystap services
P mitigation
saigllite -
\ 7 landsgape
gt N
‘,.. climat@iehange Janduse
afgas ikgpos
extrggtion do.forest i . .
ran
‘ Vegﬁﬁon climate
machingllearning -
* *nm‘nsmg
object-basedjglassification \ tandigover ‘
&
texgiire ) - reeninfgastructure
classifigation G g
segmeggtation china
§ . gis hea@and
sgm Very highiiiesolution > Y
accuracy atea
& spatialinetrics
ingex ImPACt | rbagization
resolation

#& vosviewer

Figure 3. Keyword co-occurrence analysis based on the reviewed articles. Colors represent distinct
thematic clusters identified: red (urbanization and urban climate), blue (advanced remote sensing
techniques and spatial analysis), and green (ecology and vegetation). The size of the circles indicates
the frequency of keyword usage, while the strength of the connections (lines) reflects the relevance

and co-occurrence of terms.

In the social group, 269 keywords were collected from 35 papers, with 15 keywords
appearing in at least five papers (Figure 4b). The most prominent keywords include remote
sensing (15 instances), classification (8 instances), texture (7 instances), very high resolution
(VHR) (7 instances), slum (6 instances), informal settlements (6 instances), urban (6 in-
stances), and forest (6 instances). Earlier studies were characterized by foundational terms
such as remote sensing, satellite, and city, which showed a primary focus on traditional
methodologies for mapping and analyzing urban areas. In contrast, recent trends highlight
the emergence of advanced concepts and tools, as evidenced by keywords like machine
learning, UGS, extraction, and VHR.

The co-occurrence map separates ecological terms (e.g., canopy cover, species diversity,
NDVI, and fragmentation) from social terms (e.g., urban heat, equity, accessibility, and
public health), with several bridging keywords, notably ecosystem services, heat island, and
environmental justice, connecting clusters under the association strength normalization
used here. This structure mirrors current practice, where high-/very-high-resolution
indicators of vegetation structure (crown-scale canopy and heterogeneity) are increasingly
mobilized to evaluate cooling benefits and distributional equity at neighborhood scales. In
practical terms, combined social and ecological lenses move analyses beyond greenness
enumeration toward policy-relevant diagnostics (e.g., canopy thresholds for heat mitigation;
3-30-300 proximity benchmarks), aligning remote sensing outputs with planning and
health applications.
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Figure 4. The most used terms in urban vegetation studies, divided into two thematic groups: (a) en-
vironmental thematic group and (b) social thematic group. The environmental group (a) includes
terms related to ecosystem services such as biomass, NDVI, and land surface temperature, while
the social group (b) includes terms associated with environmental inequality and access to green
infrastructure, such as informal settlements and very high resolution. Temporal differences in the
colors reflect the evolving importance of these keywords over time.

Advances in sensor technologies, particularly the adoption of VHR imagery, have
catalyzed a transformative shift toward more detailed and precise monitoring, enabling
researchers to study urban vegetation across scales, from landscape-level patterns to fine-
scale dynamics. This shift illustrates the commitment of remote sensing researchers to
harness technological advancements for understanding and mitigating the intricate inter-
play between urbanization and ecological sustainability. By embracing these innovations,
the field continues to expand its capacity to deliver actionable insights that support more
equitable, resilient, and environmentally sound urban planning and management.
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3.3. Technological Advancements in Remote Sensing Platforms

We found two primary approaches in the scale of analysis for urban vegetation studies,
highlighting a distinct focus on different elements of urban vegetation dynamics (Figure 5).
A majority, 66%, of the research papers adopted a gross approach, focused on elements
like green structures or clusters of vegetation patches. In contrast, the remaining 34% of
studies took a more detailed perspective, meticulously analyzing individual elements, while
collective studies provide insights into large-scale spatial and ecological patterns, though
detailed studies offer precise analyses of the health and growth of individual elements.

B Airborne B Satellite

(a)

w2 B IKONOS M WV3 W Aircraft W UAV
M QuickBird I Pleyades Others

Figure 5. (a) Percentage of studies using satellite or airborne platforms. (b) Percentage of studies by
sensor on satellite platforms. (c) Percentage of studies by type of airborne platform.

In examining the technological platforms employed in these studies, there emerged a
clear preference for satellite platforms, which were utilized in 54% of the cases. Within this
category, the most prevalently used very-high-resolution (VHR) satellite sensors included
WorldView 2 (27%), IKONOS (21%), WorldView 3 (18%), QuickBird (11%), and Pleiades
(6%) (Figure 5).

