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Highlights

What are the main findings?

From a remote sensing perspective, urban land use intensity is defined as a continu-
ous, multidimensional and dynamic property of urban systems integrating struc-
tural, functional and socio-economic dimensions.

A novel remote sensing- and trait-based framework operationalises urban land use
intensity through six indicator families: traits, genesis, structure, taxonomy, function
and socio-economic indicators.

What are the implications of the main findings?

The proposed framework enables more consistent, scalable and internationally com-
parable monitoring of urban land use intensity across cities and over time.
Integrating remote sensing, artificial intelligence and in situ data supports improved
urban planning, sustainability assessment and evidence-based governance in rapidly
urbanising regions.

Abstract

Urban land use intensity (U-LUI) is a widely used term for describing urban development

processes, yet its conceptualisation and measurement remain inconsistent. Existing ap-

proaches focus on isolated dimensions, such as structural density, functional activity, and

socio-economic indicators, resulting in limited comparability and weak integration across

scales and data sources. This paper reviews and synthesises current approaches to U-LUI

with a focus on remote sensing (RS), in situ data and emerging urban data sources. It
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analyses definitions, related concepts of urban intensity and existing monitoring frame-
works at national, European and global levels, and compares methodological approaches
for observing U-LUI. Based on this synthesis, U-LUI is defined as a continuous, multidi-
mensional and spatio-temporally dynamic property of urban systems that reflects the in-
tensity of anthropogenic use. To operationalise this concept, the paper develops an inte-
grative, trait-based framework comprising six indicator families: traits, genesis, structure,
taxonomy, function and socio-economics. The proposed framework is illustrated and sup-
ported through the synthesis of existing RS approaches, urban monitoring concepts and
representative examples from the literature, demonstrating its potential for consistent and
scalable U-LUI assessment. These dimensions link physically observable characteristics
with functional and contextual aspects of urban systems and provide a basis for more
consistent quantification and comparison. The results highlight key challenges for U-LUI
monitoring, including limited conceptual harmonisation, incomplete integration of di-
mensions and the need for improved data integration. The proposed framework supports
more coherent and scalable assessments of U-LUI in research, monitoring and planning
contexts.

Keywords: urban land use intensity; urban intensification; remote sensing; in situ; urban
traits; genesis; structure; taxonomy; functional; socio-economic indicators; policy;
planning

1. Introduction

Urbanisation is one of the key land use and transformation processes of the 21st cen-
tury, profoundly impacting ecological, climatic, economic and social systems. Global anal-
yses show that urban areas are expanding more quickly than the urban population, re-
sulting in increased soil sealing, higher resource consumption and growing environmen-
tal pollution [1]. At the same time, cities concentrate value creation, infrastructure and
innovation, but they are also hotspots for emissions, extreme weather events and social
vulnerabilities [2,3]. Against this backdrop, there is a growing need for concepts that cap-
ture the spatial extent of urban areas and describe the degree of their anthropogenic use
in a differentiated and comparable manner.

The urban land use intensity (U-LUI) concept addresses this challenge by viewing
urban land use as a continuous, multidimensional intensity gradient rather than a discrete
category [4]. U-LUI integrates the structural, functional and temporal dimensions [5] of
urban land use, as well as socio-economic contexts, thus focusing on the intensity of an-
thropogenic use. There are different, and sometimes divergent, components of operation-
alisation of U-LUL One dominant approach describes urban intensity using structural
densification variables, such as the degree of sealing, building density, or floor area ratio
[6]. This approach primarily focuses on physical development capacity. Remote sensing
(RS) shows that the proportions of impervious surfaces can be reliably derived from mul-
tispectral and multitemporal satellite data. This can be achieved using subpixel unmixing
approaches [7], or via global, long-term Landsat time-series products that consistently
map impervious dynamics [8,9].

In parallel, scalable impervious estimation methods using standard sensors (e.g.,
Landsat) based on data-driven machine learning and deep learning have become estab-
lished [10,11]. While these structural indicators are easy to observe physically and are spa-
tially comparable [6], they mainly capture morphological capacity and remain largely
blind to the functional intensity of use (e.g., activity rhythms, use mix, ad actual utilisa-
tion).
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A second approach uses composite development or intensity indices that aggregate
demographic, economic, and infrastructural variables, thereby operationalising U-LUI as
a multidimensional measure of development. Earlier index-based studies developed com-
prehensive indicator systems for this purpose (e.g., land use, population, infrastructure
and environmental intensity), demonstrating their compatibility with planning and cli-
mate policy target systems [12]. More recent studies have scaled such urban development
intensity concepts to the global level, integrating multisource geospatial and RS data and
3D building metrics, population density, nighttime lights (NTLs), and transport and in-
frastructure data [13,14]. Such indices are politically compatible, but they are often sensi-
tive to indicator selection, weighting and data availability, meaning they are only compa-
rable between countries and their respective statistical systems to a limited extent [12].

A third strand of research focuses on functional activity and urban vitality, as meas-
ured by points of interest (POIs), mobility data, or high-resolution activity patterns over
time. At the block/street block level, U-LUI is seen to be closely linked to vitality patterns,
with spatially significant cluster relationships demonstrated [15,16]. Additionally, high-
resolution, data-driven methods are employed to robustly model the dynamics of urban
structure and use. For instance, RS data is integrated with geospatial big data sources [17],
functional zoning is based on day/night data fusion [18], and 3D-based change detection
workflows are used for urban objects [19].

Hybrid models that integrate the structural, functional, and socio-economic dimen-
sions of urban use generally demonstrate greater potential for the holistic mapping of ur-
ban intensity; however, they remain methodologically heterogeneous and difficult to
standardise. In particular, indicator selection, weighting and data availability vary greatly
between studies and spatial contexts, which limits international comparability [14]. Over-
all, therefore, there is a lack of an internationally compatible, multidimensional, opera-
tionally quantifiable U-LUI concept. Alongside these conceptual developments, consider-
able methodological progress has been made in urban RS. Standardised satellite systems
such as Landsat and Sentinel enable the comprehensive, repeatable recording of urban
structures, vegetation and thermal properties over time [20-23]. Additionally, SAR- and
LiDAR- and digital orthophoto-based methods provide high-resolution information on
the elevation structure and three-dimensional morphology of urban areas. While SAR ap-
proaches now enable urban elevation models to be reconstructed even from individual
VHR images [24], LIDAR/point cloud workflows provide detailed representations of the
geometric 3D structure of urban objects and their changes [19]. Recent reviews also em-
phasise the potential of integrating RS data with geospatial big data sources, such as mo-
bility flows, point-of-interest data, and social media information, to capture functional ur-
banity [17,25]. Since 2020, deep learning models and multimodal AI architectures have
become central tools in urban RS analysis, improving the classification and semantic in-
terpretation of urban patterns, as well as data fusion [26].

A conceptual advance in RS-based land use intensity assessment lies in the trait-
based approach. Building on concepts from functional ecology, urban traits are under-
stood as measurable biophysical, structural, and processual properties that manifest in
spectral signatures, textures, thermal properties, and temporal patterns. Empirical studies
demonstrate that spatio-temporal spectral traits can serve as reliable indicators of U-LUI
[27,28]. Trait-based approaches are well established in the ecological [29] and agricultural
context [30] and offer a sound methodological foundation for urban applications.

Despite these advances, however, there are still some key research gaps: there is no
internationally compatible definition of U-LUI the structural, functional, temporal and
socio-economic dimensions are rarely integrated systematically; the methodological op-
erationalisations are hardly comparable; the vertical dimension of urban intensity is un-
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derrepresented; robust validation frameworks between RS indicators and energy, mobil-
ity or social data are lacking; and dynamic intensity patterns have only been analysed
selectively so far.

This paper therefore discusses U-LUI systematically for the first time as an RS-based,
trait-founded concept. It introduces an indicator framework and an RS- and trait-based
U-LUI monitoring system that distinguishes between six complementary indicator fami-
lies: (1) traits, (2) genesis, (3) structure, (4) taxonomy, (5) function and (6) socio-economics.
This framework combines the physical observability of urban intensity with the functional
and social characteristics of urban land use, creating a consistent basis for quantification,
comparison and standardisation. Against this background and in response to the concep-
tual and methodological gaps outlined above, this review aims to develop a more coher-
ent and operational understanding of U-LUI from an RS perspective. Specifically, the pa-
per (i) consolidates and differentiates existing definitions of U-LU]I, (ii) compares and in-
tegrates in situ and RS-based monitoring approaches, and (iii) identifies key methodolog-
ical challenges for RS-based U-LUI assessment. Building on this synthesis, we introduce
an integrated indicator framework comprising six complementary indicator families
(traits, genesis, structure, taxonomy, function, and socio-economics) and illustrate its ap-
plication through representative examples. Finally, we discuss the relevance of the pro-
posed framework for planning, governance, and international monitoring programmes
and outline emerging opportunities for operationalising U-LUI using RS, artificial intelli-
gence, and semantic data integration.

This paper follows a narrative review approach. Its objective is to synthesise and con-
ceptually integrate existing knowledge on U-LUI, RS approaches and urban monitoring
frameworks. In contrast to a systematic review, this study does not aim to provide an
exhaustive and fully reproducible inventory of the literature but rather to identify, com-
pare and synthesise key concepts, methodological developments and existing monitoring
approaches in order to develop an RS- and trait-based U-LUI framework.

2. Definition, Standards and Programmes for Monitoring Urban-LUI
2.1. Definition of Urban-LUI

The existing literature uses the term U-LUI from different perspectives but without
an internationally established, multidimensional and methodologically consistent defini-
tion. In a frequently cited definition, Xia et al. [16] describe U-LUI as the degree to which
land is developed in urban areas, primarily from a structural-constructional perspective
(densification/development). Wang et al. [31] use U-LUI to express the utilisation status
of urban areas and as a planning-compatible control variable, but their definition is largely
implicit and they do not systematically separate spatial, morphological, functional and
temporal dimensions. In contrast, Yang et al. [32] focus on methodological measurement
approaches (multi-objective decision logics), whereby U-LUI is primarily operationalised
as an evaluation/optimisation target, rather than being treated as a generally valid defini-
tional structure. Finally, Wellmann et al. [27] and Xie et al. [28] operationalise U-LUI on
an RS basis via spatio-temporal spectral trait variations, shifting the focus to biophysically
observable forms of anthropogenic use. However, here too the emphasis is on operation-
alisation rather than a comprehensive, multidimensional conceptual architecture. More
recent work expands the spectrum of U-LUI operationalisation to include: (i) diurnal dy-
namics and activity rhythms (diurnal U-LUI models) [33]; (ii) digitalisation as a driver or
context of urban intensification and its spatial spillover effects [34]; and (iii) socio-eco-
nomic urban welfare and the distributional effects of intensity changes [35].

While these contributions broaden the thematic scope, they predominantly consist of
context-specific measurement and modelling approaches and have thus far made only a
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limited contribution to a harmonised definition. The definitional bottleneck has both ter-
minological and operational consequences: without conceptual consistency, indicator sys-
tems are difficult to standardise, spatial and temporal comparisons are limited, and inter-
faces with monitoring, policy, and planning processes remain methodologically fragile.
This problem has been recognised for some time in general land use intensity research.
Erb et al. [4] emphasise that intensity can only be meaningfully described as a multidi-
mensional construct integrating input and output intensities and systemic effects/out-
comes, and that there is a lack of consistent conceptual frameworks for this, or that these
need further development. Additionally, framework-oriented studies (e.g., that of Diogo
et al. [36] on intensity changes in Europe) demonstrate that operationalising intensity ne-
cessitates context-specific, multisectoral frameworks to achieve simultaneous comparabil-
ity and sustainability references.

Against this background, and given the increasing need to link multidimensional ur-
ban intensity concepts with scalable observation systems, a consistent and operational
definition of U-LUI becomes a scientific and practical prerequisite.

In this paper, U-LUI is therefore defined as a continuous, multidimensional, and spa-
tially and temporally dynamic property of urban systems that describes the intensity of
anthropogenic use, transformation and functional effectiveness of urban areas.

Importantly, U-LUI is not proposed as a replacement for established concepts such
as urban density, urban morphology, urban vitality or urban metabolism. Instead, U-LUI
is conceptualised as an integrative umbrella concept that combines these complementary
perspectives into a unified framework for observing and quantifying the intensity of an-
thropogenic urban use, while related concepts predominantly focus on specific dimen-
sions of urban systems (e.g., structural form, activity patterns or resource flows).

U-LUI is observable through the variation of urban traits in space and time and inte-
grates biophysical, structural, functional, genetic, taxonomic and socio-economic dimen-
sions. This definition provides the conceptual basis for a scalable and standardisable
quantification of urban intensity by linking RS with complementary in situ and contextual
data (see also Section 4).

The next section builds on this by providing a systematic overview of national, Eu-
ropean and global programmes that provide relevant data for observing urban land use
processes and intensities.

2.2. Existing Framework Concepts of U-LUI

Several related concepts of urban intensity are discussed. Each concept addresses
specific aspects of urban use, but none provides a comprehensive, multidimensional def-
inition of U-LUL One frequently used approach is urban development intensity, which
primarily operationalises urban intensity using spatial and structural measures of density.
These include the degree of sealing and building/structure density, as well as derived
density and structural measures that describe the physical capacity and structural devel-
opment of urban spaces. Weng [6] systematises the requirements, methods, and trends of
satellite-based detection of sealed surfaces as a core structural indicator of urban develop-
ment. More recent global data from RS also provides consistent structural information at
a high resolution, such as the global urban footprint, which provides a high-resolution
inventory of built-up areas and is described in Esch et al. [37]. Urban development inten-
sity primarily captures structural dimensions of urban use but only partially reflects func-
tional and temporal aspects of U-LUL

A second approach involves urban vitality concepts, which define urban intensity in
terms of functional activity. Current research increasingly couples this perspective with
RS, particularly via nighttime lights, which are used as a proxy for human activity and
economic dynamics. Bennett and Smith [38] demonstrate in a fundamental review how
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multitemporal nighttime light time series can be employed to observe socio-economic dy-
namics. A combination of structure and activity proxies is often employed to link land use
intensity and vitality at coarse spatial scales. Xia et al. [16] explicitly analyse the relation-
ship between U-LUI and urban vitality at street block level, operationalising nighttime
vitality using nighttime lights among other methods. More recent RS work extends vitality
measurement to include temporal dynamics or pulsating activity. Tan et al. [39] integrate
daily nighttime light fluctuations and demonstrate that temporal fluctuations, as well as
brightness, reflect meaningful vitality patterns. Urban vitality captures functional and
temporal dimensions but does not provide a comprehensive multidimensional frame-
work for U-LUL

A third established framework concept is urban metabolism approaches, which view
cities as systems of material and energy flows, characterising intensity in terms of resource
turnover, energy demand, and emissions. Kennedy et al. [40] formulate this perspective
as a fundamental analytical framework for urban material and energy flows. Urban me-
tabolism contributes resource-related perspectives but only partially represents observa-
ble urban land use intensity. However, it is only partially directly observable with RS, as
many flows are not directly measurable by satellite, and they often rely on statistical in-
put-output data or modelling.

Another relevant category is smart city key performance indicator systems, which
measure urban intensity in terms of performance and governance indicators rather than
physical-spatial terms. Huovila et al. [41] systematically compare standardised smart/sus-
tainable city indicator sets (including ISO standards) and classify them according to their
focus, the sectors they cover, and the types of indicators they use. Smart city indicator
systems support benchmarking and governance but do not provide an RS-based measure
of U-LUL To position U-LUI conceptually, it is important to distinguish it from related
concepts. Urban density and morphology primarily capture structural dimensions, urban
vitality emphasises functional activity, and urban metabolism focuses on resource flows.
In contrast, U-LUI integrates structural, functional, temporal and socio-economic dimen-
sions through observable urban traits and their variation across space and time, providing
a scalable RS-based observation framework. Table Al summarises the main differences
between U-LUI and related concepts frequently used to describe urban intensity and ur-
ban development.

2.3. Programmes for Monitoring U-LUI at National (Germany), European and Global Scales

Monitoring U-LUI requires multidimensional monitoring programmes that can con-
sistently, scalably and comparably record the various dimensions of urban land use. The
following sections and Tables A2 and A3 provide an overview of the monitoring pro-
grammes at the national (Germany), European and global levels.

2.3.1. National Monitoring Programmes in Germany

Germany has a well-established infrastructure for geodata and spatial observation
with high spatial precision and thematic differentiation. The Official Real Estate Cadastre
Information System (ALKIS) is the central reference database for structures and enables
the derivation of morphological U-LUI such as building density, degree of sealing or par-
cel fragmentation. Due to its accuracy, the Official Real Estate Cadastre Information Sys-
tem also serves as a validation basis for RS-based products. The INKAR (BBSR) indicator
system provides harmonised annual time series on settlement development, infrastruc-
ture, mobility, and socio-economic structures that reflect the functional and social dimen-
sions of U-LUI. Additionally, the Federal Environment Agency’s (UBA) land use moni-
toring addresses key structural intensity components from an environmental policy per-
spective. Furthermore, RS-based products such as the Urban Atlas (Copernicus) and the
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urban footprint processor (German Aerospace Center—DLR) expand this database with
standardised, comprehensive structural information from multispectral and synthetic ap-
erture radar (SAR) data. While the Urban Atlas provides differentiated land use classes,
the Urban Footprint Processor extracts high-resolution building structures. Municipal
monitoring platforms (e.g., open data and urban climate systems) supplement national
monitoring with high-frequency, locally differentiated functional data, albeit with limited
inter-municipal standardisation (see also Tables A2 and A3).

2.3.2. European Monitoring Programmes

At the European level, monitoring of U-LUI is primarily carried out via harmonised
RS programmes and standardised statistical systems. The Copernicus Land Monitoring
Service (CLMS) provides high-resolution, classification-harmonised land use data for over
700 cities via its Urban Atlas, forming a central reference for structural intensity analyses
in a European comparison. Furthermore, LUCAS (Land Use/Cover Area Frame Survey)
serves as a Europe-wide, standardised, in situ reference dataset for validating RS-based
surveys. The Joint Research Centre provides long-term consistent data sets on building
density, settlement structure and urbanisation dynamics with the European settlement
map and the global human settlement layer, which address genesis-related and structural
U-LUI dimensions in particular. Finally, EUROSTAT’s Urban Audit complements this
physical and structural information with harmonised demographic, mobility, energy, in-
frastructure and quality of life indicators, thereby strengthening the functional and socio-
economic comparability of European cities (see also Tables A2 and A3).

2.3.3. Global Monitoring Programmes

Global monitoring programmes are characterised by their comprehensive coverage,
long-term time series and methodological standardisation. The global human settlement
layer provides a central global baseline dataset of structural urban land use indicators and
enables analysis of urban transformation processes over several decades. The global urban
footprint [37] complements this with high-resolution, SAR-based built-up mapping (12
m), which is particularly useful for regions with limited data. Functional intensity dimen-
sions are primarily operationalised at a global level using MODIS and VIIRS products.
For example, land surface temperature (LST) and nighttime lights (NTLs) are used as
proxies for energy and economic activity. The Copernicus Climate Change Service ex-
tends this data set to include a climatic impact dimension (e.g., trends in heat and cold
stress), but only indirectly reflects urban intensity. The normative and governance-ori-
ented level is addressed by UN-Habitat’s Urban Indicators Programme and SDG-11 Mon-
itoring Framework, as well as the World Bank’s indicator systems. These programmes
provide standardised indicators on land use, density, infrastructure, mobility, and eco-
nomic performance, enabling the incorporation of U-LUI into international sustainability
and reporting systems (see also Tables A2 and A3).