On the other hand, airborne/aircraft platforms were employed in 46% of the studies,
further subdivided into piloted aircraft sensors and unmanned aircraft systems (UAVs).
Piloted aircraft sensors comprised 28% of this category, including advanced technology
like the frontal scanning infrared (FLIR) and multispectral sensors from renowned com-
panies like Leica and ULTRACAM. These sensors are notable for their sub-meter spatial
resolutions, allowing for highly detailed imaging of urban vegetation. UAVs constituted
72% of the airborne category.

4. Discussion
4.1. Geographical and Temporal Trends

While the Global South remains underrepresented, emerging contributions from
countries like Brazil and Colombia demonstrate the potential for significant advancements
when support and collaboration are provided. Recent disruptions, such as those caused
by the COVID-19 pandemic, further underscore the vulnerability of research systems in
these regions, with delays in peer review, reduced funding, and limited fieldwork access
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contributing to a decline in publications during 2022 and 2023 [71-73]. These disruptions
emphasize the importance of fostering international collaborations, promoting equitable
access to technology, and establishing regional research hubs equipped with advanced
remote sensing tools to bridge the geographic gap [74].

The underrepresentation of Africa and Latin America has substantive implications
for inference and policy transfer because research agendas, metrics, and trained models
developed in well-studied regions may not generalize to cities with different urban mor-
phologies, vegetation assemblages, aerosol regimes, and exposure profiles. Rapid urban
growth in many southern regions intersects biodiversity priority areas and climate vul-
nerability, which raises the stakes for locally calibrated evidence [7]. At the same time,
the geographic concentration of publications reflects structural drivers, including higher
national R&D intensity, robust innovation systems, and mature Earth observation infrastruc-
tures that provide stable archives and user support, as seen in coordinated programs such
as Copernicus and long-running Landsat missions, along with cloud platforms that enable
scalable, transparent analysis [6,24,29,75-77]. Without targeted data and validation in un-
derrepresented settings, domain shift can bias crown-scale mapping, heat diagnostics, and
equity indicators, leading to the misestimation of needs and suboptimal interventions [78].
Addressing these disparities requires open datasets and benchmarks that include south-
ern cities, targeted capacity building for HR/VHR processing, cloud-enabled workflows,
and co-produced analyses with local institutions so that indicators reflect on-the-ground
priorities and planning constraints [6,79].

4.2. Main Topics and Gaps in Research of Urban Vegetation

Thematic keyword analysis reveals a dichotomy between biophysical and social di-
mensions in urban vegetation research. The biophysical cluster, which dominates the
literature, focuses on topics such as biomass estimation, species mapping, and ecosystem
services [80]. These studies highlight the critical role of urban vegetation in climate regula-
tion, carbon sequestration, and biodiversity support. However, the underrepresentation of
social dimensions reflects a significant gap in the literature, particularly regarding public
health, social equity, and access to green spaces.

Integrating ecological metrics with sociodemographic data offers a path forward.
For instance, machine learning algorithms applied to VHR imagery can correlate vegeta-
tion cover with social vulnerability indicators, enabling targeted interventions to address
disparities in green space access [80]. This interdisciplinary approach is essential for devel-
oping sustainable and equitable urban designs that address both ecological and societal
priorities [81,82].

Recent studies emphasize the interconnectedness of these themes, cautioning that
simplistic interpretations of green space data may overlook the complexity of social and
ecological interactions [83,84]. Future research should prioritize nuanced, context-specific
analyses that consider the multifaceted nature of urban ecosystems, promoting a holistic
understanding of how urban vegetation contributes to both environmental resilience and
well-being [85].

4.3. Conceptual Framework and Methodological Implications

The rapid expansion of very-high-resolution (VHR) remote sensing and unmanned
aerial vehicle (UAV) applications in urban vegetation studies requires a conceptual frame-
work that moves beyond descriptive inventories. Fine-scale vegetation metrics are not
only technical achievements but also provide a mechanistic understanding of how urban
greenery contributes to ecosystem resilience, biodiversity, and human well-being.
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At the ecological scale, tree canopy structure, crown architecture, and vertical com-
plexity are increasingly recognized as critical determinants of microclimate regulation and
biodiversity support. Recent studies demonstrate that canopy structural metrics derived
from UAV imagery and deep learning approaches outperform area-based measures in pre-
dicting ecosystem functions such as thermal mitigation and species diversity [10,86]. This
structural focus aligns with ecological theories of resilience, which emphasize redundancy
and diversity in maintaining ecosystem stability.