These programmes demonstrate that U-LUI has previously been recorded in a frag-
mented manner along structural, functional, or socio-economic subdimensions. There-
fore, an integrative, RS-based link between these levels remains a central prerequisite for
consistent, internationally comparable intensity monitoring.

3. Approaches for Monitoring U-LUI

The monitoring of U-LUI combines in situ observations and RS approaches (Figure
1) to capture complementary dimensions of urban intensity. As introduced in the Intro-
duction, in situ approaches provide information on functional, socio-economic and pro-
cess-related aspects, whereas RS enables continuous and scalable observation of physi-
cally observable urban characteristics. Urban traits act as the linking concept between both
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approaches and provide the observational basis for the integrated U-LUI framework. The
following sections summarise the methodological contribution of each approach.
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Figure 1. Monitoring urban land use intensity (U-LUI) with remote sensing (RS) and in situ ap-
proaches. (a,b) Land surface temperature, 2001 and 2014, Jakarta. (From Ramdhoni et al. [42].)

3.1. In Situ Approaches

Recording U-LUI based on in situ data sources is an essential methodological pillar
of urban land use monitoring. This method enables detailed mapping of processes that
are partially beyond the scope of direct observation by RS, particularly the functional,
socio-economic and energy dimensions of urban activity. In situ data allows the direct
quantification of resource use and frequency of use, as well as urban patterns that charac-
terise the functional complexity of urban systems. The following section lists the relevant
types and sources of in situ data:

3.1.1. Statistical and Administrative Data Sources

The most widely used in situ sources are official and statistical datasets that are col-
lected and regularly updated by municipal, regional or national institutions. These in-
clude building, land and land use registers (e.g., the Official Real Estate Cadastre Infor-
mation System, urban development plans and land use databases), which provide infor-
mation on building type, land use, ownership and density. Energy and water consump-
tion statistics serve as functional indicators of urban resource use. Their spatial aggrega-
tion allows conclusions to be drawn about neighbourhood intensity of use, density and
activity profiles. Traffic and mobility data, collected via counting stations, smart traffic
systems or public transport recording, provide valuable information on traffic volume,
modal split and temporal usage patterns. Furthermore, population and employment sta-
tistics reflect the socio-economic dimension and enable the derivation of density and ac-
tivity indicators (e.g., population per area or jobs per km?). In situ datasets are generally
highly accurate but are aggregated administratively (e.g., at municipal, district or block
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levels). Integrating them into U-LUI analyses often requires their transformation into ge-
ostatistical raster formats (e.g., 100 m or 1 km raster sizes) to ensure compatibility with RS
and modelling data.

3.1.2. Sensor and Internet of Things (IoT)-Based Systems

As urban infrastructures become increasingly digitised, continuous measurement
systems that record dynamic processes in real time are being developed. These systems
are summarised under the terms IoT and smart city sensor networks. Relevant categories
include, among others, energy and resource monitoring: Smart meter systems in buildings
provide high-frequency measurements of energy and water consumption which can be
used to calculate U-LUI patterns over time (e.g., day/night or weekly schedule). Traffic
and mobility sensors, such as induction loops and traffic and CO: sensors, and GPS-based
vehicle data and mobile phone data enable the analysis of urban movement flows and
traffic intensity. Environmental and climate sensors, which measure air temperature, par-
ticulate matter, noise and humidity, provide indicators of functional and ecological stress
in urban areas. Lighting and activity measurements, such as photometers, motion detec-
tors and Wi-Fi signal densities, can serve as indicators of human activity in public spaces.
These sensor networks are increasingly being integrated into municipal data platforms,
such as urban data platforms and smart city cockpits, and enable the fine-grained analysis
of urban processes over time scales ranging from minutes to days. One advantage of these
systems is their high temporal resolution which allows urban dynamics to be mapped in
near real time. However, spatial coverage remains limited and is heavily dependent on
infrastructure and financing conditions.

3.1.3. Citizen Science and Crowd-Based Data

An innovative branch of U-LUI data collection involves crowdsourcing and citizen
science. These complement traditional measurement networks by involving the popula-
tion or using digital communication platforms. Relevant data sources include Open-
StreetMap (OSM), which provides global coverage of vector-based information on build-
ings, road networks, land use areas and infrastructure. Furthermore, social media and
mobile phone data can indicate temporary activity patterns, visit frequencies and socio-
economic intensity. Citizens also prefer to measure environmental data using mobile sen-
sors or apps to collect information on noise, air quality and light pollution. This allows
conclusions to be drawn about functional stress [43]. This type of data is particularly rel-
evant for functional and temporal U-LUI indicators (e.g., activity density, social interac-
tion and the frequency with which public spaces are used). However, they are subject to
methodological uncertainties regarding accuracy, representativeness, comparability and
data protection, and are characterised by high dynamics and spatial resolution.

3.2. RS Approach
3.2.1. Principles of Monitoring U-LUI Using RS

All RS technologies are based on non-invasive, contactless measurement. They cap-
ture urban traits and their variations on spatial scales ranging from a few millimetres
(close-range) to several thousand kilometres (airborne and spaceborne) (see Figure 2). RS
sensors can be found in a variety of platforms, including wireless sensor networks
(WSNSs), laboratory and field platforms, stationary measuring masts, drone systems, bal-
loon platforms (Unmanned Aerial Vehicles—UAVs), and airborne and spaceborne sys-
tems. Different RS technologies, such as RGB/photographic systems, multispectral and
hyperspectral sensors, thermal infrared (TIR) sensors, lasers, radio/radar, and LiDAR, are
installed individually or in combination to maximise the detection of urban traits. Since
urban traits and their variations occur from the local to the global level, RS enables the
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objective, standardised and continuous observation of U-LUI, as well as the derivation of
corresponding indicators.

RS derives U-LUI indicators by capturing observable urban traits and their spatial
and temporal variation across scales. The spectral reflection and absorption by a pixel re-
sult from the interaction between electromagnetic radiation (light and the atmosphere)
and the physical, geometric, chemical and energetic properties of urban surfaces. These
properties reflect the diversity of urban materials and surfaces, the morphological and
functional structure of buildings, the thermal properties of sealed surfaces, and anthropo-
genic influences, such as energy consumption, waste heat, traffic volume and usage pat-
terns. Similarly, RS enables the systematic monitoring of traits and trait variations in ur-
ban vegetation. Based on this, the condition, vitality and stress of urban vegetation, as
well as urban use, structures, and their response to anthropogenic interventions and en-
vironmental conditions, can be quantitatively assessed.

Land Surface Temperature
(global maps) -
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Figure 2. Different RS platforms; wireless sensor networks (WSNs); camera, video, drones, towers,
balloons, and airborne and spaceborne RS platforms with different RS technologies (RGB/photog-
raphy, multispectral, hyperspectral, thermal, laser, RADAR, acoustic and LiDAR) to monitor indi-
cators of U-LUI on different spatial and temporal scales. ((a,b) From Ramdhoni et al. [42], modified
after Lausch et al. [30]; graphical editing performed using OpenAl ChatGPT-5.5 (image generation).

Scientific validation and final revision by Angela Lausch).

3.2.2. Challenges of Monitoring U-LUI Using RS

Although the use of RS to capture U-LUI offers numerous advantages, it also presents
specific challenges. These challenges stem from the complexity of urban structures and
sensor-related limitations (e.g., spectral, spatial, and temporal resolution). As Maudet et
al. [44] emphasise in a comparative study, significant differences exist between in situ in-
dicators and usage data derived from RS. Classifications of urban land use, as shown in
land cover maps, often do not provide sufficient detail to accurately reflect the actual in-
tensity of use within urban structures. The diversity and density of urban uses require a
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finer distinction than many common classification systems offer. This gives rise to the fol-
lowing key challenges when deriving U-LUI from RS data:

(1) The complexity of urban land use types: In urban areas, numerous different types of
land use are found in close proximity to one another, ranging from residential, com-
mercial and industrial areas to transport infrastructure and urban green spaces (high
heterogeneity). It is only possible to a limited extent to differentiate these uses ac-
cording to their intensity (e.g., dense, multi-storey residential buildings vs. single-
family homes; intensive vs. extensive green space use) with RS data. It is particularly
difficult to distinguish between functionally similar areas that differ in terms of the
intensity of their use.

(2) Vertical use and overlaps: In urban areas, land use often takes place on several levels
(e.g., underground car parks, multi-storey buildings and roof gardens). This vertical
use can only be captured with RS data to a limited extent. Conventional 2D classifi-
cations underestimate the actual intensity of use as they do not sufficiently take build-
ing density or floor area ratio into account. Lengths of shading, high-resolution Li-
DAR data or 3D city models are required to record this dimension.

(3) Dynamics of urban processes: Urban land use is subject to rapid change due to factors
such as new construction, renovation or conversion. RS data with insufficient tem-
poral resolution cannot adequately record these dynamics. It is also difficult to dis-
tinguish between temporary uses (e.g., interim uses and construction sites) and long-
term changes in use.

(4) Limited detectability of functional intensity: Functional use (e.g., the frequency with
which public spaces are used, traffic volume or energy consumption) can usually
only be derived indirectly from optical RS data. Although indicators such as the de-
gree of sealing or building density can provide some insight, the actual intensity of
use (e.g., social or economic activity) remains challenging to determine. It is therefore
necessary to combine this with supplementary data (e.g., mobile phone data, census
data, and traffic flows).

(5) Heterogeneous land use structures and patterns: Cities exhibit heterogeneous land
use patterns at refined scales. Precise delineation of land uses is often problematic
due to overlaps and transition zones (e.g., mixed-use areas, inner courtyards and hin-
terland development, and areas covered by shading). Furthermore, the spatial reso-
lution of much RS data is insufficient (>1 m) to recognise refined urban units such as
individual buildings, paths or plots. Table A4 provides an overview of RS data par-
ticularly suitable for urban issues.

(6) Limited spectral significance in urban areas: In urban areas, many materials have
similar spectral properties (e.g., roof surfaces, sealed paths and car parks), making
differentiated analysis difficult. Hyperspectral sensors (e.g., ENMAP and DESIS) can
provide more accurate information in this respect, but currently only at a spatial res-
olution of 30 x 30 m.

Although hyperspectral sensors such as EnMAP and DESIS provide superior spectral
discrimination and enable material-specific analyses, their moderate spatial resolution re-
mains a limiting factor in heterogeneous urban environments. Approaches such as sub-
pixel unmixing and fusion with very high-resolution imagery may improve the interpre-
tation of mixed urban surfaces and refine spatial representation; however, they do not
fully recover fine-scale urban structures. The degree of improvement depends on sensor
characteristics, urban heterogeneity and the applied processing workflow.

(7) Influence of shadows, topography and building geometry: In dense urban areas, tall
buildings cast shadows that can greatly affect spectral interpretation. Combined with
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varying topography (e.g., on slopes) or complex building shapes, this can signifi-
cantly reduce the quality of RS data. This can lead to misclassifications or data gaps,
especially in optical systems.

(8) Scale mismatch between urban structures and sensor footprint: An additional limita-
tion relates to scaling effects between urban object size and sensor footprint. Mi-
croscale urban structures such as courtyards, narrow street canyons, small urban
green spaces or mixed-use building complexes may not be fully resolved by coarser
radiometric observations. Instead, multiple urban elements are aggregated within a
single pixel, potentially smoothing local intensity contrasts and reducing the detect-
ability of fine-scale urban heterogeneity. Such scale mismatches should therefore be
considered when interpreting continuous U-LUI gradients across sensors and obser-
vation scales.

4. Conceptual Definition and Operational Framework of U-LUI Using
RS
4.1. Conceptual Definition of U-LUI

Following the definition introduced in Section 2.1, this section translates U-LUI into
an operational RS-based framework and specifies how its dimensions can be observed
and quantified using RS.

U-LUI is understood as a continuous, multidimensional and spatio-temporally dy-
namic property of urban systems that reflects the intensity of anthropogenic use and its
functional expression in urban areas. It emerges from the interaction of biophysical, struc-
tural, functional, genetic, taxonomic and socio-economic characteristics and is observable
through variations in urban traits across space and time. Rather than representing a single
indicator, U-LUI constitutes an integrated system property reflecting how urban areas are
organised, utilised and transformed. Urban traits form the observational units of U-LUI
and are operationalised through measurable RS-based and in situ-derived indicators. Ur-
ban traits are defined here as observable and measurable characteristics of urban systems
that vary across space and time and provide the observational basis for deriving U-LUI
indicators. Accordingly, U-LUI is represented as a continuous intensity gradient rather
than a categorical classification. This enables a consistent representation of heterogeneous
and overlapping urban land use patterns and allows intensity to be analysed across spatial
scales and contexts. Since not all dimensions of urban intensity are directly observable
using RS—particularly functional and socio-economic aspects—RS-based information
must be complemented by in situ and contextual data to achieve a comprehensive repre-
sentation of U-LUIL

Importantly, RS can support the analysis of spatial proxies related to socio-economic
conditions; however, RS does not directly measure income, deprivation, social inequality
or individual behaviour. Interpretations of socio-economic dimensions therefore require
complementary statistical, administrative and contextual information and should be
treated with appropriate caution. Such interpretations may additionally be influenced by
spatial bias, representativeness limitations, privacy considerations and ethical aspects of
data integration.

4.2. Operational Indicator Framework

To translate the conceptual definition of U-LUI into an operational and comparable
framework, this paper introduces an integrated indicator system comprising six comple-
mentary groups: traits, genesis, structure, taxonomy, function and socio-economics. These
indicator families organise urban traits into semantically distinct but interrelated dimen-
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sions and provide the basis for the systematic quantification, comparison and standardi-
sation of U-LUI Together, they capture both the observable physical manifestation of ur-
ban use and its functional, temporal and socio-economic context.

To enhance the practical applicability of the proposed framework, each indicator
family is linked to measurable variables, representative data sources and example appli-
cation contexts. This operational perspective supports the translation of the conceptual U-
LUI framework into reproducible monitoring workflows and demonstrates how remotely
sensed and complementary in situ data can be combined across spatial and temporal
scales. Table 1 summarises the measurement logic, suitable data sources and exemplary
applications for each indicator family (see also Table A5).

Table 1. Operationalisation of the six U-LUI indicator families: measurable variables, representative

data sources and example application contexts.

Indicat R tative Dat E le Applicati
ndla,l or What is Measured? Example Indicators epresentative Lata xamp’e Application
Family Sources Contexts

Observable biophysical, . .
Detect f urb -
Traits spectral and thermal NDV], LST, albedo, impervi- Sentinel-2, Landsat, ctection of urban

properties of urban sur-  ousness, texture metrics EnMAP, LiDAR

tensity gradients and
spatial heterogeneity

Temporal development Growth rate, densification Landsat time series, Senti- Monitoring urban trans-
Genesis  and transformation of trajectories, temporal spectral nel archive, historical ~ formation and change

urban systems trait variation (STV) maps trajectories
Spatial and morphologi- Building density, buildin: . Assessment of urban
P - morphologlz Buliding Censity, (Ul ANe 15D AR, SAR, cadastral urbe
Structure  cal organisation of ur- height, FAR, fragmentation form and physical in-
L data, Urban Atlas .
ban form indices tensity patterns
. Mixed-use classes, intensity RS classification, machine Cross-city comparison
Typologies and classes . . .
Taxonomy . . classes, semantic urban cate- learning, semantic seg-  and urban typology
of urban intensity . ) .
gories mentation mapping
Mobility intensity, heat emis- Nighttime light (NTL), . .
. Urban processes and | y ™ ty st ght ( ) Mobility analysis and
Function . sions, activity rhythms, eco-  mobility data, IoT net- . .
functional performance . . infrastructure planning
logical functions works, thermal RS
Socio-eco Human and economic Population density, accessi- Census data, POI, mobile Governance, sustaina-
nomics dimensions of urban in- bility, economic activity, in- data, administrative statis- bility monitoring and
i

frastructure intensity tics policy support

Table 1 summarises the conceptual logic, measurable variables and representative
application contexts of the six indicator families. The following sections therefore focus
only on their specific contributions to operationalising U-LUL

e Trait indicators of U-LUI: They form the elementary observation level for U-LUIL They
capture the biophysical and material properties of urban surfaces derived directly
from RS data, such as spectral reflection, texture, thermal emission, sealing, material
composition, and vegetation status. These traits represent the direct physical expres-
sion of urban use. Their spatial heterogeneity, fragmentation, and temporal stability
or dynamics reflect differences in intensity between urban spaces. At this level, U-
LUI does not manifest as a single value, but rather as a gradient of spectral, thermal
and structural trait variations reflecting the state of urban use.

e Genesis indicators of U-LUI: They describe the temporal emergence and development

of urban traits, and thus the dynamic dimension of U-LUI. While trait indicators cap-
ture the current state, genesis indicators reconstruct how and at what speed urban
intensity has developed. RS time series enable trait variations to be analysed over the
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course of years and decades, and processes such as urbanisation, densification, func-
tional change and re-intensification can be visualised. Genesis indicators capture the
temporal trajectory of urban intensity and reveal how urban traits evolve over time.

e Structural indicators of U-LUI: They capture the spatial-morphological organisation of
urban traits and describe how urban use is physically organised in space and what
form the intensity takes. These include two- and three-dimensional characteristics,
such as building density, height and volume, sealing structure, block morphology,
and surface roughness. Structural indicators capture the spatial organisation and
physical manifestation of urban intensity across urban forms.

e Taxonomic indicators of U-LUI: Taxonomic indicators derive typologies and classes of
urban intensity from urban traits. Unlike classic land use classes, these taxonomies
are based on trait combinations and organisational patterns rather than administra-
tive categories. RS-based taxonomic indicators can identify land use types such as
highly dense mixed-use neighbourhoods, extensively used residential areas, and in-
frastructure-dominated zones. Taxonomic indicators support the systematic compar-
ison of urban intensity patterns across cities, regions and urban typologies.

e Functional indicators of U-LUI: They describe the processes and services resulting from
urban use. They record the functions that urban areas fulfil and the intensity with
which these functions are performed. RS-based functional traits include energy and
heat flows, emissions, mobility intensity, and the ecological functions of urban vege-
tation. Functional indicators reflect the processes and services associated with urban
intensity beyond observable physical structures.

e Socio-economic indicators of U-LUI: They capture selected human and economic dimen-
sions of urban intensity and reflect how urban use is distributed across space. Since
socio-economic conditions are not directly observable by RS, these indicators are de-
rived by integrating RS-derived traits with statistical, administrative and crowd-
based data. This enables the approximation of population density, economic activity,
infrastructure intensity and social use at aggregated spatial scales. Socio-economic
indicators should be interpreted as spatial proxies rather than direct measurements
of income, deprivation, social inequality or individual behaviour. Their interpreta-
tion depends on complementary contextual information and may be influenced by
representativeness limitations, spatial bias, privacy considerations and ethical as-
pects of data integration.

This framework provides a scalable, internationally compatible RS-based definition
of U-LU]J enabling standardised observation of urban intensity across cities, time periods
and spatial scales.

Beyond scientific monitoring, the proposed framework supports urban planning and
decision-making by integrating remotely sensed, in situ and socio-economic information
into scalable and interoperable monitoring workflows. This enables a more consistent as-
sessment of urban transformation processes across spatial and temporal scales. Opera-
tionally, the six indicator families are not intended to be applied independently but as
complementary components of a modular monitoring workflow. Depending on data
availability and application context, individual families may be prioritised while main-
taining conceptual consistency through the common trait-based U-LUI framework.