At the socio-ecological scale, high-resolution vegetation data reveal stark inequalities
in the spatial distribution of green infrastructure. Emerging global syntheses show that
vulnerable populations are systematically exposed to hotter urban environments with less
vegetation, reinforcing the need to integrate environmental justice into remote sensing
frameworks [21,49]. By combining VHR imagery with sociodemographic indicators, re-
searchers can operationalize vegetation mapping within governance frameworks aimed at
equitable access to green benefits [21,84].

From a methodological perspective, VHR/UAYV approaches provide several strengths:
(i) object-level mapping of individual trees and small patches, (ii) improved structural
inference such as tree height and canopy volume, and (iii) actionable diagnostics for
urban planners at neighborhood scales. However, significant weaknesses remain. First,
longitudinal datasets derived from UAVs or VHR satellites are scarce, limiting the ability
to capture temporal dynamics and phenological processes [87]. Second, reproducibility
and harmonization issues persist due to inconsistent reporting of calibration protocols,
preprocessing workflows, and ground truth data. Third, UAV applications face regulatory
and ethical challenges, particularly regarding airspace restrictions, privacy in residential
areas, and data ownership [88,89]. Addressing these weaknesses is essential to strengthen
the scientific robustness and societal relevance of urban vegetation monitoring.

4.4. Comparative Suitability of Remote Sensing Technologies Across Urban Contexts

To systematically evaluate how different platforms contribute to urban vegetation
research, we summarize the comparative strengths, limitations, and recommended ap-
plications of very-high-resolution (VHR) satellites, UAV RGB/multispectral systems,
UAV /airborne hyperspectral sensors, and thermal infrared (TIR) products. This syn-
thesis provides a decision-oriented overview, highlighting the conditions under which each
technology is most effective and the methodological considerations that constrain their use.
Table 2 distills these aspects into a comparative framework that facilitates linking sensor
capabilities with specific urban contexts and research objectives.

Table 2. Comparative overview of remote sensing technologies applied to urban vegetation research.
The table summarizes key strengths, limitations, and best use cases of very-high-resolution (VHR)
satellites, UAV RGB/multispectral, UAV /airborne hyperspectral, and thermal infrared (TIR) products,
providing guidance for selecting appropriate platforms across heterogeneous urban contexts.

Technology Strengths Limitations Best Use Cases
Citywide coverage with High CQSt; spectral Multi-neighborhood
. constraints compared to .

<1-2 m GSD; consistent airborne hvoerspectral assessments; cross-city

VHR satellites geolocation; repeat Ypersp comparability; baseline

products;
shadowing/occlusion in
dense urban cores

availability; SWIR/VNIR
options [12]

mapping where UAV access is
restricted [12]
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Table 2. Cont.

Technology Strengths Limitations Best Use Cases
Centimeter-level detail; Limited coverage Site-specific diagnostics in
crown-scale mapping; ga (battery /area trade-offs); arks/streetscapes;

UAV RGB/ . APPIE 8P 13 diometric calibration parks apes;
. detection; flexible timing ) post-intervention monitoring;
multispectral challenges; strict ) . )
for heat/phenology reeulations and equity audits at neighborhood
studies [90,91] & . scale [90,91]
privacy constraints
Rich spectral detail; High payload and Targ?ted campaigns for .
. . _ . . . species discrimination, trait
UAV /airborne species/trait inference; processing demand; . L
. - mapping, or stress detection in
hyperspectral early stress BRDEF/illumination iy .
detection [18,92] corrections required critical corridors and
’ d biodiversity hotspots [18,92]
Supports mapping of land Sensitive to emissivity, . .
surface temperature (LST); atmospheric conditions Design and evaluation of
Thermal infrared (TIR)  canopy cooling assessment; P ’ heat-mitigation strategies

and time-of-day; requires

integration with HR/VHR careful corrections

vegetation products [78,93]

across neighborhoods [78,93]

4.5. Technological Advances in Remote Sensing for Studying Urban Vegetation

The technological trajectory of remote sensing in urban vegetation research reflects
a clear transition from coarse, generalized approaches toward fine-scale, multi-platform
frameworks. Pioneering studies such as Tucker (1979) [94], who established the NDVI
vegetation index, and Carlson and Arthur (2000) [90], who linked satellite imagery with
urban land-use and microclimatic dynamics, laid the foundation for subsequent urban
ecological applications. These early contributions demonstrate how incremental advances
in spatial and spectral resolution enabled the current generation of sensors to move from
broad land cover mapping to detailed assessments of vegetation structure, function, and
ecosystem services.