4.2.1. Trait-Based Monitoring Approach

Building on the indicator framework introduced above, trait indicators provide the
operational interface between observable surface properties and the quantification of U-
LUL In this context, RS enables a standardised and repeatable observation of spectral,
thermal, structural and spatio-temporal trait variation across urban systems. Urban RS
traits comprise a highly heterogeneous spectrum of material, surface, vegetation and
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mixed signatures, such as asphalt, concrete, brick, bitumen sheets, glass/metal, roof sub-
strates, sealed courtyards, urban vegetation islands and transient surface states (e.g., dust
films, moisture, ageing, and construction sites). RS generates spectral-radiometric pat-
terns which, in combination with fragmentation and geometric effects (shadows and ur-
ban canyons), renders intensity visible as a spatial signal. Trait indicators therefore repre-
sent urban state traits and variation traits that capture: the technical dominance of sur-
faces, spectral/structural heterogeneity within blocks and neighbourhoods, vegetation
stress responses, and material mixtures/surface properties acting as proxies for densifica-
tion, sealing and usage pressure.

Trait indicators form the most operationalisable level of U-LUI quantification be-
cause they are: (i) globally available, (ii) temporally consistent, and (iii) methodologically
standardisable. At the same time, trait indicators provide the biophysical basis for moni-
toring all other indicator groups (genesis, structural, taxonomic, functional and socio-eco-
nomic) because they supply the measurable state and change layer on which higher-level
interpretations are built.

Trait Indicators of U-LUI—Spectranometric Approach

The spectranometric approach operationalises U-LUI through spectral traits of urban
surfaces and — crucially —their spatio-temporal trait organisation (trait variation in space
and time). Conceptually, it draws on the spectranomics perspective from functional ecol-
ogy, where functional plant traits and phylogenetic relationships are derived from spec-
tral signatures across the visible and short-wave infrared (VIS-SWIR; 350-2500 nm)
[45,46]. Imaging spectroscopy provides the physical link between chemical/structural
properties of leaves/canopies and spectral reflectance, enabling the monitoring of func-
tional patterns and processes as trait expressions.

This concept has been transferred to urban systems to map material-specific, vegeta-
tion-related and process-related urban traits [27,28]. Multispectral and hyperspectral sen-
sors record distinct absorption and scattering features of vegetation, soils and construction
materials, enabling a comprehensive and comparable characterisation of urban surface
conditions as spectral trait fields. Hyperspectral missions such as DESIS [47], EnMAP
[48,49] and, prospectively, CHIME [50] increase trait separability through material-spe-
cific absorption analysis, detection of ageing and moisture films, and quantification of
mixed pixel fractions—supporting standardised and transferable material and vegetation
typologies.

Wellmann et al. [27] introduce spatio-temporal spectral trait variations as U-LUI in-
dicators. Within a trait framework, spectral trait variations explicitly shift the focus from
discrete built-up classes to continuous intensity gradients derived from: (i) spectral sur-
face states (trait expression) and (ii) the spatial organisation of those trait expressions.
Thus, U-LUI is treated as a biophysical gradient emerging from the mosaic interplay of
vegetation, technical materials and functional land use units—only partially captured by
classification-based LULC.

At the spectral level, increasing U-LUI is typically associated with dominance of tech-
nical materials, dampening pigment- and water-driven absorption features in VIS/NIR
while showing material-specific signatures in SWIR. Multispectral systems such as Senti-
nel-2 capture these contrasts via albedo differences, vegetation/soil indices and mixing
ratios; hyperspectral systems enable substantially finer trait discrimination. However, for
U-LUI the decisive information often lies less in absolute pixel values rather than in spa-
tio-temporal trait organisation: urban environments are shaped by fragmentation, sharp
edges, contrast zones and shadow geometry. Accordingly, texture traits (e.g., GLCM met-
rics), spatial autocorrelation and descriptive statistics are highly sensitive to intensity dif-
ferences. Xie et al. [28] demonstrate that urban green space types (urban forests, parks,
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courtyard greenery, and allotments) exhibit characteristic texture signatures (variance, con-
trast, and entropy) reflecting internal heterogeneity, growth dynamics and management in-
tensity —allowing differentiation of intensity regimes even within the same land use cate-
gory.

A key advantage of the spectranometric approach is that it captures process-related
traits in addition to structural states. In vegetation, spectranometric traits reflect pigment
dynamics, water status, metabolic activity and phenology; in technical materials, spectral
trait shifts can indicate ageing, contamination, surface moisture and degree of utilisation.
They also exhibit seasonal and interannual variability, thereby representing temporal-
processual dimensions of U-LUI [28]. Xia et al. [16] further show that combining intensity
measures with spatial-statistical indicators reveals consistent patterns of urban vitality
that remain concealed by purely spectral class-based approaches.

Trait Indicators of U-LUI—Urban Chlorophyll Content

Urban vegetation is a central biophysical and functional component of urban systems
and closely linked to management, resource inputs and usage pressure. In a trait frame-
work, chlorophyll-related measures represent vegetation state traits and, when analysed
dynamically, stress and response traits. They are robust proxies for U-LUI because vegeta-
tion sensitively responds to irrigation, fertilisation, maintenance frequency, land use pres-
sure and microclimatic conditions, which are reflected in spectral trait expression [51-53].

Chlorophyll-related vegetation indices such as NDVI, EVI, Red-Edge NDVI or Chlo-
rophyll Index Red Edge (derived from Landsat, Sentinel-2 and EnMAP) are established
indicators of plant health, biomass and physiological status. In cities, high chlorophyll
trait expression typically indicates intensively maintained, regularly irrigated and nutri-
ent-rich vegetation (e.g., high-use parks, representative green spaces, and roadside green-
ery). Gonzalez-Marin et al. [54] emphasise that NDVI is the most commonly used index
for capturing urban vegetation characteristics and that higher NDVI values correspond to
denser, healthier vegetation typical of intensively maintained areas compared to exten-
sive/neglected ones. NDVI/EVI have been used to characterise functional properties such
as photosynthesis rate, leaf chlorophyll and biomass and vary significantly across green
spaces with different management regimes [55]. Conversely, low values or pronounced
seasonal/interannual fluctuations indicate more extensive management or neglect and are
often associated with lower U-LUL

Hyperspectral RS expands this trait approach substantially because the red-edge re-
gion is highly sensitive to chlorophyll concentration, nitrogen status, photosynthetic per-
formance and water stress—i.e., to physiological trait gradients. ENMAP [49] allows de-
tailed measurement of these characteristics; CHIME [50] will provide a basis for standard-
ised repeated analyses and improved comparability across cities and regions through sys-
tematic VIS-SWIR observation.

Operationally, dense Sentinel-2 time series combined with high-resolution UAV data
enable scalable quantification of vegetation traits from parcels/blocks to city scales. Time
series support not only state estimation but also dynamic trait descriptors such as regen-
erative capacity, stress resilience and response speed to irrigation/maintenance. Such tem-
porally resolved traits are closely linked to differences in usage intensity and maintenance
practice [16]. Recent work emphasises that mapping management intensity within the
same green space type requires capturing spatial heterogeneity and temporal dynamics, not
only absolute chlorophyll levels; texture- and time-series-based approaches provide robust
derivations [28]. The full interpretative power of chlorophyll traits typically emerges when
they are integrated with spectranometric, thermal and structure-related indicators [56].

Trait Indicators of U-LUI—Thermal Emission and Land Surface Temperature
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The thermal signature of urban surfaces is a highly sensitive U-LUI indicator because
it directly reflects energy balance, material properties and intensity of use. In a trait frame-
work, LST represents a thermal trait integrating surface state, energy partitioning and an-
thropogenic influence. It responds to sealing degree, building density, material composi-
tion and anthropogenic energy flows as an integrated variable, enabling a process-ori-
ented representation of urban intensity [57,58].

Thermal RS systems such as Landsat-8/9 TIRS, ECOSTRESS [59], MODIS, HiVE Sat-
ellite 1 and 2 [60], and UAV-based TIR sensors provide LST fields with high spatial and
temporal resolution capturing synoptic and intra-urban intensity patterns [61-63]. Inten-
sively used areas with high shares of sealed dark materials (asphalt, concrete, and roof
tiles) typically show elevated LST and pronounced nocturnal heat islands. Even though
the emissivity of materials may sometimes yield inaccurate values—and corrugated metal
roofs, in particular, tend to produce lower LST values than actual measurements show —
most surface materials provide insight into temperature distribution in urban areas. Tem-
perature differences correlate with building density, material properties, energy infra-
structure and anthropogenic activity and are robust indicators of land use intensity [64].
Material-specific emissivity effects may additionally influence thermal indicator interpre-
tation in urban environments. Highly reflective roof materials can lead to deviations be-
tween retrieved and actual land surface temperature patterns. Thermal calibration and
emissivity correction approaches may improve the representation of local microclimatic
gradients and urban heat hotspots; however, the magnitude of these effects depends on
sensor characteristics, environmental conditions and processing workflows. Beyond ab-
solute LST, diurnal amplitudes and measures of thermal heterogeneity serve as thermal
variation traits to differentiate intensity levels, especially at block/neighbourhood scales
[65].

Integrating LST time series with vegetation indices (NDVI/EVI) and coupling ther-
mal traits with vegetation state/stress traits enables joint evaluation of biophysical activity
and thermal stress. Vegetation-dominated areas with high transpiration and adequate wa-
ter supply typically yield cooling effects, whereas persistent thermal hotspots reflect high
sealing, low evaporation and intensive energy use [66]. This supports the identification of
U-LUI hotspots and diagnosis of deficits in green/grey infrastructure, particularly for heat
and climate adaptation [67].

Coupling thermal traits with emissions and energy proxies enables operationalising
U-LUI as an energy—ecological parameter. Integrating LST patterns with CO: inventories
or nighttime lights (VIIRS/NPP) links structural intensity traits (sealing/development)
with functional intensity proxies (activity/energy consumption), enabling multidimen-
sional mapping [68].

Trait Indicators of U-LUI—Surface Sealing and Material Composition

Surface sealing is a key RS-based trait indicator of U-LUI because it is directly tied to
development and land use density and controls hydrological, microclimatic and biogeo-
chemical processes. In a trait framework, imaging spectral analysis represents an imper-
viousness trait; material differentiation adds material composition traits. Studies on im-
pervious surface area demonstrate that sealing dynamics can be reliably derived over long
periods, providing robust intensity gradients of urban development [69].

Multispectral sealing/built-up estimation is often operationalised via index-based ap-
proaches (e.g., NDBI, Urban Index, and impervious-specific index families). While scala-
ble, their performance depends on climate, material mix and background conditions; thus
index selection/combination and thresholds require context-specific calibration [70]. Con-
sequently, recent work increasingly applies hybrid approaches (index + machine learning
+ subpixel/unmixing) to estimate ISA robustly in heterogeneous landscapes, including
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subpixel methods for mixed pixels [71]. Operationally, Sentinel-2/Landsat time series are
commonly used, with PlanetScope or UAV data supplementing very fine-scale structures
(courtyards, pavements, and small roofs) [71].

Material-related differentiation of sealed surfaces extends ISA from a binary trait to
a continuous material trait spectrum. Hyperspectral RS captures material-specific absorp-
tion features and mixing ratios that are often ambiguous in multispectral data. PRISMA,
MESMA and related unmixing approaches differentiate asphalt/bitumen, concrete,
brick/terracotta, metals and glass/solar surfaces, allowing estimation not only of sealing
but also of material- and energy-relevant intensity aspects [72]. Reviews confirm impervi-
ous detection and urban material mapping as key hyperspectral application fields and
highlight the growing role of data fusion and spectral libraries for transferable material
gradients [73,74].

Active sensing adds structural/roughness and verticality traits. SAR/INSAR products
(Sentinel-1 and TanDEM-X) provide information on roughness and scattering and —com-
bined with optical data—support building height and density estimation. This is U-LUI-
relevant because intensity operates both areally (sealing) and volumetrically (building
volume/verticality). Sentinel-1 derivatives support large-scale 3D building metrics and
footprints [75]; products such as GLAMOUR demonstrate systematic derivation of build-
ing morphology from Sentinel data, enabling coupling of morphology traits with ISA/ma-
terial traits for a form—function intensity perspective [76].

For U-LUI interpretation, integrating imperviousness traits, material traits and ther-
mal traits is particularly powerful because sealing and material composition directly mod-
ulate thermal load and energy balance. Studies combining ISA/sealing density with LST
and vegetation indicators consistently show higher temperatures and stronger urban heat
island effects with increasing sealing, while vegetation mitigates thermal stress [77]. At
very high spatial resolutions (<0.5 m), UAV multispectral/hyperspectral/LiDAR data sup-
port parcel-level mapping of ISA, material composition and microstructure and facilitate
linkage to socio-economic variables [78]. Overall, integrating sealing and material-specific
spectral traits with 3D morphology traits is regarded as one of the most accurate RS-based
proxies for U-LUI, capturing structural and functional process dimensions simultane-
ously [73]. Table A5 presents a structured overview of U-LUI indicators, including con-
crete examples, the corresponding RS sensors, and the representative literature references.

4.2.2. Monitoring the Genesis Indicators of U-LUI with RS

The genesis indicators of U-LUI describe the temporal emergence, development and
transformation of urban land use patterns. From a trait-based perspective, these indicators
can be understood as genesis traits (also known as trajectory or memory traits). These are
characteristics that can be derived from RS and that do not primarily describe the current
state of a surface. Rather, they characterise the historically grown development trajecto-
ries, path dependencies and reorganisation patterns of U-LUIL Unlike state-oriented indi-
cators (e.g., spectral/thermal traits, structural characteristics, or functional process prox-
ies), genesis traits explicitly address why intensity patterns persist or change spatially.
They provide U-LUI with an additional dimension of explanatory depth.

In the context of U-LUI, genesis traits refer to the traces of urban development shaped
over time that manifest in urban morphologies, functional organisational forms, and in-
frastructure networks, including vertical and underground levels of use. These traces arise
from the interplay of long-term urbanisation dynamics, morphological persistence, and
political and institutional systems, as well as environmental and risk-related upheavals.
Therefore, cities cannot be understood as static land uses, but as historically evolved and
intertwined habitats, the current intensity of which is the result of cumulative develop-
ment processes [79].

https://doi.org/10.3390/smartcities9070107



Smart Cities 2026, 9, 107

19 of 79

RS is a key method for analysing such genesis traits as it provides long-term, con-
sistent, spatially explicit time series of urban development. The continuous archives of the
Landsat mission (since 1972); the Sentinel missions of the Copernicus programme; and
global urbanisation datasets, such as the global human settlement layer [80,81] and the
global urban footprint [37], enable the quantitative reconstruction of urban development
processes over several decades. This makes it possible to derive comparable genesis trait
profiles between cities and regions [13].

Genesis Indicator —Temporal Dynamics of Urban Development

One of the key aspects of genesis indicators is the temporal dynamics of urban devel-
opment. In terms of traits, these are temporal trajectory traits, describing at what velocity
and in what sequence U-LUI arises, increases or is restructured, and with what disrup-
tions. Unlike static state indicators, these trajectory traits enable current intensity patterns
to be interpreted as the result of historical development processes.

Multi-decadal RS time series, especially those from the Landsat mission, form a cen-
tral basis for this investigation. Using these data, urbanisation rates, phases of accelerated
growth, stagnation, decline or reurbanisation, and sudden ruptures (e.g., political upheav-
als, economic crises, natural hazards, and disasters) can be identified. Empirical studies
demonstrate that the speed and sequence of urban expansion significantly influence cur-
rent U-LUIL Rapid urbanisation is often accompanied by high structural density, mono-
functional use and intensive resource use, whereas slower development processes tend to
produce more heterogeneous, functionally mixed structures [82]. Global analyses by Seto
et al. [3] also demonstrate that rapid urbanisation establishes long-term intensity patterns
that are difficult to alter later on.

Time-series-based change detection methods allow these trajectory traits to be derived
quantitatively. Methods such as continuous change detection and classification [83] and
LandTrendr [84] identify the timing, duration and intensity of land use changes, making
transitions between development phases visible. Consequently, increases in urban intensity
can be analysed as both linear trends and discontinuous, phased processes. These temporal
trajectory traits are central to the genesis of U-LU], as they explain why certain urban areas
have a high or low intensity of use today. Early or particularly intense phases of urbanisa-
tion often result in persistent patterns of high structural and functional intensity, whereas
urban areas that develop more gradually allow for greater functional diversity [3,22].

Genesis Indicators—Morphological Persistence and Hidden Urban Structures

Another key indicator of genesis is the persistence of historical urban morphologies.
In trait-based terms, these can be understood as legacy traits —long-lasting characteristics
shaped by historical development (e.g., urban layouts, street axes, block structures, and
parcel patterns) that continue to structure subsequent processes of intensification and
transformation as enduring framework conditions. Such elements typically emerge in
early phases of urban development and tend to exhibit a high degree of morphological
stability over time. They thus form a long-term spatial framework within which functional
changes and intensification processes occur.

Theories of urban morphology describe cities as historically layered systems in which
early morphological decisions shape subsequent development trajectories. Oliveira and
Porta [85], for example, highlight the persistence of street networks and parcel structures
as key elements influencing long-term patterns of density and land use. However, this
persistence should not be understood as absolute. Urban neighbourhoods can undergo
profound transformation—through large-scale redevelopment, demolition, or forced re-
settlement, as observed in parts of China or Latin America. In such cases, local morpho-
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logical configurations may be substantially reconfigured or replaced. What tends to re-
main more stable, however, are underlying infrastructures, such as major transport corri-
dors and technical networks, which often continue to structure urban development over
longer time horizons.

As RS technologies advance, it is becoming increasingly possible to quantify such
persistence traits. High-resolution satellite data, (historical) aerial photographs, and Li-
DAR-based city models can be used to derive morphometric indicators such as block size,
street orientation, degree of fragmentation, and building density. Studies demonstrate
that urban structure types are closely associated with the intensity and organisation of
urban use [86,87]. Tiimtiirk [88] also demonstrates that historical urban morphologies
have a greater impact on long-term urban density development than short-term planning
interventions. Yu [25] emphasises the importance of RS data for analysing the long-term
development of urban form and its link to socio-economic processes. Despite different
temporal development trajectories, Yang et al. [89] demonstrate that urban forms exhibit
structural convergences shaped by physical-spatial conditions such as relief or landforms.

An expanded genesis perspective also considers underground and hidden urban
structures. These can be summarised as subsurface legacy traits: persistent, often invisible
material layers (e.g., archaeological relics, foundation structures and technical infrastruc-
tures) that influence current densification and transformation processes, thus helping to
shape the scope for action of U-LUI [90]. Geophysical RS methods are increasingly ena-
bling the detection of such structures. Ground-penetrating radar has become a well-estab-
lished, high-resolution, non-invasive method for identifying archaeological structures
and technical infrastructures [91]. Combined with satellite-based RS, light detection and
ranging (LiDAR), and geophysical prospecting, historical urban structures and their long-
term morphological persistence can be reconstructed [92,93]. Other methods, such as air-
borne LiDAR, InSAR and hyperspectral analyses, enable concealed structures to be de-
tected via micro-relief, vegetation or soil moisture signatures [94-96].