Recent innovations in very-high-resolution (VHR) satellites (<1-2 m) and UAV-based
sensors have been transformative. Panchromatic sharpening and VNIR bandsets in plat-
forms such as WorldView-2/3 allow species- or functional-type discrimination within
heterogeneous urban streetscapes, while UAVs offer centimeter-scale flexibility for site-
specific diagnostics [12,13,86,91]. UAV photogrammetry supports crown-scale mapping,
tree gap detection, and canopy continuity analysis, with applications ranging from equity
audits to climate adaptation studies [42,86,87]. Beyond these uses, UAV-based hyper-
spectral acquisitions extend analytical capacity to species-level trait mapping and early
stress detection, albeit at higher operational cost and with payload/illumination chal-
lenges [92,93,95]. Thermal infrared (TIR) has emerged as a complementary data source,
particularly in quantifying land surface temperature (LST) gradients and evaluating canopy
cooling thresholds across neighborhoods [44,96].

Empirical studies illustrate these advances. Wu et al. [86] applied UAV imagery with
computer vision algorithms to detect treetops and estimate tree height in complex urban
environments, while Isibue and Pingel [97] demonstrated UAV potential for ecological
inventories and long-term urban forestry management. These examples reinforce the
versatility of UAVs in bridging fine-scale structural data with urban ecological applications.
Meanwhile, large-scale VHR satellite products such as UrbanWatch have demonstrated
1 m LCLU mapping across 22 U.S. cities with high accuracy, underscoring operational
feasibility for city-scale baselines [13].

Despite their promise, several critical gaps remain. First, regulatory and ethical
constraints, particularly related to privacy and airspace permissions, limit UAV scalability
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in dense cities [88,98,99]. Second, data harmonization across sensors, resolutions, and
acquisition conditions remains inconsistent, reducing the comparability of studies [8,16,17].
Third, reproducibility is often undermined by the insufficient reporting of calibration,
flight protocols, and ground truth data [92,93,100]. Finally, the scarcity of longitudinal
UAV datasets restricts the ability to monitor canopy growth, phenological changes, or
long-term greening interventions [54,93]. Addressing these challenges requires community
standards, open-access UAV archives, and collaborative monitoring networks that ensure
data transparency and comparability across time and urban typologies.

An important distinction when analyzing sensor suitability lies in resolution. Medium-
resolution sensors (e.g., Landsat at 30 m, Sentinel-2 at 10 m) remain valuable for longitudinal
monitoring and regional coverage but are inherently limited in urban contexts, where mixed
pixels and coarse grain obscure fine-scale heterogeneity, such as street trees, courtyard
canopies, or narrow green corridors [24,77]. By contrast, high-resolution (HR, >1-<10 m)
and very-high-resolution (VHR, <1 m) data overcome these constraints by resolving
individual crowns, canopy gaps, and structural variation within neighborhoods, enabling
analyses directly tied to ecosystem services, equity metrics, and resilience theory. This
comparative advantage explains the predominance of VHR sensors such as World View-2/3
and QuickBird in urban vegetation studies, as they offer operational capacity for crown-
scale mapping and trait inference that low-resolution platforms cannot provide [12,22].
UAV platforms extend this further with centimeter-scale diagnostics, thus bridging critical
gaps between local ecological structure and planning-relevant applications [86,93,97].

4.6. Bridging Research Gaps and Enhancing Inclusivity

Addressing the geographic and thematic disparities identified in this review requires
an inclusive and collaborative approach. The underrepresentation of regions such as
South America and Africa in urban vegetation research reveals a geographic bias that
limits the global understanding of ecological and socioeconomic dynamics in urban areas.
Advanced technologies like UAVs and hyperspectral imaging have transformed the study
of urban vegetation, but their adoption in these regions remains uneven due to access
restrictions, high costs, and weak institutional frameworks [101]. To mitigate these barriers,
establishing regional research hubs equipped with state-of-the-art remote sensing tools
could empower local researchers to undertake impactful studies. These hubs, coupled with
subsidized access to VHR imagery and capacity-building initiatives, would help address
critical ecological and social challenges unique to these regions [102,103].