An additional challenge for future U-LUI assessment concerns subsurface urban
structures and legacy conditions that are not directly observable via conventional surface-
based monitoring approaches. Underground infrastructures, contaminated sites and bur-
ied historical structures may constrain or redirect urban densification processes and influ-
ence long-term land use trajectories. Integrating such subsurface information into urban
planning and environmental assessment frameworks may support more conflict-sensitive
spatial development and improve the consideration of hidden constraints in redevelop-
ment and intensification strategies.

Genesis Indicators —Transformation and Re-Intensification Processes in Recent Urban
Development

In addition to long-term persistence, genesis indicators capture the processes of
transformation and re-intensification in recent urban development. In a trait-based inter-
pretation, they correspond to transition or reconfiguration traits, which characterise typi-
cal sequences of conversion, redensification, and functional reorganisation. This reveals
qualitative increases in intensity within existing areas [97].

Examples include redensification, reurbanisation, brownfield site revitalisation, the
conversion of former industrial or infrastructure sites for new uses, and regreening of cit-
ies. Such developments are frequently linked to economic structural change, the shift to-
wards knowledge- and service-based economies, and changes in planning principles
through climate change. Studies show that such processes often lead to an increase in
functional intensity without a significant increase in the area covered by buildings [97].
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RS time series can identify such re-intensification traits through changes in building
density, degree of sealing, vegetation cover, or thermal properties, for example. Combin-
ing optical, thermal and structural RS indicators makes it possible to distinguish qualita-
tive increases in intensity from purely area-related growth [98]. Analyses of land use pol-
icy also show that functional re-intensification is a key driver of U-LUI, which traditional
land area indicators does not capture sufficiently [31,99].

A prominent example is brownfield revitalisation. RS time series often exhibit char-
acteristic sequences involving abandonment, temporary derelict land, and subsequent in-
tensive structural and functional transformation [31,100]. Reurbanisation and inner-city
development also contribute significantly to the intensification of urban use. Since the
2000s, many European and North American cities have experienced a resurgence of resi-
dential and work functions in their city centres. RS analyses demonstrate that these pro-
cesses frequently coincide with an increase in functional diversity, extended activity peri-
ods and elevated energy consumption [101,102]. These transformation processes are often
discontinuous and can be triggered by large-scale projects or infrastructural investments.
The effects of these investments become entrenched in the urban intensity pattern in the
long term [102].

Genesis Indicators —Governance and Regime-Related Influences on U-LUI

Urban genesis processes are closely linked to governance structures, political sys-
tems, and planning regimes. From the trait perspective, the resulting spatial signatures
can be summarised as institutional or regime-related traits, defined as recurring, compa-
rable patterns of density, fragmentation and organisational logic in urban spaces that can
be traced back to long-term institutional frameworks.

RS offers opportunities to empirically analyse such governance-related spatial struc-
tures. Comparative RS studies demonstrate that different planning regimes significantly
impact urban density, fragmentation, and intensity of use [103,104]. Planning instruments,
such as land use plans, building regulations and density requirements, act as regulatory
genesis mechanisms. RS time-series analyses allow the long-term effects of these instru-
ments on building density, land use intensity and functional mix to be quantified [105].
Studies also demonstrate that different infrastructure models, such as car-oriented versus
transit-oriented urban development strategies, leave consistent spatial signatures in the
organisation of urban intensity [106].

Property and land regimes also play a central role. For example, fragmented property
structures can hinder densification, whereas institutionalised land policies can enable tar-
geted intensification. These effects can be indirectly observed in RS data, for instance
through differences in parcel structures or building typologies [107]. Research at the in-
tersection of RS and land administration demonstrates that property and tenure systems
influence the fundamental spatial organisation of urban spaces, effectively serving as gov-
ernance indicators or regime traits [108].

Genesis Indicators — Environmentally and Risk-Driven Processes of U-LUI

U-LUI genesis indicators also encompass environment- and risk-driven transfor-
mation processes. These can be conceptualised as shock and response traits: characteris-
tics that reflect (i) disruptions caused by extreme events (shock signatures) and (ii) pat-
terns of adaptation, displacement and reconfiguration (response signatures) in urban land
use intensities. Natural hazards such as floods, heatwaves, earthquakes and storms act as
exogenous shocks that alter usage patterns in the short term and trigger long-term adap-
tation processes. RS data enables such transformations to be analysed in a spatially and
temporally differentiated manner [109].
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Studies show that climate change-related risks have a lasting impact on urban devel-
opment paths. Adaptation measures can have a restrictive effect, for instance through
building bans in flood zones, creating retention areas, or an intensifying effect when den-
sification is promoted in lower-risk areas [110]. RS time series enable before-and-after
analyses of extreme events and the investigation of long-term reconstruction and trans-
formation processes. For example, satellite data can be used to analyse reconstruction dy-
namics after disasters and visualise changes in urban land use patterns [111,112]. A key
example is flood risk management. RS studies demonstrate that repeated flooding fre-
quently results in a shift in land use away from flood-prone areas, either towards intensive
use in higher-lying areas or densification in these areas [113]. Spatio-temporal analyses
also demonstrate that risk and resilience patterns are being reorganised spatially in re-
sponse to urbanisation and climate change [114]. Extreme heat and urban heat islands also
drive structural adaptation. Measures such as green infrastructure or shading can alter
local land use intensity and are increasingly being monitored by RS-based land surface
temperature (LST) analyses [63,115].

Finally, disasters, i.e., catastrophic events, can trigger large-scale reconstruction pro-
cesses that can be interpreted as regeneration phases of urban intensity. Reconstruction
does not usually take the form of an exact restoration of previous conditions, but is often
accompanied by changes in building density, new infrastructure, and functional reorgan-
isation. RS time series enable the systematic recording of such shock/response trait trajec-
tories and the analysis of their long-term effects on U-LUI [111,112]. Table A5 presents a
structured overview of genesis indicators of U-LUI, including concrete examples, the cor-
responding RS sensors, and the representative literature references.

4.2.3. Monitoring the Structural Indicators of U-LUI with RS

Structural indicators capture the morphological and three-dimensional characteris-
tics of urban land use, thereby representing the spatial-physical dimension of U-LUI in
terms of density, configuration, fragmentation and verticality. From a trait-based perspec-
tive, these indicators can be understood as structural urban traits, which are comparable
characteristics of urban form (e.g., building and sealing patterns, block and network struc-
tures, and height and roughness parameters). These traits can be derived from RS data,
and their spatial variation serves as a proxy for intensity gradients.

RS is the key tool for observing and deriving these traits, as it can extract them objec-
tively and consistently over time and across scales from multisensory data (e.g., optical,
SAR/InSAR and LiDAR) and analyse them comparatively between cities. The methodo-
logical spectrum ranges from classification- and metrics-based approaches to object- and
learning-based methods that explicitly consider geometric and contextual patterns [116—-
118]. Structural traits therefore provide a solid foundation for systematically quantifying
the form dimension of U-LUI and its relationship to functional and sustainability-related
effects [11,16].

Structural U-LUI Indicators —Urban Composition and Configuration

The composition and configuration of urban landscapes are key structural indicators
of U-LUI because they describe the shape, size, arrangement and connectivity of urban
areas. Unlike pure density measures, configuration and fragmentation indicators capture
the spatial efficiency and compactness of urban use, forming a core component of struc-
tural intensity.

The assessment is methodologically based on spatial patterns derived from classified
land cover and land use data. Multispectral data (e.g., Landsat and Sentinel-2), very high-
resolution commercial sensors (e.g., WorldView) and derived urban products enable
built-up and undeveloped areas to be identified and analysed using landscape ecology

https://doi.org/10.3390/smartcities9070107



Smart Cities 2026, 9, 107

23 of 79

metrics. Herold et al. (2002) demonstrated that RS-based landscape metrics can consist-
ently describe urban structure types and record changes to them [116]. However, if linear
infrastructure elements (e.g., roads) are not reliably recorded in RS classifications, this can
systematically distort structure and configuration patterns [119] and lead to the misclas-
sification of urban structure types, since block geometries, density gradients, and land use
patterns are not clearly defined enough [117].

Metrics that map fragmentation and spatial organisation are particularly relevant for
U-LU]J, including patch density, mean patch size, edge density, shape indices, connectiv-
ity, and aggregation measures. High patch density with small patch sizes typically indi-
cates fragmented use, whereas larger contiguous patches with lower edge density can be
interpreted as more compact and structurally intensive use. Studies show that such con-
figuration metrics are sensitive to urbanisation processes and reflect differences in struc-
tural intensity [3].

One advantage of these approaches is their scalability. The global human settlement
layer and global urban footprint provide uniform fragmentation indicators at regional and
global scales. However, their informative value depends heavily on spatial resolution.
With coarser resolution, finely structured fragmentation and land use mix patterns are
lost, which can lead to fragmentation being underestimated [120]. Aggregation simplifies
patterns, masks rare types of coverage, and reduces sensitivity to heterogeneity. This can
lead to an underestimation of structural patterns [121].

Configuration analyses are further developed using spatial statistical methods. In ad-
dition to classic metrics, measures of spatial autocorrelation and neighbourhood relation-
ships are employed to capture configurations in a context-sensitive manner. Xia et al. [16]
demonstrate that U-LUI exhibits significant spatial autocorrelation and that configuration
helps to explain patterns of intensity and vitality. Newer Al-based approaches (object-
based image analysis—OBIA —and deep learning) use geometric and contextual features
to recognise urban patterns [122,123]. Zhou et al. [118] demonstrate that incorporating
higher-spatial-order features and neighbourhood information enhances the identification
of intricate urban structures, particularly those characterised by intense, functionally in-
tegrated use. Gradient-guided structure indicators are also effective in distinguishing
transitions between compact city centres, suburban areas, and peri-urban fragmentation
zones [117].

Structural U-LUI Indicator—Block, Street and Infrastructure Morphology

The morphology of blocks, streets and infrastructure is a key structural indicator, as
it influences the logic of development, accessibility, mixed use and the efficiency of land
use. Block size, street layout, network connectivity and infrastructure density therefore
describe the internal organisation of urban systems, providing a more comprehensive pic-
ture than pure land density indicators alone.

RS-based data collection relies on high- and very high-resolution optical satellite data
(see Table A4), as well as LIDAR- and radar-based sensors [16,124]. This is often supple-
mented by fusion with vectorised infrastructure data. Very high-resolution sensors enable
the delineation of buildings, blocks and street spaces, while multispectral data provide
robust structural information at neighbourhood and city levels.

Object-based image analysis is particularly well suited to this task, as it enables the
extraction of urban elements as coherent geometric objects. This approach yields more
stable morphological parameters than pixel-based methods [125-127]. City blocks func-
tion as basic structural units: small, finely structured blocks with high connectivity are
typically associated with intensive, functionally mixed use, while large-scale, single-use
blocks indicate lower structural intensity. RS studies demonstrate significant correlations
between block morphology, mobility patterns, and land use density [117].
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Road networks form the spatial backbone of urban use. Metrics such as road density,
intersection density, connectivity and orientation diversity can be calculated from RS-de-
rived road data. Finely meshed, highly connected networks are often associated with
higher structural and functional intensity [128]. Fusing RS images with OpenStreetMap
improves robustness, as OpenStreetMap provides topological and semantic contextual in-
formation that purely image-based approaches do not capture [129].

A methodological challenge in structural U-LUI assessment concerns the representa-
tion of linear infrastructure elements such as roads, corridors and transport networks.
Their reliable detection depends on the relationship between object width, sensor resolu-
tion and segmentation strategy. To improve topological consistency and reduce fragmen-
tation artefacts, RS-derived products are increasingly combined with complementary vec-
tor datasets (e.g., OpenStreetMap), supporting the reconstruction of connectivity, adja-
cency and network structure. However, no universal minimum width threshold can be
defined because detectability depends on the observation scales and processing workflow.

Technical infrastructures, such as transport axes, railway lines and logistics areas,
structure urban areas, occupy large spaces, and influence fragmentation and accessibility.
RS is well suited to their comprehensive recording, with radar-based sensors being par-
ticularly relevant due to their independence of weather conditions and sensitivity to linear
objects. Studies show that the density and spatial dominance of such elements signifi-
cantly influence structural intensity patterns [130].

RS data is increasingly being used in graph-based models to analyse urban networks.
These representations can be used to derive indicators such as node density, accessibility
and centrality, enabling a more detailed assessment of structural and functional intensity
gradients [131]. Deep learning algorithms, particularly hybrid neural networks and
graph-based models, have significantly improved the automatic extraction of linear and
structured patterns, such as road and transport networks, from high-resolution RS images
by integrating geometric and topological information [132].

Structural U-LUI Indicators—Surface Roughness and Height Structure

Surface roughness and vertical height structure are key U-LUI structural indicators,
as they reflect the three-dimensional organisation and intensification of urban use. While
2D indicators primarily measure horizontal land use, roughness and height parameters
capture vertical densification and utilisation capacity, particularly in densely populated
cities.

RS-based detection uses a combination of active and passive systems, particularly
LiDAR- and satellite-based digital surface and terrain models (DSMs and DTMs). The dif-
ference between these can be used to derive normalised elevation models (nDSMs), which
quantify building heights, vegetation structures, and volumetric parameters across large
areas. Multisensor approaches based on deep learning show that large-scale building
height estimation is possible by integrating SAR, multispectral and elevation information
[133]. To produce consistent DTM/DSM products, it is crucial to rasterise and harmonise
LiDAR point clouds [134]. Based on this, robust indicators such as building volume,
height variability and structural roughness can be derived [135]. Additionally, DSM-
based structural information is combined with optical RGB data to accurately extract fine-
scale urban patterns [136,137]. LiDAR-based change detection can quantify nDSM
changes, thus enabling the analysis of densification and volumetric change processes over
time.

Roughness, which describes the variability of height differences within urban areas,
can be derived from LiDAR-based height statistics and aerodynamic measures (e.g.,
roughness length, zo) [138]. Satellite-based analyses also extract displacement height and
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roughness length, linking these to morphology [124]. SAR is sensitive to vertical struc-
tures, as multiple scattering and backscattering depend heavily on building height, den-
sity, and orientation [139]. For VHR SAR, sensor geometry is crucial. Recla and Schmitt
[24] demonstrate that robust urban elevation models can be derived from individual SAR
intensity images using SAR2Height, provided geometric effects are systematically consid-
ered.

Height structure is increasingly being operationalised using 3D city models gener-
ated from RS data (e.g., LIDAR point clouds) or fused with administrative geodata. These
models can be used to derive volumetric indicators such as building volume, floor space
potential, and vertical density. Studies show that 3D models describe morphology more
precisely than 2D indicators and allow for a more accurate quantification of urban inten-
sity [140,141]. Global products such as TanDEM-X (DSM) and space-based LiDAR (GEDI)
support the derivation of relative building heights and provide selective height infor-
mation for calibration and validation purposes. Fusing GEDI samples with multisensory
RS data enables the creation of global building height maps, even in regions with limited
data, and improves the comparability of structural indicators [142].

Statistical height and roughness metrics (mean, variance, quantiles and height differ-
ences) are becoming increasingly important for distinguishing between types of urban
structure. These metrics allow an intensity gradient to be mapped from low-density, ho-
mogeneous settlements to highly complex, vertically differentiated centres. Wang et al.
[143] demonstrate that 3D metrics, such as the standard deviation of building heights,
characterise urban morphologies much more precisely than traditional 2D area measure-
ments. This enables a more accurate quantification of structural U-LUL

Structural U-LUI Indicators — Three-Dimensional Density and Volumetric Urban
Intensity

Three-dimensional density (volumetric urban intensity) is a useful addition to 2D
indicators, which primarily measure horizontal expansion, sealing or land use. It quanti-
fies building intensity in terms of height, volume and vertical density per area, thus re-
flecting actual space and usage capacity —particularly in areas where urbanisation is
driven by vertical densification rather than spatial expansion. Therefore, pure area indi-
cators systematically underestimate the differences between low-rise and high-rise devel-
opment forms.

Studies in RS show that 3D metrics (e.g., mean building height, standard deviation
of height distribution and building volume) provide a more detailed picture of urban mor-
phology and improve the analysis of urban processes [144]. The connection with environ-
mental processes, such as the urban heat island effect, or regreening cities to climate ad-
aptation is also emphasised; combining horizontal and vertical morphology leads to sig-
nificantly better explanatory models [145]. Globally available datasets, such as a 150-metre
dataset of urban building heights based on GED], also demonstrate the comparability of
3D structures between regions [142].

Advances in 3D capture are facilitating the derivation of volumetric parameters; air-
borne LiDAR remains the reference technology for high-precision building geometry,
height and volume. Combining LiDAR with optical and SAR data enables scaling to re-
gional and global levels [142]. Stereo-optical VHR sensors (e.g., WorldView-3 and Pléia-
des) allow for the creation of dense digital surface models (DSMs), particularly in compact
city centres [117,146]. Radar interferometric missions, such as TanDEM-X, provide con-
sistent elevation and structure information with near-global coverage, making them rele-
vant for comparisons in data-poor regions [147]. Overall, studies demonstrate the poten-
tial of multisensor approaches using LiDAR, optical, and SAR data to provide robust vol-
umetric urbanisation and density indicators [142].
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Building height and morphology products that are globally available and derived
from the fusion of GEDI samples with Sentinel and Landsat data are particularly relevant
from a methodological perspective [142]. These products provide 150 m grids of building
height and 3D morphology, complementing built-up layers such as the global human set-
tlement layer or global urban footprint with a vertical component [148]. Studies on global
3D morphology datasets (e.g., GLAMOUR) also emphasise the usefulness of volumetric
metrics in hydroclimatic and urban modelling [76].

Volumetric U-LUI indicators are operationalised by combining building height with
building coverage/footprint to create metrics such as building volume density or other 3D
indices such as differentiated tree height parameters [123,148,149]. Products such as WSEF-
3D provide building area and volume in raster form, while elevation/morphology prod-
ucts (GEDI + Sentinel/Landsat) support the global derivation of volumetric intensity
measures [148]. Time-series analyses also demonstrate that vertical densification can be
reconstructed, manifesting itself in both inner-city redensification and new suburban
high-density zones [150]. To differentiate between structural types, elevation statistics
(e.g., quantiles, variance and heterogeneity) are combined with SAR and optical time se-
ries in order to derive density gradients, high-rise cores and linear densification axes (e.g.,
along transport corridors) [146].

Current multi-source analyses also demonstrate that satellite-based activity indica-
tors, such as nighttime lights, provide functional proxies that correlate with structural and
socio-economic densities. Nighttime light statistics (e.g., variance and skewness) reflect
heterogeneous structures and density clusters, and the nighttime light background value
correlates more strongly with building and road density than classic mean values, making
it a suitable functional proxy [101]. Thermal proxies (e.g., satellite-derived LST indices)
are used to characterise heat islands, functional zones, and thermal heterogeneity, as well
as to operationalise the coupling between volumetric structure and activity. Thus, 3D den-
sity indicators function as integrative measures that link morphology with functional ac-
tivity, providing inputs for governance, climate and sustainability studies. Examples in-
clude analyses of heat islands, energy consumption and mobility in the context of compact
city strategies and transit-oriented development [62]. Table A5 presents a structured over-
view of structural indicators of U-LUI indicators, including concrete examples, the corre-
sponding RS sensors, and the representative literature references.