This review also highlights the need for the better integration of biophysical and
social dimensions in urban vegetation studies. While most research focuses on biophysical
parameters, such as biomass and vegetation cover, there is a pressing need to address social
issues, including equitable access to green spaces and their impact on public health.

While most research focuses on biophysical parameters, such as biomass and vege-
tation cover, there is a pressing need to address social issues, including equitable access
to green spaces and their impact on public health. At this level, very-high-resolution data
offer unique opportunities to operationalize environmental justice frameworks and embed
resilience theory into urban governance. For instance, the recently proposed 3-30-300 rule,
which recommends that every resident should see at least three trees from their home,
live in a neighborhood with 30% canopy cover, and have access to a park within 300 m,
can only be reliably monitored through sub-meter resolution data [11]. By coupling these
indicators with sociodemographic data, urban planners can identify neighborhoods with
higher vulnerability and prioritize interventions to reduce environmental inequities [21].
Furthermore, integrating canopy structural diversity and connectivity measures derived
from UAV and VHR imagery with socio-ecological theory strengthens our understanding
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of resilience, biodiversity conservation, and social cohesion in cities [51]. These approaches
emphasize that vegetation mapping is not merely a technical task but also a foundation
for equitable governance and improved human well-being, highlighting the potential of
remote sensing to support inclusive and justice-oriented urban greening policies [69].

Combining ecological metrics with sociodemographic indicators can provide action-
able insights for urban planning. For example, machine learning techniques applied to VHR
imagery can model the relationship between vegetation distribution and social well-being,
enabling targeted interventions to reduce disparities [104-106]. These interdisciplinary ap-
proaches ensure that research outcomes are both scientifically robust and socially relevant,
contributing to sustainable and equitable urban development.

Technological advancements in remote sensing, particularly UAVs and hyperspectral
imaging, have significantly enhanced the capacity to study urban vegetation at fine scales.
These tools offer ultra-high-resolution datasets that support detailed analyses of vegetation
structure and function. For instance, UAV-mounted sensors provide multispectral, 3D,
and thermal imaging data with resolutions below 50 cm, enabling precise monitoring of
urban microclimates and vegetation health [91,95,107]. However, widespread adoption
of these technologies is often constrained by high costs, regulatory challenges, and the
technical expertise required for data processing [92,108,109]. Addressing these limitations
through international collaborations, innovative funding mechanisms, and technology
transfer programs would enable researchers in resource-constrained regions to harness
these tools effectively.

Technical and operational hurdles can be mitigated through standardized calibration
and reporting (e.g., reference networks and BRDF-aware workflows) to improve com-
parability and reproducibility [100,110,111]. Costs of algorithm development fall when
communities adopt open, annotated benchmarks for urban segmentation and classifica-
tion (e.g., SpaceNet; LoveDA), which facilitate method transfer across cities [78,112]. For
urban UAV operations, risk-based rules and traffic management frameworks provide clear,
scalable pathways for compliant flights in built-up areas [98,99]. Finally, interdisciplinary
co-production and capacity building with municipal and public health partners help align
sensing campaigns with equity and climate adaptation needs while building local analytical
capability [79].

The thematic analysis conducted in this review underscores the dynamic and mul-
tidisciplinary evolution of remote sensing research in urban vegetation. The distinction
between biophysical and social themes reflects the integration of ecological, technological,
and societal dimensions, offering a comprehensive perspective on urban ecosystems. More-
over, the temporal progression of keywords such as UAV, ecosystem services, machine
learning, and UGS demonstrates the adaptability of the field to emerging technologies
and societal priorities. Future research should build on this adaptability by promoting
interdisciplinary collaborations that address ecological resilience and social equity. Linking
vegetation metrics with outcomes such as neighborhood satisfaction or public health could
provide actionable insights for urban planners and policymakers, ensuring that urban
vegetation research contributes to more sustainable and inclusive cities [113-117].