4.2.4. Monitoring the Taxonomic Indicators of U-LUI with RS

Taxonomic indicators offer a higher level of interpretation of U-LUIL Continuous gra-
dients of urban traits are aggregated into distinct categories, typologies or archetypes.
From a trait-based perspective, therefore, taxonomic indicators should not be understood
as independent variables, but rather as classified combinations of urban traits represent-
ing characteristic configurations of urban intensity. While trait indicators describe indi-
vidual, measurable properties of urban surfaces and processes, such as spectral signa-
tures, vegetation conditions, degree of sealing, thermal properties, and structural mor-
phologies, taxonomic indicators integrate these properties to create an interpretation of
urban types. Thus, taxonomies translate multidimensional trait information into system-
atised categories of urban intensity patterns. Conceptually, taxonomic indicators can be
understood as discrete mappings of multidimensional trait spaces. Individual traits map
continuous gradients of urban properties, such as vegetation vitality, surface sealing and
thermal emission. Taxonomic classifications transform these gradients into clearly defined
classes by combining typical trait combinations into urban typologies. These typologies
represent characteristic configurations of the intensity of urban land use, such as densely
populated inner-city areas, suburban residential areas, and extensively used open spaces.
Taxonomic systems can integrate different dimensions of information. Some are based
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primarily on land use and land cover information, while others focus more on morpho-
logical, functional, or ecological traits. In this sense, taxonomic indicators act as an inter-
pretive layer between empirically measurable traits and urban scientific analysis, convert-
ing complex trait patterns into comparable urban categories.

RS plays a central role here, as RS data enables the consistent and continuous record-
ing of the underlying traits over time and space. Multispectral, hyperspectral, radar-based
and LiDAR-based sensor systems provide information on material properties, vegetation
condition, building structure, elevation, morphology and thermal dynamics. This trait in-
formation forms the basis of taxonomic classifications that categorise urban intensity pat-
terns and enable comparative analysis between cities and regions.

Taxonomic U-LUI Indicators— Urban Land Use/Land Cover (LULC) Classifications

LULC classification is one of the most fundamental approaches to describing U-LUL
From a trait-based perspective, LULC classes represent typical combinations of surface,
vegetation, and structural characteristics that are categorised as distinct types of urban
land use [151].

Previous studies have demonstrated that multispectral satellite data can be used to
consistently differentiate between different levels of U-LUI [152]. As global RS datasets
have become more widely available, large-scale classification systems have been devel-
oped that capture urban land use types in a comparable way worldwide. For example,
these systems are based on Landsat time series [8].

Modern classification approaches combine multispectral RS data with machine learn-
ing methods to derive complex urban use patterns. Petrushevsky et al. [153] demonstrate
that deep learning methods can recognise urban intensity types with much greater accu-
racy than classic pixel-based classifications. Elze and Banzhaf [123] also emphasise the
importance of object-based image analysis for identifying urban land use units at the
neighbourhood level.

Integrating high-resolution satellite data from sources such as PlanetScope or
WorldView enables detailed differentiation of urban land use patterns, improving the de-
tection of heterogeneous intensity structures within neighbourhoods [154]. Recent studies
combine multispectral, radar-based, and LiDAR data to link land use classes with the
structural characteristics of urban morphology [155]. The result is taxonomic systems that
map the horizontal and vertical intensity characteristics of urban spaces [156,157].

Taxonomic U-LUI Indicators—Local Climate Zones as Standardised Intensity Arche-
types

Local climate zones (LCZs) are one of the most widely used taxonomic typologies for
urban spaces. LCZs were originally developed to systematically classify urban climate
structures and enable different urban surface types to be compared [158]. From a trait-
based perspective, LCZ classes can be interpreted as multidimensional trait archetypes.
Each zone represents a specific combination of structural, material and thermal character-
istics, including building density, height, degree of sealing, vegetation coverage and sur-
face temperature. LCZ maps are derived by integrating various RS data. Initial automated
classification approaches used multispectral Landsat data to derive urban structure types
[159]. These methods were subsequently developed further and applied globally as part
of the WUDAPT initiative [160]. Recent studies demonstrate that integrating radar and
elevation information, for instance from Sentinel-1, TanDEM-X or GED], significantly en-
hances the precision of local climate zones classifications [161,162]. Additionally, thermal
data from sensors such as MODIS or ECOSTRESS is increasingly being incorporated to
better integrate the energetic properties of urban surfaces into the classification [67,163].
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Current developments also demonstrate that the use of hyperspectral data and high-res-
olution elevation models enables the derivation of urban structure types that are even
more differentiated, allowing LCZ typologies to be increasingly interpreted as compre-
hensive intensity archetypes of urban spaces [164-166].

Taxonomic U-LUI Indicators —Morphological Urban Structure Typologies

In addition to land use-based classifications, taxonomic systems exist that primarily
describe urban intensity in terms of morphological traits. These approaches classify cities
based on the spatial organisation of buildings, block structures, and sealing patterns and
differentiate urban green infrastructure.

One such approach is urban structure types (USTs), which categorises different
building patterns and block shapes as structural intensity types [167]. Such typologies are
often based on high-resolution aerial images or LiDAR data, which can capture the mor-
phological characteristics of urban structures in detail [168]. More recent work shows that
object-based image analysis methods can robustly identify such structural types and thus
depict urban intensity patterns in a differentiated manner [169,170].

At the European level, urban morphological zones (UMZs) have been developed that
combine morphological structures with the degree of sealing in order to describe the var-
ious organisational forms of urban development intensity [171]. Subsequent research has
demonstrated the suitability of this typology for analysing variations in urban densifica-
tion within European cities [172,173]. Current studies use high-resolution RS data to fur-
ther refine UMZ typologies and improve their spatial differentiation [174,175].

Global approaches, such as the global human settlement layer, extend this perspec-
tive to global scales. The global human settlement layer settlement typology distinguishes
between urban centres, dense urban clusters, and suburban areas, for example, thus de-
scribing global intensity gradients of urban settlement structures [80]. Further research
demonstrates that such global classifications facilitate the consistent analysis of urban
densification patterns across regions [176,177]. The latest global human settlement layer
system developments integrate additional datasets and enable an even more detailed de-
scription of urban intensity structures at a global level [81]. Another important basis for
the morphological classification of urban areas is the global urban footprint. Based on Ter-
raSAR-X and TanDEM-X data, the global urban footprint enables high-resolution global
mapping of built-up areas [37]. Geif3 et al. [147] and Marconcini et al. [178] demonstrate
that these datasets can be utilised to derive global urban morphotypes, which facilitates a
consistent analysis of intensity structures.

Taxonomic U-LUI Indicators — Three-Dimensional Morphotypes and Urban Archetypes

Recent taxonomic approaches have expanded the classification of urban intensity to
include a three-dimensional perspective that takes the height and volume of buildings
into account, as well as the vertical structure of urban spaces. Such 3D morphotypes de-
scribe the typical vertical patterns of urban development. These morphotypes are often
derived from a combination of radar interferometry, optical satellite data, and LiDAR
measurements. For instance, Yang et al. [179] demonstrate that building height data ob-
tained from radar and optical sources can be integrated to recognise global morphotypes
of urban development. Other studies use volumetric building models to systematically
classify urban morphologies and identify typical urban densification patterns [87,180],
demonstrating that a combination of building height, compactness and density provides
robust indicators of vertical intensity patterns in urban spaces.

In parallel, urban archetype approaches are emerging, whereby cities or neighbour-
hoods are automatically grouped based on multidimensional feature spaces. Previous
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studies have shown that such archetypes can be derived from combinations of the struc-
tural and functional characteristics of urban systems [181]. More recent work uses ma-
chine learning methods to identify global city types representing typical combinations of
density, growth dynamics, and infrastructure structure [182,183]. Current research
demonstrates that these archetypes are being utilised more frequently to analyse urban
transformation pathways and sustainability patterns [184,185].

Taxonomic U-LUI Indicators—Urban Functional Zones

Urban functional zones (UFZs) are taxonomic classifications of urban spaces based
on their functional use. From a trait-based perspective, UFZs represent functional trait
constellations in which activity patterns, infrastructure structures, and socio-economic
functions are combined. Early studies have shown that UFZs can be identified by combin-
ing RS data with socio-economic information [186]. This usually involves combining mul-
tispectral satellite data with other sources of information, such as data on points of interest
or mobility. Integrating nighttime light data, for instance from DMSP-OLS or VIIRS sen-
sors, has proven particularly effective in visualising functional activity patterns within
urban areas. Zhang et al. [187] demonstrate that combining nighttime light data with
structural RS information allows for the distinct identification of functional urban zones.
More recent work uses deep learning approaches and multimodal data fusion to automat-
ically derive UFZs. For instance, Du et al. [188] demonstrate that integrating Sentinel-2
data with night-light and contextual information enables more precise classification of
UFZs. Further studies demonstrate that graph-based models and multimodal learning
methods can reliably capture complex urban functional patterns [189-191]. Functional tax-
onomies extend the interpretation of urban intensity beyond purely structural character-
istics by considering the spatial organisation of urban activities and land uses as an inte-
gral part of U-LUI Table A5 presents a structured overview of taxonomic indicators of U-
LUI indicators, including concrete examples, the corresponding RS sensors, and the rep-
resentative literature references.

4.2.5. Monitoring the Functional Indicators of U-LUI with RS

Functional indicators of U-LUI capture the biophysical, energetic, socio-technical and
socio-ecological processes arising from the use, conversion and regulation of energy, wa-
ter, materials and information in cities. In contrast to structural or taxonomic indicators,
they describe the dynamic functioning of urban systems, including energy conversion,
heat and water exchange, CO: emissions, and ecological regulation. From a trait-based
perspective, these processes can be conceptualised as functional urban traits: observable
characteristics whose spatial variability and temporal dynamics reflect the intensity of ur-
ban land use. RS is central to this perspective because it enables the repeated, spatially
explicit observation of thermal, hydrological, atmospheric and vegetation-related traits
and thereby supports a process-oriented understanding of U-LUI.

Functional U-LUI Indicators — Energy Flows and Urban Heat Balance

The urban energy balance is a core functional indicator of U-LUI because it integrates
the effects of densification, material properties, vegetation cover and anthropogenic activ-
ities within one physically consistent framework. It describes the balance of radiated, re-
flected, stored, transported and emitted energy and has been shown to be highly sensitive
to the intensity, duration and type of urban use [192]. In trait terms, it is expressed through
thermal and radiative urban traits such as surface temperature, heat storage and energy
partitioning.

Thermal RS provides the methodological basis for this indicator group. Sensors such
as Landsat TIRS, MODIS and ECOSTRESS, and more recently high-resolution thermal
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microsatellites, enable the derivation of land surface temperature (LST) from emitted
long-wave radiation [59,60]. LST is a key thermal trait proxy because it responds directly
to sealing, building density, material characteristics, surface moisture, green infrastruc-
ture and anthropogenic heat release. Its spatial and temporal patterns are closely related
to energy consumption, infrastructure intensity and urban functional use [20,193].

On this basis, RS-supported surface energy balance models derive process-based in-
dicators such as net radiation, sensible and latent heat fluxes, and stored heat. These mod-
els make the energetic partitioning of urban surfaces spatially explicit and allow compar-
ison between neighbourhoods with contrasting use intensities, for example between evap-
otranspiratively cooled areas and energetically overloaded built-up structures [194]. From
a trait-based perspective, they capture multiple energy-flow traits simultaneously.

A widely used integrative indicator is urban heat island intensity, defined as the tem-
perature difference between urban and rural reference areas and commonly derived from
satellite-based LST. RS studies consistently link elevated urban heat island intensity to
dense development, high sealing and energy-intensive land use, with nocturnal urban
heat island intensity being particularly informative because it reflects heat storage in built
materials and continued anthropogenic energy release [195]. Urban heat island intensity
can therefore be interpreted as an emergent expression of multiple thermal traits.

Thermal advection further describes the horizontal transport of heat within cities and
thus the spatial connectivity of thermal patterns. RS analyses show that advection contrib-
utes to the spread of temperature surpluses and is often associated with extensive sealing
and low functional diversity [196]. In a trait framework, this can be understood as a con-
nectivity trait of urban heat flow.

A particularly direct functional indicator is anthropogenic heat flux, representing ad-
ditional energy inputs from traffic, building heating and industrial processes. Although
anthropogenic heat flux (Qf) cannot be measured directly from space, it can be estimated
by combining LST, radiative parameters and energy balance modelling. RS-based studies
show that high Qf values indicate high-intensity urban land use and significantly contrib-
ute to persistent heat islands [197,198]. A major strength of RS-based energy indicators
lies in their temporal sensitivity. Multitemporal and diurnal LST series reveal use peaks,
nocturnal heat storage and long-term changes in urban energy balance. ECOSTRESS rep-
resents a key methodological advance because its variable overpass times allow system-
atic analysis of the diurnal dynamics of urban thermal traits [59,67,199].

Functional U-LUI Indicators—Water Balance, Evapotranspiration and Infiltration

The urban water balance is another central functional indicator because it responds
directly to the type and intensity of land use. It includes precipitation, runoff, infiltration,
storage, evaporation and evapotranspiration (ET) and is strongly shaped by densification,
sealing, green infrastructure and infrastructural control. RS is particularly suited to mon-
itoring these processes because it provides spatially explicit, temporally consistent obser-
vations across entire urban regions.

Among the most important RS-based hydrological indicators is ET, which links the
water and energy balances and responds sensitively to land use intensity. ET comprises
evaporation from surfaces and transpiration from vegetation and is critical for cooling, wa-
ter retention and microclimatic regulation. RS-based ET estimates combine thermal data
with radiative and energy balance models such as SEBAL, METRIC and PT-JPL and inte-
grate variables including LST, albedo, vegetation indices and meteorological forcing. Nu-
merous studies show that ET products provide robust, spatially differentiated information
on the functional performance of urban green and blue spaces. In trait terms, ET represents
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a key hydro-thermal trait of urban systems. Recent work with the PT-Urban model demon-
strates ET at high spatial and temporal resolution in heterogeneous urban landscapes by
integrating thermal RS, radiation balance models and urban morphology [200].

ECOSTRESS has substantially improved the analysis of urban ET dynamics because
its varying overpass times enable systematic observation of diurnal fluctuations in water
and energy exchange [59]. Recent studies show that highly densified, functionally inten-
sive neighbourhoods tend to exhibit systematically lower ET, whereas parks, urban for-
ests, green roofs and green walls provide measurable cooling and water retention through
enhanced ET [201]. ET therefore serves as both a hydrological and a functional-ecological
indicator of U-LUL

In addition, RS-based moisture indicators are used to assess soil and surface wetness.
A common example is the Surface Moisture Index (SMI), derived from the LST-VI feature
space by combining multispectral vegetation information such as NDVI with thermal sig-
natures [202]. Optical trapezoid approaches likewise enable estimation of near-surface
moisture from high-resolution multispectral data such as Sentinel-2 [203]. In urban envi-
ronments, such indicators are highly sensitive to sealing and land use intensity because
heavily sealed areas typically show persistently low moisture values [204]. Their robust-
ness can be improved through combination with passive microwave data; SMAP-based
active—passive products merged with Sentinel-1 are particularly valuable in cloudy con-
ditions and heterogeneous urban settings [205].

Another functional indicator is the ratio of sealed to water-bearing surfaces, often
operationalised as the impervious surface-water ratio (ISWR) or related metrics. By link-
ing impervious surface area (ISA) to hydrologically relevant water surfaces, this indicator
captures runoff potential, flash flood susceptibility and the runoff-infiltration balance. RS
studies show that a high share of impervious cover combined with limited green and blue
space is associated with increased runoff, reduced groundwater recharge and weaker
evaporative cooling [206]. Recent work further highlights ISA as a key predictor of urban
runoff and flood susceptibility and shows that machine learning and high-resolution RS
products improve the mapping of impervious and water-bearing surfaces, for example
through super-resolution and segmentation approaches applied to Sentinel-2 data [207].
Freely available multispectral datasets such as Sentinel-2 and Landsat provide a consistent
basis for operationalisation using NDWI and related classifiers [208,209].

Radar-based RS is increasingly important for monitoring urban runoff and flooding,
especially during heavy rainfall events. Sentinel-1 SAR is particularly useful because it
operates independently of cloud cover and daylight and supports the detection of tempo-
rary water bodies, change patterns and pre-event moisture conditions [210]. In urban ap-
plications, SAR flood masks are often combined with optical water indicators such as
NDWI to better reconstruct event sequences in heterogeneous landscapes [211]. For ex-
ample, Bayesian fusion of Sentinel-1 intensity and coherence has improved flood detec-
tion in Houston and Joso, while more recent work uses multitemporal SAR series, deep
learning and benchmark datasets such as Urban-SARFloods to automate flood mapping
in complex urban environments [212].

However, despite the weather independence of SAR observations, temporal revisit
intervals remain an important limitation for operational urban flood monitoring. Alt-
hough Sentinel-1 time series enable robust flood detection under cloudy conditions, short-
lived rainfall peaks and rapid runoff responses may occur between acquisitions and there-
fore remain unresolved. As a result, peak precipitation accumulation and short-term hy-
drological dynamics may be only partially captured. Consequently, SAR-based ap-
proaches are particularly suitable for event documentation, post-event assessment and
integration with complementary high-frequency observations and modelling approaches
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rather than functioning as standalone real-time monitoring systems for urban emergency
planning.

Based on such observations, rainfall-runoff response time, or a lag-time proxy, can
be defined as the time between a precipitation pulse and the first or maximum RS-detected
surface water response. This variable reflects the speed at which urban surfaces respond
to rainfall and can be interpreted as a hydrological response trait linked to sealing, storage
capacity and drainage efficiency. Although its precision is limited by revisit intervals,
flood monitoring based on RS data suggests that densely built and highly impervious ar-
eas often pass more rapidly to detectable flood conditions than green spaces, especially
during pluvial events [210,213].

Functional U-LUI Indicators—Carbon, Air and Emission Flows

Urban areas are major nodes in the flow of carbon, energy and pollutants. They con-
tribute disproportionately to greenhouse gas emissions and air pollution, while functioning
only as limited carbon sinks via vegetation, soils and water bodies. These processes are
tightly linked to U-LUI because they depend on building density, traffic, energy consump-
tion, industrial use and the extent of green infrastructure. RS enables their consistent and
scalable observation by linking urban surface characteristics to atmospheric measurements.

A central indicator is net urban carbon exchange, which describes the net carbon bal-
ance of urban areas by integrating anthropogenic CO: emissions from transport, buildings
and industry with uptake by urban vegetation. RS-based approaches combine XCO: ob-
servations from missions such as OCO-2 with inversion and emission models. For urban
applications, the joint interpretation of CO2 and NO: has proven particularly effective.
Reuter et al. [214] demonstrated that co-located CO2 and NO:2 enhancements from OCQO-2
and Sentinel-5P/TROPOMI can reveal localised urban emissions, while Fu et al. [215] used
OCO-2 observations to compare anthropogenic CO:2 emissions across cities globally. In
trait terms, urban carbon exchange represents a metabolic trait of U-LUI.

Air pollutants provide complementary functional indicators. NO: is especially sensi-
tive to traffic- and industry-related activity, and TROPOMI-based top-down estimates
have been widely used to quantify urban and power-plant emissions [216]. Aerosol opti-
cal depth products can also be translated into PM2s concentrations, as shown in global
approaches such as that of van Donkelaar et al. [217]. Together, NO2- and aerosol-based
indicators provide an integrative RS-based assessment of urban air quality as a proxy of
functional U-LUL

Nighttime light emission is another established proxy for energy use and socio-eco-
nomic activity. VIIRS night-light products, including methods for filtering noise, moon-
light and clouds, provide consistent observations of activity intensity gradients and tem-
poral breaks related to crises, lockdowns or structural change [218]. Within a trait frame-
work, nighttime lights can be interpreted as an activity trait linked to infrastructure and
energy demand.