4.7. Future Research Directions and Critical Gaps

Despite rapid growth in very-high-resolution applications, several methodological
and thematic gaps constrain progress and policy relevance. Many studies still rely pri-
marily on pixel-based classifiers rather than taking fuller advantage of object-based image
analysis and modern machine and deep learning approaches, which improve contextual
discrimination in heterogeneous urban fabrics [12,118-120]. Accuracy assessment and vali-
dation are often limited or underreported, despite well-established guidance for rigorous
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sampling and error reporting, which is essential for reproducibility and comparison across
cities [121,122]. Longitudinal analyses remain scarce; yet, UAV time series and cloud-based
platforms now enable scalable, versioned processing for temporally explicit models of
canopy dynamics and heat exposure [29,93]. Ethical, legal, and privacy considerations
for UAV sensing in residential settings also require clearer treatment and adherence to
risk-based rules to safeguard communities while permitting research operations [98]. Fi-
nally, limited integration of ecological and sociodemographic data hinders equity-oriented
diagnostics that link crown-scale indicators to access and health outcomes [11,21,123]. To
convert advances into reproducible, policy-relevant practice, we recommend the following:
standardized calibration and reporting, including BRDF-aware workflows [93]; evaluation
on open benchmarks with geographically disjoint splits to manage domain shift [78,112];
compliant urban UAV operations coupled with cloud workflows for transparent, scalable
analysis [29]; and institutionalized co-production with municipal and public health part-
ners so that HR/VHR indicators align with equity and adaptation priorities, including
uncertainty disclosures for decision support [79,124].

5. Conclusions

Our findings indicate that the field is shaped by two interlocking gaps. A geographic
concentration of studies in high-investment research systems and a thematic emphasis on
biophysical indicators relative to social outcomes operate as mutually reinforcing struc-
tural inequalities, limiting both empirical diversity and the conceptual richness of urban
vegetation research. These constraints heighten the risk that models and metrics cali-
brated in well-studied contexts will not transfer to rapidly urbanizing regions, where
neighborhood-scale heat exposure, access to cooling canopies, and local planning con-
straints differ markedly [7,10,11]. Addressing this structure requires coupling crown-
resolved HR/VHR indicators with equity-aware evaluation and co-production, while also
investing in the enabling conditions that drive scientific capacity: sustained national R&D
and innovation ecosystems, open datasets and benchmarks, and longitudinal city-scale
baselines that make results comparable across places. This synthesis motivates the action-
able directions that follow and clarify how technical, institutional, and social choices can
align the next generation of urban vegetation sensing with inclusive climate adaptation
and public health goals.

To enhance practical utility and reproducibility across cities, we recommend the
following priorities: (1) adopt standardized calibration and reporting (e.g., panel work-
flows, illumination/BRDF control, and uncertainty disclosure) to improve comparability
across cities and campaigns; (2) build open, labeled benchmarks for crown delineation,
species/functional types, and change detection, leveraging existing VHR datasets and chal-
lenge series to accelerate; (3) establish longitudinal HR/VHR observatories (multi-season
and multi-year) to capture dynamics relevant to climate adaptation and management;
(4) address domain shifts explicitly (differences in GSD, sun—sensor geometry, and phenol-
ogy) via external validation and typology-stratified error reporting; and (5) institutionalize
interdisciplinary co-production with municipalities and public health partners, linking
vegetation indicators to equity and heat-exposure metrics (e.g., neighborhood canopy
thresholds and accessibility within 300 m) for decision support.

To address the gaps identified in this review, future research should focus on promot-
ing inclusivity, fostering interdisciplinary collaborations, and ensuring equitable access to
advanced remote sensing technologies. Expanding studies to underrepresented regions
will provide critical insights into diverse urban ecological and socioeconomic contexts,
enhancing the relevance of research to global sustainability goals.
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We identify five priorities to close technical and theoretical gaps in HR/VHR ur-
ban vegetation remote sensing. First, develop and evaluate self- and weakly supervised
representation learning on large geospatial datasets to reduce label dependence and en-
hance cross-city generalization. Second, formalize domain shift protocols and use open
benchmarks with geographically disjoint train—test splits and typology-stratified reporting,
building on SpaceNet, LoveDA, and city-scale 1 m products for reproducible comparisons.
Third, pursue multimodal fusion of VHR optical with UAV hyperspectral and thermal and
with elevation products (photogrammetric DSM/LiDAR) to couple structures, traits, and
heat exposure within a single product. Fourth, integrate uncertainty quantification and
equity-aware evaluation, linking outputs to cooling thresholds and access metrics relevant
for planning and health. Fifth, pilot foundation models and promptable segmentation
for rapid label generation and transfer, while documenting biases and failure modes and
leveraging emerging geospatial tooling. Moreover, integrating biophysical and social di-
mensions will enable the development of holistic urban vegetation strategies that support
both environmental resilience and social well-being.
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