The sink side of urban carbon flows is represented by urban vegetation carbon up-
take. With the increasing availability of solar-induced chlorophyll fluorescence (SIF), pho-
tosynthetic activity can now be observed more directly. The coupling between chlorophyll
fluorescence and photosynthesis or gross primary production is well established [219,220],
making UVCU a useful counterpoint to emission-based indicators and supporting assess-
ments of urban carbon efficiency.

A key methodological advance lies in combining atmospheric RS with high-resolu-
tion surface observations. In particular, NO: data can stabilise and attribute CO: inver-
sions by providing short-lived, source-proximal plume information. Li et al. [221] demon-
strated this in an air-pollution-satellite-based CO: inversion framework. Within U-LUI
analysis, such atmospheric flux information can be linked to structural, vegetation and
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thermal data from Sentinel-2, Landsat or ECOSTRESS in order to better distinguish emis-
sion-intensive land use areas and functional intensity gradients.

Functional U-LUI Indicators —Ecosystem Functions and Green Infrastructure

Urban ecosystems and green infrastructure provide important regulatory functions
that mediate and partly compensate for functional U-LUI. Vegetation, soils and water
bodies influence urban energy, water and material balances through evapotranspirative
cooling, radiation modification, water retention and the mitigation of thermal extremes.
These are not merely structural properties but process-based contributions to urban system
performance [222]. Their effectiveness depends on the type, condition, density and spatial
configuration of green infrastructure. RS enables these functions to be quantified consist-
ently across space and time and thus operationalised as functional U-LUI indicators [223].

A key RS-based indicator is urban cooling potential, which describes the capacity of
urban vegetation to reduce surface and near-surface temperatures. Urban cooling poten-
tial is often operationalised as the LST difference between vegetated and heavily sealed
areas and reflects the combined effects of shading, ET and altered radiation balance. Com-
parative RS studies have shown that urban heat and cool island patterns are systemati-
cally related to vegetation structures and activity and other biophysical drivers [224,225].
Urban cooling potential can therefore be interpreted as a core regulation trait of urban
green infrastructure.

Beyond cooling alone, multiple ecosystem services can be integrated through com-
posite indicators such as an ecosystem service index, which combines vegetation condi-
tion, surface properties and water- and energy-related process variables. Urban ET is par-
ticularly important in this context because it directly affects the partitioning of sensible
and latent heat and thus LST and heat stress. Qiu et al. [226] provide a recent urban-fo-
cused overview of ET and its role in water and energy balance. In this sense, the ecosystem
service index can be interpreted as the balance between ecological regulatory capacity and
anthropogenic intensity.

Another important dimension is the resilience of urban vegetation to heat and
drought [227]. A vegetation resilience index can be defined from RS time series to capture
stress response, recovery and persistence. Leisenheimer et al. [52], for example, developed
a Sentinel-2-based workflow to detect drought responses in urban street trees, including
species-specific differences. In trait terms, the vegetation resilience index represents a re-
sponse trait that reveals the limits of ecological compensation in highly sealed, high-in-
tensity environments, where stress amplitudes tend to be larger and recovery slower.

The particular strength of RS-based ecosystem indicators lies in their integration with
structural U-LUI data. In urban cooling, not only the amount but also the configuration,
fragmentation and patch size of green space matters. Satellite-based analyses by Kong et
al. [228] show that the spatial arrangement of green space strongly influences the strength
of urban cool islands. Likewise, Paschalis et al. [229] provide process-based evidence that
vegetation, especially urban forests, is a key regulator of urban heat stress through evap-
orative cooling. Linking functional indicators such as urban cooling potential, ecosystem
service index and vegetation resilience index with structural metrics of sealing, density
and morphology therefore makes it possible to identify where green infrastructure com-
pensates for the deficits of intensive urban land use—and where this compensatory ca-
pacity reaches its limits. Table A5 presents a structured overview of functional indicators
of U-LUI indicators, including concrete examples, the corresponding RS sensors, and the
representative literature references.

4.2.6. Socio-Economic U-LUI Indicators with RS
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Socio-economic U-LUI indicators capture selected human and economic dimensions
of urban intensity and reflect how urban use is distributed across space. They extend be-
yond physical structures and functional classifications by approximating socio-economic
patterns such as population density, economic activity, infrastructure intensity and social
use. Within the U-LUI framework, these indicators are not interpreted as direct measure-
ments of individual characteristics (e.g., income, deprivation, social inequality or behav-
iour), but as spatial proxies derived from observable urban patterns.

From a trait-based perspective, these variables can be conceptualised as socio-eco-
nomic urban traits: observable and spatially structured proxy characteristics (e.g., activity,
lighting, mobility, production and supply traits) associated with socio-economic pro-
cesses. Since socio-economic conditions are not directly observable by RS, these indicators
are generated through the integration of RS-derived traits with statistical, administrative
and crowd-based data. In this context, RS provides globally consistent observations of
spatial and temporal urban dynamics and supports objective and comparable monitoring
of socio-economic dimensions within U-LUI and related sustainability frameworks such
as the SDGs [99].

Socio-Economic U-LUI Indicators —Socio-Economic Activity Intensity

A central socio-economic dimension of U-LUI is activity intensity, referring to the
degree to which urban spaces are actively used in terms of human presence, mobility and
functional utilisation. RS captures this dimension through time-varying signals associated
with energy consumption, economic processes, traffic flows and temporal patterns of hu-
man activity. Unlike static indicators such as building density or surface sealing, activity-
based metrics—which rely on image-based monitoring processes—reflect the dynamic
use of urban space and are particularly well suited to distinguishing between neighbour-
hoods with varying degrees of functional diversity. Trait-based approaches operationalise
this dimension by identifying activity-related traits, such as socio-spatial behaviour, usage
hotspots, and clusters of high or low intensity.

A key proxy is nighttime lights [230], particularly VIIRS-DNB. These nighttime light
time series are widely used to derive socio-economic activity, the degree of urbanisation,
and energy-related intensities. Zheng et al. [101] systematise applications of urban
nighttime lights (e.g., activity centres, urban functions, event dynamics and crisis/lock-
down signatures) and simultaneously discuss sources of error, such as saturation, stray
light, sensor changes and lighting policy, which are key aspects for interpreting nighttime
lights as a U-LUI indicator. Harmonised annual VIIRS products are relevant for long-term
comparisons. Elvidge et al. [231] document global annual time-series products.

Additionally, thermal RS signals provide information on the intensity of energetic
activity via anthropogenic heat. However, for the operationalisation of U-LU]J, it is im-
portant to note that anthropogenic heat estimates from RS pose methodological challenges
(e.g., heat storage in dense/high-rise structures and temporal decoupling between emis-
sion and LST). Yu et al. [232] demonstrate the problem of heat storage and thus support
the correct physical interpretation of why thermal hotspots often coincide with high-ac-
tivity clusters.

Current work integrates RS with social sensing (e.g., check-ins, points of interest, and
mobility profiles) to derive activity patterns within morphologically similar neighbour-
hoods more robustly. Cao et al. [233] present a deep fusion approach combining satellite
imagery and temporal social sensing signatures to better separate functional and activity
patterns than RS alone, providing direct evidence for the inclusion of multimodal activity
traits in the U-LUI framework. In regions with limited data, gridded population and den-
sity layers are also employed [13]; Leyk et al. [234] conducted a systematic ESSD review
for this purpose. Finally, InNSAR time series can serve as indirect activity/stress indicators
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when construction phases or infrastructure interventions become visible through coher-
ence or deformation patterns [235].

Socio-Economic U-LUI Indicators —Economic Land Use Intensity and Value Creation
Proxies

Economic land use intensity describes the extent to which urban land use is linked to
production, services, logistics, and infrastructure. RS is increasingly capturing this dimen-
sion through the expansion of urban area, density and dynamics of economically used
areas and their functional signatures (operation/throughput rather than just structure).
Industrial, commercial and logistics areas exhibit characteristic spectral, structural and
morphological patterns that can be recognised by multiple sensors (e.g., optical, SAR and
nighttime lights) and operationalised via deep learning to create global products [155].
These are trait-based economic footprint traits (spatial production and infrastructure sig-
natures) and operational activity traits (operational dynamics).

High-resolution built-up base maps are essential for the consistent recording of eco-
nomic footprints. The global urban footprint features a robust 12 m settlement mask based
on TerraSAR-X/TanDEM-X data and is ideal for large-scale urban economy analyses [37].
More recent work goes beyond this, mapping economic subregions directly. Yoo et al.
[236], for example, provide 10-metre industrial area mapping for 1093 large cities (2017-
2023) using multisource RS data, including multispectral and night-light data. This ap-
proach implements changes in industrial areas as a proxy for economic production inten-
sity. Such products are particularly relevant for U-LUI because they spatially disaggregate
economic activity, making structurally similar neighbourhoods functionally separable.

Nighttime light time series continue to be deployed for value-added proxies in re-
gions with incomplete statistics, but increasingly they are used as part of multimodal sets.
Zheng et al. [101] discuss applications and risks, while Gibson et al. [237] demonstrate that
VIIRS is more suitable than DMSP for subnational economic proxies but also outline clear
limitations to its use. Logistics and infrastructure areas can also be captured using
SAR/optical time series and object-based approaches. Yasuda et al. [238] demonstrate that
operational activity (e.g., yard congestion) can be derived from satellite image analysis in
combination with AIS for ports, making economic intensity observable as throughput.
Global 3D RS products are becoming increasingly important for services and tertiary econ-
omies: 3D-GloBFP offers a global building footprint scale elevation product [75], while
WSF3D provides consistent volume information [148]. In summary, RS cannot directly
measure socio-economic values, but multimodal fusions (nighttime lights, industrial ar-
eas, port/logistics indicators and 3D volumes) provide robust composite indicators of eco-
nomic U-LUL

Socio-Economic U-LUI Indicators —Inequality, Differentiation and Socio-Economic
Differentiation

Very often, socio-economic inequality manifests itself spatially and can therefore be
analysed indirectly using RS-based indicators. Differences in buildings and their qualities,
infrastructure facilities and access, accessibility, green space availability and quality [15],
soil sealing, and activity intensity create spatial patterns that often correspond to disad-
vantage or privilege. RS does not capture such patterns at the individual level but rather
as spatially aggregated expressions—in the U-LUI framework, these are expressed as an
unequal distribution of land use and activity intensity. These are deprivation or inequality
traits (morphological, infrastructural, and activity-related proxies).

A central approach is to derive morphological and infrastructural proxies from high-
resolution RS data. In a well-documented study on poverty assessment using satellite im-
ages and machine learning, Jean et al. [239] demonstrate that deprivation patterns can be
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accurately approximated using RS characteristics. In an urban context, RS analyses can
identify polarisation between areas with high activity intensity and good equipment and
underserved neighbourhoods [15]. Informal settlements are a central focus here: Ajami et
al. [240] derived degrees of deprivation within slums from very high-resolution data by
linking image-based features to a multidimensional deprivation index and predicting
them spatially using deep/transfer learning.

In the context of U-LUI, it is important that these approaches classify spatial intensity
and provision patterns rather than social groups. Nevertheless, their use requires meth-
odological and ethical reflection. RS proxies do not provide direct information about in-
dividual living situations and may contain context-dependent distortions. Their strength
lies in identifying spatial gradients or disruptions, not attributing them to individuals or
households [122].

Socio-Economic U-LUI Indicators —Dynamics, Crisis Response and Resilience

A key added value of RS-based socio-economic U-LUI indicators is their ability to
map temporality. Multitemporal RS makes gradual transition patterns or discontinuous
transformation paths just as visible as sudden disruptions. Within the U-LUI framework,
resilience can be monitored via temporal signatures, e.g., (i) the amplitude of activity in-
creases or declines, (ii) the recovery rate (time to return) and (iii) the spatial reorganisation
of hotspots. These patterns correspond to trait-based resilience traits (slump-duration—
recovery; spatial shift/fragmentation).

The impact of the pandemic can be used as a reference case here: high-frequency
nighttime light products (e.g., Black Marble and VIIRS-DNB) robustly reflect lockdown-
induced activity slumps [241]. Additionally, traffic intensity can be quantified via vehicle
detection in high-frequency planetary time series [242]. On the energy—-thermal axis, Meng
et al. [243] demonstrate that changes in anthropogenic heat flows and heat-associated ac-
tivity intensity can be derived from RS time series. In the context of maritime logistics,
Loveridge et al. [244] demonstrate the globally differentiated effects of the pandemic on
the activity profiles of shipping, fishing and passenger traffic, which is important because
port and supply chain functionality are key proxies for value creation.

SAR time series are particularly important in the context of conflicts and natural dis-
asters, as coherence- and amplitude-based changes can capture destruction and functional
failure. In the case of Ukraine, conflict-related destruction was mapped using Sentinel-1
coherence via Coherent Change Detection [245]. In U-LUI interpretation, structural dam-
age (SAR) can be combined with functional activity proxies (e.g., nighttime lights and
thermal signals) to distinguish between destruction, shutdowns, power outages, and the
relocation of activities.

Current research on the existence and dynamics of informal settlements and habitats
for refugees/internally displaced persons is shifting its focus from point mapping to scal-
able time series and probability indicators. Hallopeau et al. [246] use multisource RS fea-
tures and robust learning strategies to improve transferability, while Biittner et al. [247]
present 10-metre slum probability maps for numerous cities, revealing peripheral dynam-
ics. Regarding refugee settlements, Friedrich and Hoek [248] demonstrate that Land-
sat/Sentinel time series (e.g., disturbance detection) can capture the establishment and ex-
pansion of settlements, as well as environmental changes, on a sub-annual basis. Overall,
the literature supports the development of multisensory resilience metrics, in which the
decisive factor is not a single proxy, but rather the fused interpretation of temporal trait
signatures (break-in—duration-recovery) and spatial reorganisation.

Table A5 presents a structured overview of socio-economic indicators of U-LUI indi-
cators, including concrete examples, the corresponding RS sensors, and the representative
literature references.
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4.3. Validation and Uncertainty Considerations for Monitoring U-LUI

As U-LUI indicators derived from RS partly represent indirect proxies of anthropo-
genic urban use, robust validation strategies and explicit consideration of uncertainty are
essential prerequisites for reliable interpretation and comparability across spatial and
temporal contexts.

Figure 3 summarises the proposed validation and uncertainty framework for RS-
based U-LUI monitoring. Urban traits derived from RS and complementary in situ obser-
vations are translated into six indicator families and evaluated through multiple valida-
tion pathways.

Validation approaches should be adapted to the respective indicator family. Struc-
tural indicators (e.g., building density, sealing and morphology) can be validated using
cadastral information, 3D city models, LIDAR observations and official land use invento-
ries. Functional indicators may be assessed using mobility datasets, traffic measurements,
energy statistics and smart city sensor systems. Socio-economic indicators can be evalu-
ated using census information, administrative statistics, point-of-interest data and crowd-
based observations. Temporal consistency can additionally be assessed through time-se-
ries analysis and cross-date comparisons.

At the same time, uncertainty remains an inherent characteristic of RS-based U-LUI
assessment. Important uncertainty sources include scale dependency and the Modifiable
Areal Unit Problem (MAUP), mixed pixels and subpixel heterogeneity, shadow and illu-
mination effects, temporal inconsistencies between RS acquisitions and reference data,
and differences in spatial, spectral and temporal sensor characteristics. Urban complexity
and heterogeneous land use patterns may further affect indicator stability and transfera-
bility across cities and scales.

Consequently, future operational implementations of U-LUI should combine multi-
source validation, uncertainty reporting and cross-sensor harmonisation to ensure trans-
parent, scalable and internationally comparable monitoring workflows.
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Figure 3. Validation and uncertainty framework for RS-based monitoring of urban land use inten-
sity (U-LUI). Urban traits derived from RS and complementary in situ observations are translated
into six indicator families and evaluated using multiple validation pathways. Validation combines
structural, functional, socio-economic and temporal reference information, while uncertainty
sources include scale effects, mixed pixels, shadow effects, temporal mismatches and sensor-related
differences. The framework supports transparent, scalable and comparable assessment of U-LUI
across spatial and temporal contexts. Conceptual visualisation generated using OpenAI ChatGPT-
5.5 (image generation) based on concepts defined by Angela Lausch; scientific validation and final

revision by Angela Lausch.

5. RS Relevance for Planning, Decision-Makers and Policy

Urban transformation processes—driven by densification, climate adaptation, en-
ergy and mobility transitions, and increasing socio-ecological pressures—create a grow-
ing demand for spatially explicit, timely, and comparable evidence for decision-making.
RS provides a powerful observational framework to address this demand by enabling re-
peated and consistent measurements of urban surface, structural and functional charac-
teristics such as vegetation cover, imperviousness, surface temperature, urban morphol-
ogy and nighttime light emissions. These observations allow urban systems to be moni-
tored systematically across space and time and can be translated into spatial indicators
supporting planning and governance processes in diagnostic (status assessment), pro-
spective (trend and scenario analysis), and evaluative (impact assessment) capacities.

Over the past two decades, the role of RS in urban research has expanded considera-
bly. While early applications mainly focused on land cover and land use classification,
recent advances in multisensor RS, high-resolution satellite constellations and cloud-
based geospatial computing platforms have significantly broadened the analytical scope
of urban RS. Contemporary approaches increasingly allow the monitoring of functional
urban processes such as thermal dynamics, energy exchange and infrastructure develop-
ment [148,249]. At the same time, RS has become an important data source for evidence-
based urban governance and sustainability monitoring, as spatially disaggregated RS data
can support policy evaluation and the tracking of global sustainability targets [250,251].
As visualisation tools, RS data and ancillary local governance information serve as a meet-
ing point as interactive walkable floor maps. Across city council departments and local
stakeholder interactions, methodological innovation is needed that actively engages a
range of policy makers in policy learning to address issues of climate change, urbanisation
conflicts or biodiversity loss. Various workshops across Europe showed that a greater spa-
tially explicit local context being presented on walkable floor maps supported “thinking
outside of the box”. This tangible RS approach facilitated policy makers to discuss current
situations and imagine/visualise preferable future scenarios [252,253].

Despite these advances, the transfer of RS-based knowledge into operational plan-
ning practice is being addressed slowly. More complex applications remain confined to
academic monitoring or methodological experimentation and are only partially integrated
into institutional planning processes. This policy procrastination can be attributed to sev-
eral factors, including limited interfaces between research and public administration, in-
sufficient organisational capacities within planning institutions, and the limited standard-
ised indicator frameworks and data infrastructures [254]. Consequently, increasing atten-
tion has been directed towards strengthening RS—policy interfaces. In particular, cloud-
based geospatial platforms, open RS data infrastructures and integrated decision-support
systems are increasingly recognised as key mechanisms for embedding satellite-derived
information within policy and governance frameworks [254,255]. Nevertheless, translat-
ing RS data into policy-relevant knowledge remains a major target, requiring stronger
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science—policy interfaces and co-design processes between researchers and decision-mak-
ers [256]. This issue has been tackled by the European Commission and various Western
countries through transdisciplinary research projects across Europe or at the national level.

5.1. Significance of RS-Based U-LUI Indicators for Spatial Planning
5.1.1. Why U-LUI Is Compatible with Planning

Conventional planning data is usually organised in administratively defined land
units and discrete land use or building categories, often updated only every few years.
This makes it poorly suited to dynamic urban transformation because intra-zonal hetero-
geneity, transition areas, small-scale densification and environmental hotspots are often
insufficiently captured. RS-based U-LUI indicators fundamentally extend this perspective
by relying on continuous, scalable and spatially consistent multisensor time series. They
allow urban intensity patterns to be mapped within formal land use zones and shift the
analytical focus from categorical classes to continuous gradients and urban traits. Traits
provide a more realistic representation of urban structures and processes because they are
scale-flexible, comparable across cities and reproducible over time. For planning, this
could offer added value: inner-urban gradients become visible, trade-offs such as those
between densification and thermal stress can be made explicit, and evidence-based mon-
itoring could help facilitate evidence-based decision-making through internationally
standardised and repeatable RS observations.

5.1.2. RS Examples with Direct Relevance to Planning

RS-based U-LUI indicators are most useful when they can be translated into concrete
planning questions. Several mature approaches already demonstrate how urban traits de-
rived from RS support spatial planning, climate adaptation and strategic management.

(1) Heat and climate adaptation planning. Thermal RS data is one of the most important
information sources for analysing urban heat stress. Sensors such as Landsat TIRS,
MODIS and ECOSTRESS enable consistent derivation of land surface temperature
(LST), which can be interpreted as a key thermal urban trait. Coupled with vegetation
indicators such as NDVI and with imperviousness measures, LST has become a
standard basis for characterising urban heat islands and intensity gradients [249]. For
planning, this allows thermal hotspots to be identified at neighbourhood or block
level and provides an evidence base for prioritising measures such as unsealing,
shading, tree-canopy expansion and the development of blue—green corridors. Be-
cause thermal time series are increasingly available, the effects of such measures can
also be evaluated over time.

(2) Urban morphology as a planning trait. In addition to temperature, urban morphol-
ogy is central to climate-related and structural planning. The local climate zone sys-
tem classifies urban areas by building form, height, surface cover and vegetation,
thereby replacing conventional land use categories with a standardised morpholog-
ical framework [158]. Implemented through WUDAPT (World Urban Database and
Access Portal Tools), local climate zone mapping has become a globally comparable
reference for urban climate and adaptation analysis [257]. Because local climate zones
provide a standardised input for urban climate, air-quality and flow models, they are
highly relevant for planning scenarios such as densification or greening alternatives.
Their production and quality assurance using freely available RS data are well doc-
umented, which supports transferability and reproducibility [258].

(3) 3D intensity and built-up volume. In dense cities, U-LUI is increasingly shaped by
the third dimension. Building height and volume influence land use efficiency, shad-
ing, ventilation, infrastructure provision and microclimate. RS-based datasets such
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as the World Settlement Footprint 3D explicitly capture these volumetric traits by
providing global information on building area, average height and building volume
[148]. For planning, these indicators can support assessments of redensification po-
tential, fresh-air corridor preservation, shading effects and infrastructure deficits.
They also provide a basis for interpreting spatial inequalities, as building volume can
function as a proxy for invested capital and service provision [259].

(4) Anthropogenic activity and land use mix proxies. Nighttime light data from
DMSP/OLS and especially VIIRS represent a further standardised RS stream for an-
alysing urban intensity. Nighttime lights can be interpreted as an activity trait be-
cause it approximates electrification, economic activity and functional density. Levin
et al. [230] provide an overview of its methodological foundations and applications,
from urban mapping to resilience analysis. In combination with NDVI, LST and de-
velopment indicators, nighttime light data can improve the delineation of urban in-
tensity gradients [260]. In planning contexts, such activity traits can inform lighting
strategies, identify nighttime economy hotspots and contribute to multidimensional
U-LUI composites, although limitations such as saturation and LED-related changes
must be considered.

(5) SDG and sustainability monitoring. RS-based settlement products are increasingly
relevant for indicator-driven policy and sustainability monitoring, especially for SDG
11.3.1 on land use efficiency. The global human settlement layer provides an interna-
tionally recognised basis for analysing settlement expansion and population dynam-
ics in a comparable way [261]. For planning, this offers standardised evidence of the
relationship between land consumption and urban growth, which can be integrated
directly into sustainability strategies, reporting obligations and evaluations of densi-
fication policies.

5.2. Support for Decision-Makers and in Public Administration

Meanwhile most urban planners and stakeholders are aware of the added value of
RS data and resulting analyses. For decision-makers and public administrations, the value
of RS depends less on methodological sophistication than on operational usability. Robust
workflows, transparent uncertainties, clear interpretation rules and institutional respon-
sibilities are essential. Wellmann et al. [254] note that purely numerical RS outputs often
remain of limited relevance unless they are translated into problem- and action-oriented
information. In other words, abstract metrics must answer applied questions: What is the
problem? Where does it occur? What measures are possible? What effects can be expected?
RS-based U-LUI indicators are well suited to this translation because they condense com-
plex spatial information into comparable and repeatable metrics that can feed directly into
monitoring, reporting and operational decision systems.

(1) Monitoring and enforcement. RS increasingly supports compliance-related tasks
such as monitoring imperviousness, land use change, vacant land, redensification,
the protection of green and open spaces, compensation measures, and informal de-
velopment. Very high-resolution optical data and Sentinel-1/2 time series are espe-
cially useful for repeatedly observing such change processes. However, legally ro-
bust implementation requires close linkage with cadastral and planning data as well
as clear data governance, including metadata, versioning and quality control.

(2) Early warning and event management. RS time series play an important role in pre-
ventive risk management. Thermal indicators, vegetation stress, soil moisture prox-
ies and SAR-based flood detection can identify vulnerable areas early and support
prioritised action in heat, drought and flooding contexts. Examples include heat-pro-
tection routing, targeted irrigation and the identification of particularly exposed
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neighbourhoods. For administrative practice, the crucial step is not single-scene anal-
ysis but the integration of these indicators into operational systems such as municipal
dashboards, situation rooms and early-warning platforms.

(3) Urban data cubes and cloud-based workflows. A major barrier to long-term RS use
in administration is that many applications remain project-based. Wellmann et al.
[254] therefore propose municipal urban data cubes as persistent infrastructures for RS
acquisition, storage, processing and dissemination. Such infrastructures can institu-
tionalise regular indicator production and move RS from one-off studies to continuous
administrative use. Cloud-based environments such as Google Earth Engine provide
an important technical basis because they enable scalable processing of large RS ar-
chives and support the automated, reproducible and auditable generation of products
such as LST mosaics, local climate zone layers or imperviousness indicators [262].

(4) Urban digital twins as interfaces. Urban digital twins are increasingly discussed as
integrative interfaces linking observation, modelling and planning. In such systems,
RS acts as both an update stream and a validation layer [79]. RS-based U-LUI indica-
tors can represent current urban intensity and simultaneously serve as reference var-
iables for scenario analysis and impact assessment. Yet successful implementation
depends not only on technology but also on governance. Ferré-Bigorra et al. [263]
highlight challenges related to data integration, responsibilities, organisational bar-
riers and the communication of benefits. For decision-makers, the main advantage
lies in linking observed urban traits with “what-if” scenarios and making the spatial
consequences of alternative interventions transparent.

5.3. Policy and Strategic Relevance

At policy and strategic levels, RS-based indicators are becoming increasingly im-
portant because they provide comparable, repeatable and transparent evidence of spatial
conditions and change. Such information is essential for policy processes in which com-
peting priorities—such as urban densification, climate adaptation and environmental jus-
tice—must be balanced and justified through evidence-based decision-making. RS-de-
rived indicators enable spatially explicit assessments of environmental pressures, infra-
structure disparities and social inequalities within cities, thereby strengthening the em-
pirical basis of urban governance [264]. In addition, they allow policy interventions to be
monitored over time and support the identification of priority areas for public investment
and intervention [265].

Within this broader RS—policy context, RS-based indicators of U-LUI provide a par-
ticularly relevant framework because they translate complex spatial patterns into meas-
urable indicators of urban development intensity. By capturing multidimensional gradi-
ents of density, infrastructure, environmental conditions and human activity, U-LUI indi-
cators help operationalise policy objectives and link satellite-derived observations to con-
crete planning and governance questions.

First, RS-based U-LUI indicators support target systems, accountability and equity
assessments by providing spatially differentiated baselines and monitoring data. This is
particularly evident in sustainability monitoring frameworks such as the SDGs, where
datasets such as the global human settlement layer serve as methodological references for
indicators, including SDG 11.3.1 on land use efficiency [261]. More broadly, RS-based SDG
research demonstrates that the relevance of indicators for policy target systems increases
when indicators can be disaggregated below national scales and reveal spatial hotspots of
environmental or social pressures within cities. [266]. In trait-based terms, this enables
policy frameworks to move beyond aggregated land use categories towards spatially dif-
ferentiated trait distributions that reveal inequalities and intervention needs more clearly.
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Second, U-LUI indicators support priority-driven investment and spatial planning
decisions. Because they capture variations in built intensity, infrastructure provision and
environmental conditions, such indicators can reveal spatial disparities that inform tar-
geted investments in climate adaptation, urban greening or social infrastructure. For ex-
ample, satellite-derived building heights and built-up volumes provide insights into in-
frastructure gaps and spatial inequalities, thereby helping to justify and prioritise invest-
ments across neighbourhoods and regions [259,267].

Third, RS-based indicators also contribute to crisis, conflict and resilience govern-
ance. Activity-related indicators such as nighttime light emissions provide internationally
recognised proxies for electrification, economic activity and urban functionality. As such,
they can reveal disruptions and recovery processes following disasters or during conflict
situations [230]. From a trait-based perspective, these signals capture temporal changes in
urban activity and system functionality under conditions of stress.

Finally, the political relevance of RS-based indicators is reinforced by their standard-
isation and global comparability. Classification systems such as local climate zones pro-
vide internationally standardised urban typologies that facilitate cross-city comparisons
in climate and planning analyses [158]. Through initiatives such as WUDAPT, these ty-
pologies are operationalised within global, community-based data infrastructures for ur-
ban environmental modelling [257], while research on local climate zone transferability
addresses issues of cross-city robustness and methodological consistency [161]. Beyond
individual datasets, essential-variable frameworks increasingly define core RS observa-
bles that can serve as robust interfaces between scientific monitoring systems and policy
indicators [268]. At a strategic level, such standardised variables facilitate the integration
of RS-based U-LUI indicators into municipal target systems, funding programmes and
international reporting frameworks. Mission-oriented RS initiatives such as SDGSAT-1
further strengthen this link by explicitly aligning satellite observation systems with global
sustainability monitoring [269].

Overall, RS-based U-LUI indicators are politically most effective when they translate
policy goals into verifiable spatial metrics, reveal priority areas and distributional effects,
and ensure comparability across governance levels through standardised variables and
typologies.

5.4. Perspectives and Recommendations for Action

Several practice-oriented recommendations follow from this discussion if RS-based
U-LUl is to move from project-based analysis towards durable decision support.

First, U-LUI should be operationalised as an indicator toolkit rather than as a single
metric. Urban land use intensity is inherently multidimensional and is therefore best rep-
resented by a bundle of traits combining two-dimensional land cover and imperviousness,
3D morphology, thermal conditions, green-blue infrastructure, activity proxies, and tem-
poral dynamics. Such composite approaches make planning conflicts —such as those be-
tween densification and heat exposure—more explicit and allow spatially differentiated
prioritisation.

Second, institutionalisation through urban data cubes is essential. If RS-based U-LUI
indicators are to be used routinely, they must be embedded in persistent data and pro-
cessing infrastructures rather than in temporary projects. UDCs, supported by cloud plat-
forms such as Google Earth Engine, provide a practical basis for continuous data access,
processing and indicator updating [262].

Third, RS-based U-LUI should be formalised in SEA/EIA procedures and municipal
standards. Long-term uptake will depend on integration into existing planning and as-
sessment routines. This requires clearly defined indicators, reference or threshold values,
and minimum standards for data quality, validation and documentation.
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Fourth, capacity building and translation remain critical. Technical availability alone
is insufficient. RS-based trait information must be converted into understandable, action-
oriented statements through co-defined problem settings, interpretation guidance, uncer-
tainty communication and target-group-specific visualisations such as dashboards, story
maps and interactive walkable floor maps [270]. Wellmann et al. [254] stress the need for
demand-driven research and stable science-policy interfaces in this regard.

In sum, the future impact of RS-based U-LUI concepts will likely depend less on fur-
ther methodological innovation than on institutional anchoring, standardisation and com-
municative translation into planning and policy practice.

6. New Approaches and Tools for the Quantification and Evaluation of
U-LUI Using RS

The rapid development of RS, combined with advances in Al, has fundamentally ex-
panded the possibilities for quantifying and evaluating U-LUIL While classic RS approaches
were often based on individual indicators, static classifications or linear models, new data-
driven methods allow for the integrated, nonlinear and highly scalable recording of urban
intensity patterns. This opens up new perspectives for U-LUI in particular, as Al methods
can capture complex relationships between spectral, thermal, structural, temporal and func-
tional characteristics, converting them into consistent intensity metrics [271]. This improves
access to planning institutions and facilitates transdisciplinary collaboration.

6.1. RS and Al for Recording U-LUI

Using Al in RS marks a shift in approach from rule-based and index-driven methods
to learning-based models. This shift is particularly relevant for recording U-LUI, since
urban intensity is an emergent phenomenon arising from the superimposition of different
processes, which can only be described to a limited extent by individual physical varia-
bles. Although machine learning methods such as random forests, gradient boosting and
support vector machines continue to be used, the methodological focus is shifting towards
deep, multimodal and semi-/self-supervised learning approaches, which scales particu-
larly well with heterogeneous urban structures. Li et al. [155] provide a current overview
of model architectures, data sources, and open challenges in Al-based urban land use
mapping.

In recent years, deep learning approaches in particular have expanded the range of
available tools. Convolutional neural networks (CNNs) and transformer-based models
can simultaneously capture spectral information, texture, and spatial context. This enables
the robust modelling of key U-LUI characteristics, such as fragmentation, block structures,
and building density. At the same time, self-supervised methods are becoming increas-
ingly important because they allow for large-scale, high-resolution mapping with signifi-
cantly less manual training data—an important factor for comparable U-LUI analyses
across many cities. Zhu et al. [272], for example, demonstrate that a self-supervised trans-
fer framework can reliably derive building floor plans in very different urban contexts,
which is essential for structure-based intensity metrics.

Another key advance for U-LUI capture lies in modern models” ability to explicitly
consider temporal dimensions. Rather than simplifying time series through aggregation
(e.g., annual averages), deep learning approaches that can reconstruct the timing, dura-
tion and nature of changes are increasingly being used. He et al. [273] demonstrate this
with an approach to temporal semantic segmentation of RS time series that integrates the
“where-when-what” of land cover changes. This allows for a much more process-ori-
ented description of urban dynamics—a core requirement if U-LUI is to be understood as
a dynamic process of use and transformation. At the application level, such temporally
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explicit concepts are increasingly being combined with multisensory or multi-perspective
data to better capture functional and land use changes in cities. For example, Yang et al.
[274] demonstrate that the temporal fusion of Street View information with RS data en-
hances the identification of changes in urban functional zones—an approach that is par-
ticularly pertinent when U-LUI is operationalised through activity and functional density.

At the same time, multimodal data fusion is becoming increasingly important for
mapping functional intensity. In addition to optical and SAR data, proxy data on human
activity, such as nighttime lights, are being integrated. Chen et al. [275] demonstrate that
combining high-resolution optical image data with nighttime light data using a cross-
modal fusion network significantly improves the classification of urban functional zones.
These physical-social fusion approaches are particularly valuable for U-LUI as they can
map structural density and activity intensity simultaneously.

Alongside the model architecture, the availability of large, harmonised RS datasets
and scalable processing environments is crucial. Cloud-based platforms, especially
Google Earth Engine, enable the processing of global time series from Landsat and Senti-
nel data. This forms a central basis for reproducible and transferable U-LUI analyses.
Stamou and Stylianidis [276] provide a current, urban-specific inventory of GEE-based
approaches and their advantages in terms of reproducibility. At the same time, the inter-
pretability and transparency of Al-based models are coming into sharper focus. For plan-
ning and policy applications, it is essential that the derived U-LUI indicators are compre-
hensible and explainable. Al approaches (e.g., activation- and attention-based explana-
tions and feature attribution) are therefore increasingly being used to reveal the contribu-
tions of individual RS features to model decisions. Warnke and Runfola [277] demonstrate
how Al can be used to interpret model decisions from satellite images in complex urban
contexts, an approach that can be transferred to U-LUI models to increase their acceptance
and validity.

Overall, new Al-supported RS approaches demonstrate that the quantification of U-
LUl is shifting from the derivation of individual indicators towards integrative, learning-
based intensity models. These models can capture structural, functional, and temporal
dimensions of urban use simultaneously, thus providing a robust, scalable, and compara-
ble basis for scientific analysis, planning applications, and policy-driven decision-making
processes. Furthermore, recent developments towards label-poor or zero-shot methods
suggest that urban land use categories could be developed on a large scale in future with
significantly less ground truth effort [278].

Despite recent advances in multimodal Al and deep learning architectures, scale-re-
lated uncertainties remain an important limitation for continuous U-LUI monitoring. Ag-
gregation effects associated with the MAUP may alter observed intensity gradients depend-
ing on the selected spatial units, while mixed pixels and spatial degradation can reduce the
separability of heterogeneous urban surfaces. These effects become particularly relevant
when integrating observations across multiple sensors and resolutions. Multimodal and
multi-scale fusion approaches may reduce such limitations by combining complementary
spatial and temporal information; however, uncertainty propagation and scale sensitivity
should remain explicit components of future U-LUI assessment frameworks.

6.2. Semantic Web and Linked Open Data for Monitoring U-LUI

The Semantic Web and the principles of Linked Open Data (LOD) open up new pos-
sibilities for linking heterogeneous data sources semantically, making them available in
an interoperable manner, and enabling them to be interpreted in a machine-readable way
for observing and evaluating U-LUI As U-LUI is a multidimensional concept integrating
structural, functional, socio-economic and temporal components of urban use, monitoring
it requires a data infrastructure that goes beyond classic data fusion, explicitly mapping
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meanings, relationships and spatio-temporal dynamics. A central technical basis for this
is the use of GeoSPARQL as a geospatial standard for RDF/SPARQL-based knowledge
infrastructures [279].

Key components of the Semantic Web include the Resource Description Framework
(RDF), which is used to describe entities and relations in a triple structure; the Web On-
tology Language (OWL), which is used to model domain knowledge; and SPARQL, which
is a query language for semantic databases. In combination with GeoSPARQL, these tech-
nologies can integrate RS, in situ and IoT data, as well as socio-economic statistics and
administrative geodata. Until now, these have often been available in separate formats,
scales and institutional contexts.

U-LUI's semantic modelling uses ontologies or knowledge graphs to represent urban
entities (e.g., areas, buildings and infrastructures), RS-based traits and indicators (e.g., de-
gree of sealing, thermal load, and vegetation structure and intensity), urban processes
(e.g., densification, decline and land conversion), and temporal dimensions. This means
that RS-based intensity indicators are represented not only numerically, but also concep-
tually, in an unambiguous manner, and can be interpreted by machines. Examples of the
systematic generation of spatial knowledge graphs and their queryability can be found in
the current research of Jang et al. [280] on spatial KG generation in geo-information con-
texts.

Figure 4 illustrates the principle of a semantically integrated U-LUI knowledge infra-
structure. It shows how heterogeneous data sources, including multisensory RS, in situ
and Internet of Things (IoT) data; crowdsourced information; and Al-generated deriva-
tions, are brought together in a central U-LUI ontology through annotation, mapping, and
linking. This ontology acts as a semantic mediation layer between the data and application
levels, enabling interoperable analyses for planning and governance (e.g., SDG indica-
tors/GeoSPARQL queries), research and modelling (e.g., time series and Al training), and
visualisation and monitoring (e.g., dashboards). It also becomes clear that semantic inte-
gration supports interoperability, knowledge integration, automated queries, reusability
and traceability.

A key advantage of semantic and LOD-based approaches is their ability to efficiently
facilitate complex queries across spatial, temporal, and thematic dimensions. Current
methodological work explicitly addresses the performance of geospatial-temporal se-
mantic queries in hybrid graph/geodata setups, which is particularly relevant for scalable
U-LUI monitoring [281].

However, challenges remain, particularly with regard to ontology harmonisation,
annotation effort and representing dynamic processes and uncertainties. Future develop-
ments therefore aim to couple semantic technologies more closely with Al-supported RS
analyses. While Al methods increasingly contribute to automatic classification and anno-
tation, knowledge graphs and ontologies provide the conceptual framework for interpre-
tation, validation and explainable use, as well as for large-scale, integrative knowledge
infrastructures such as KnowWhereGraph [282].
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Figure 4. Conceptual architecture for semantic integration and application of urban land use inten-
sity (U-LUI). Heterogeneous urban data sources—including remote sensing (RS), in situ and IoT
observations; crowdsourced/citizen science data; and Al-generated derivations—are semantically
integrated through a U-LUI ontology based on INSPIRE, RDF, SPARQL, and GeoSPARQL concepts.
The ontology enables annotation, mapping, and linking of urban traits and other indicators and
supports interoperable applications in planning and governance, research and modelling, and vis-
ualisation and monitoring dashboards. This semantic knowledge infrastructure facilitates interop-
erability, knowledge integration, automated querying, and reuse and traceability of U-LUI infor-
mation. Graphically edited using OpenAI ChatGPT-5.5 (image generation); scientific validation and

final revision by Angela Lausch.

7. Conclusions and Further Research

This review demonstrates that, in the context of modern RS, U-LUI should not be
considered a static or categorical variable, but rather a continuous, multidimensional and
dynamic process arising from the spatial and temporal variation of urban characteristics.
Using RS data makes U-LUI physically observable, scalable and comparable across differ-
ent spatial and temporal scales. This establishes U-LUI as a vital analytical tool for under-
standing urban transformation, connecting urban research, planning, governance and
monitoring programmes.

This review’s central contribution lies in developing an integrated, trait-based frame-
work that systematically brings together six complementary RS-based indicator families:
trait, genesis, structural, taxonomic, functional, and socio-economic indicators. This ap-
proach overcomes the limitations of classic land use and land cover concepts by deriving
urban intensity entirely from directly or indirectly observable urban traits. The trait-based
RS approach reveals inner-city heterogeneities, gradual transitions, and small-scale inten-
sity gradients, thereby more accurately reflecting the physical and functional reality of
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cities. Synthesising multispectral, hyperspectral, thermal, radar and LiDAR-based RS ap-
proaches shows that U-LUI can be analysed as both a momentary state and a process-
driven system. High-resolution, temporally dense RS time series enable the identification
of the intensification, transformation and stabilisation of urban land use paths. This cre-
ates a methodological bridge between urban morphology, functional city analyses, urban
metabolism approaches, and data-driven smart city concepts, establishing U-LUI as a re-
liable indicator of sustainable urban development.

The trait-based RS approach offers considerable advantages for spatial planning, ur-
ban development and governance. It enables multi-scale analyses ranging from individual
parcels to metropolitan areas, enhances comparability between cities and regions, and
provides a robust evidence base for evaluating critical trade-offs, such as those between
building density, land efficiency, green infrastructure, climate impact, and the operational
performance of urban systems. By explicitly linking physical, functional and socio-eco-
nomic traits, U-LUI can be directly connected to political target systems, such as SDG 11,
and to operational planning and monitoring instruments.

Beyond planning and monitoring applications, the proposed trait-based U-LUI
framework also provides a conceptual and operational basis for Smart City implementa-
tion. By integrating remotely sensed, in situ and socio-economic indicators across six com-
plementary indicator families, the framework supports urban governance through evi-
dence-based monitoring, benchmarking and policy evaluation. It can further contribute
to urban digital twins by representing spatial and temporal dynamics of urban intensity,
enable continuous indicator updates through urban dashboards, and support Al-assisted
decision-making and adaptive planning workflows. In this way, the framework strength-
ens the integration of observation, analysis and decision support and establishes U-LUI
as an interoperable and scalable information layer for transparent, data-driven and re-
sponsive urban management.

However, methodological challenges remain, including the indirect measurability of
functional and socio-economic processes, the scale dependency of individual trait indica-
tors, and uncertainties due to shading, vertical complexity, material mixing and rapid
changes in land use in dense urban areas. The growing variety of RS-based indicators
necessitates greater standardisation, harmonisation and conceptual integration, a process
that the framework developed in this review can facilitate.

Future research should focus on the following aspects in particular:

Integration of multiple data sources: systematically linking RS-based U-LUI indicators
with in situ, administrative, and socio-economic data to map the functional, social, and nor-
mative dimensions of urban intensity more robustly and evaluate them accurately.

e  Analysis of urban dynamics: Use long-term, high-frequency RS time series to inves-
tigate the genesis, transformation, and re-intensification of urban land use, and iden-
tify stable and unstable intensity regimes.

e  Vertical and three-dimensional intensity: Further development of methods for inte-
grating vertical urban structures by combining LiDAR, SAR and 3D urban models to
capture volumetric and functional intensity more effectively.

e  RS-Al-semantic workflows: Development of integrated semantic—AI-RS approaches
for transparent, reproducible and operational implementation of trait-based U-LUI
monitoring systems across different spatial scales.

e Standardisation and comparability: The establishment of harmonised indicator sets,
reference scales and validation frameworks will reduce redundancies and ensure in-
ternational comparability.

e  The normative dimension of urban intensity: An in-depth investigation into the rela-
tionships between U-LU], social justice, quality of life, vulnerability, urban resilience
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and the transferability of RS-based intensity measures to relevant policy and plan-
ning assessment processes.

Overall, the review shows that urban traits and their spatial and temporal variations
provide a robust and sustainable basis for defining and quantifying U-LUIL The RS-based
approach opens up new perspectives for the integrated, comparable and policy-relevant
monitoring of urban land use and creates a viable conceptual basis for future interdisci-
plinary research and practice-oriented applications in the context of sustainable urban de-
velopment.
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Al Artificial Intelligence

ALKIS Official Real Estate Cadastre Information System

BBSR Federal Institute for Research on Building

CLMS Copernicus Land Monitoring Service

DLR German Aerospace Center

ET Evapotranspiration

INKAR Indicators and Maps for Spatial and Urban Development
IoT Internet of Things

LST Land Surface Temperature

LUCAS Land Use/Cover Area Frame Survey

MODIS Moderate Resolution Imaging Spectroradiometer
OSM OpenStreetMap

OBIA Object-Based Image Analysis
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RS Remote Sensing
SAR Synthetic Aperture Radar

SDGs Sustainable Development Goals

UAV Unmanned Aerial Vehicle

UBA Federal Environment Agency (Germany)
U-LUI Urban Land Use Intensity

VIIRS Visible Infrared Imaging Radiometer Suite
VHR Very High Resolution

Appendix A

Table Al. Conceptual differentiation of urban land use intensity (U-LUI) from related urban con-

cepts and dimensions. The definitional classification also clarifies that U-LUI is empirically linked

to existing monitoring programmes. Section 2.3 therefore provides an overview of national, Euro-

pean and global data sources relevant to observing urban land use processes and intensities.

Temporal

RS Relation to

C t Pri F Main Indicat
oncep rimary rocus an Indicators Dimension Observability U-LUI
Urban density Structural concentration FAR, population density Low High Structural subset
Urb -
rhan mor Spatial form Building geometry, layout Low High Structural subset
phology
Land in-
artlenlslist;m Degree of utilisation  Sealing, land occupation = Medium  Medium-high Partial predecessor
Urban vitality =~ Activity dynamics NTL, mobility, POI High Medium Functional subset
. P -ori
Urban. metab Resource flows Energy, materials High Low-medium oo oriented
olism subset
Traits + is + struct
U-LUI Integrated ur‘ban use in- iilaionie;;sjrs fursmllcl’:;nu:e High High '(plus in Integrative frame-
tensity . . situ) work
socio-economics
Table A2. National (Germany), European and global monitoring programmes relevant to urban
land use intensity (U-LUI), including observation scales and intended application contexts.
Objective/Fo- Sifnilarities Differences/Spe- SPatial Resolu- Typical. Ob- Indicator Fo-
Programme/Level with Other g tion/Granular- servation cus (Concep-
cus cific Features .
Programmes ity Scales tual)
German scale
lici .
ALKIS Recording of  Standardised No P icit moni Par- Lo
e toring concept; . Structural indi-
(https://www.adv-  land use, own- classification; o func dm cel/build- cators (use
online.de/AdV-  ership, building high thematic tonal/temporal - ing/neigh- b uildin S)/
Produkte/ALKIS/) structures accuracy L. P bourhood &
indicators
Regional statis- .
tics on settle- Harmonised in- Lower spatial Structure +
INKAR (BBSR) . ) resolution com-  Municipal- City/re- )
. ment, infra- dicator system; . L. . function + so-
(https://www .inkar.de) . . pared to RS ity/district gional . .
structure, socio- partial RS use C10-economics
. products
economics
UBA land indicators
https: . It-
(https://www.umwe Monitoring of Strongly struc- .
bun- . . . . Structure: soil
soil sealing and RS-based time turally oriented; . . .
desamt.de/themen/bo- . .. Regional Regional  sealing, land
land consump- series no activity/mo- .
den-land- ton bilitv data consumption
wirtschaft/flaechenverb Y
rauch)
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Municipal urban moni-
toring systems,
e.g., Berlin Open Data Detailed moni-

(https://daten.ber-  toring of urban
lin.de), Lelpz.lg ‘Mor‘utor structure, envi- Partial use c.)f Very high spatial Neighbour- Str}lcture + .
(https://statistik.leip-  ronment, cli- RS and official ’ . . function + envi-
) ) . . . . . resolution; mu- hood/block/gri Local/city
zig.de), Munich City mate, popula- statistics; indi- ., . . . ronment + so-
. o .. nicipality-specific d ) .
Climate Monitoring tion, infrastruc- cator-based cio-economics
(https://www.muenche ture and urban
n.de/rathaus/Stadtin- processes
fos/Um-
welt/Stadtklima)
EU scale
Copernicus Land Moni-
toring Service (CLMS)
(https://land.coperni-
cus.eu), European har-  Consistent  Slow update cy- City/metro- Structure: use
Copernicus Urban At- monised land across EU; RS- cles; limited 10-20 m Y . . T
. . politan  sealing, density
las use data based functionality
(https://land.coperni-
cus.eu/local/urban-at-
las)
LUCAS Survey . L . Sample-based; . Local/Euro-  Structure +
(https://ec.eu- Uniform in situ Foundation for Point observa-
. 1 low temporal . pean refer- land use/man-
ropa.eu/euro- data collection RS validation i tions
resolution ence agement
stat/web/lucas)
European Settlement
Map/EHSL
(https://ghsl.jrc.ec.eu- Standardised Focus primarily
ropa.eu/esm2020.php) RS-based; har- on development; Re- o
development . . ) . Structural indi-
European Human Set- ., . monised across limited func- 10-100m  gional/conti-
and density in- . . cators
tlement Layer dicators Europe tional infor- nental
(EHSL/GHSL) mation
(https://ghsl.jrc.ec.eu-
ropa.eu)
EUROSTAT Urban Au- .
dit Comparison of
socio-economic Complements No fine-grained . City/re-  Function + so-
(https://ec.eu- L. . . City level . . .
indicators be- structural data  spatial detail gional  cio-economics
ropa.eu/euro- o
. tween cities
stat/web/cities)
Global scales
Global Human Settle- Globally har- Structure: ur-
. . Moderate resolu- Re-
ment Layer (GHSL) monised urban-Uniform RS da- ", . ban extent,
. e tion; structural 38-100m  gional/globa .
(https://ghsljrc.ec.eu- isation indica- tabase onl 1 density, urban-
ropa.eu) tors y isation
Copernicus Thermal
Trace
(Copermcué Climate ~ Monitoring RS—ba.sed; hér— Urban intensity Re- Function + en-
Change Service—Ther- heat and cold = monised cli- only indirectly Regional/global gional/globa vironment/cli-
mal Trace) stress and ther- mate observa- Y y Ree & & &
represented 1 mate

(https://climate.coperni- mal extremes
cus.eu/thermal-trace-
decades-heat-and-cold-

tions
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stress-data-your-finger-

tips)
Global Urban Footprint
Global i- Structure:
(GUEF) ,O @ mor.u Very high spa- No functional City/re- . n_lc ure
toring of build- . ) 12m ) buildings, set-
(https://www.dlr.de/gu . tial resolution content gional ]
f ing structures tlement density
MODIS/VIIRS Urban
P Ti ies;
rOdL.ICtS Global func- 1Me series; Lower spatial Re- Function: activ-
(https://modis.gsfc.nasa . . .. proxy for en- L . .
tional intensity . resolution; indi- 375 m-1km gional/globa ity, energy,
.gov, https://earthobser- ~~, . ergy and activ- .
indicators . rect indicators 1 temperature
vatory.nasa.gov/fea- ity
tures/NightLights)
UN-Habitat SDG 11
Framework
(https://data.unhabi-
tat.org/search?tags=sdg Monitoring
%252011, sustainable ur- Globally har- Less structural . ., Global com- Function + so-
; . National/city . ) .
https://www.un.org/sus ban develop- monised detail parison  cio-economics
tainabledevelop- ment
ment/cit-
ies/?utm_source=chatg
pt.com)
World Bank Urban In- Socio-economic Socio-econom
dicators . Globally com- No structural in- . ., Global com-, .
and infrastruc- . National/city . ics + infrastruc-
(https://data.worldbank 1 parable formation parison
. tural indicators ture
.org/indicator)
Note: Spatial resolution does not imply equivalent analytical capability for U-LUI assessment. Pro-
grammes with different resolutions support different observation scales and complementary di-
mensions of U-LUI rather than representing interchangeable monitoring approaches.
Table A3. Monitoring datasets and programmes relevant for urban land use intensity (U-LUI)
across German, European and global scales.
Spatial Resolution/Cov-
Organisa- Programme/In- . . Data Source/Sen- P2 es.o ution/ 'ov Update/Time
. e s Key Indicators/Metrics erage (Typical Applica-
tion/Level itiative sors . Interval
tion Scales)
German scale
<Im
ALKIS Type of. use, l.an.d use, own- Official cadastral paﬁce%—based‘ (parcel- Continuous
ership, building types data building-neighbour-
hood scales)
1 ity, 1 tatistical +R icipal T
INKAR (BBSR) Settlement .densffy, and use, Statistica data. S M.umapa} to NUTS 3 Annually
soil sealing (DLR, Copernicus) (city-regional scales)
D f sealing, land
UBA land indi- 0 ¢ o SCAHNE NS (5p 00 Atlas, AT- 10-20 m
dynamics, proportion of . . 3-5 years
cators KIS (city-regional scales)
green space
Foot-
I_‘Irban oot Building volume, density, ~TanDEM-X, Ter- 12m Mission-de-
print Processor .1 a1 .
(UFP) structural indicators raSAR-X (building—city scales) pendent
EU scale
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Copernicus ..
Land Monitor- Building density, land use, Sentinel-1/2, HRL 10._20 m, 700+ C,l ties
i . _ . . (city—metropolitan 3-6 years
ing Service sealing imperviousness scales)
(CLMS)
LUCAS Land cover, land use, man- In situ + RS valida- Sample, 2 km grid

(local-European refer- Every 3 years

agement tion
ence scales)

E - 10—
uropean Set Settlement area, building Sentinel-1/2, Land- . 0-30 m
tlement Map . (regional-continental Annually
density sat-8
(ESM) scales)
EUROSTAT  Energy, population, infra- National statistical ~ City/municipality =~ Annual-multi-
Urban Audit structure density; mobility  offices, geodata  (city—regional scales) annual
Global scale
1975, 1990
lobal H Land tructu la- ’ ’
Global Human Land use structure, popula- y . 4ot Sentinel,  30-100 m global 2000, 2015,
Settlement —tion density, urbanisation modellin (regional-global scales) 2025 (pro
Layer (GHSL) rate 8 glonag P
jected)
Global Urb
Foogrne PSS ppevisar - PRI M
MODIS/VIIRS Nichttime lichts. surface MODIS 375 m-1 km
Urban Products temg erature %er;m extent Terra/Aqua; VIIRS- (regional-global scales; Daily/monthly
(NASA) p ’ DNB functional monitoring)
N-Habitat it i 1
Sg G1 1aMloér111 Land consumption rate, National statistics + (cit C;o}égf fcl)(r);laarison 5 vears
. public space share, LUE RS (GHSL) Y8 P y
toring scales)
World Bank National/regional
Urban Devel- Infrastructure and energy Statistics + OSM + . &
. . . (regional-global com- Annual
opment Indica- intensity, transport RS .
parison scales)
tors
WURB' (UN-  Urban expansion index, Landsat, Sentinel-2 ' 10-30 m Annually
Habitat) land use change (regional-global scale)
NASA SEDAC Population per grid cell, set- 250 m-1 km
Landsat
GHS-POP tlement structure andsat, Census (regional-global scales) 5 years
OECD/FAO Urbanisation, infrastructure Administrative and National/subnational .
. . . . . Multi-year
Programmes intensity, land use efficiency RS data (regional policy scales)
Note: Spatial resolution and spatial coverage influence the types of U-LUI indicators that can be
derived and the scales at which they can be meaningfully interpreted. High-resolution datasets pri-
marily support local structural and morphological assessments, whereas medium- and coarse-res-
olution products are better suited to regional to global analyses of functional, temporal and com-
parative urban intensity patterns. Therefore, datasets should be regarded as complementary rather
than directly comparable monitoring approaches.
Table A4. High-spatial-resolution satellite missions, including the sensor/type, spatial resolution,
spectral bands/type, availability, launch date and mission.
Satellite/Mis- Spatial Reso- Spectral
ae e/Mis Sensor/Type pata eso pecta Availability Start Date Mission
sion lution  Bands/Sensor Type
. Visible (PAN + 0.31 m (PAN), Panchromatic .
WorldView- 1 2014
orldView3\1S+SWIR)  1.24'm (MS) Multispectral SWIR O erela 0 Maxar
0.46 m (PAN Panch ti
WorldView-2 Optically m ( ) ancromanc Commercial 2009 Maxar

1.84 m (MS) Multispectral
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. 0.41 m (PAN), Panchromatic .
GeoEye-1 Optically 1.65 m (MS) Multispectral Commercial 2008 Maxar
. ) 0.3 m (PAN), Panchromatic ) .
Pl 11 1 2021 A
eiades Neo Optically 1.2 m (MS) Multispectral Commercia 021+ irbus
. . 0.5 m (PAN), Panchromatic ) .
Pleiades 1A/1B Optically 2.0 m (MS) Multispectral Commercial 2011/2012 Airbus
Optically + 0208 m
SkySat PUCAEY ™ (PAN), 1-2m RGB, NIR, Video ~ Commercial 2013+ Planet
Video
(MS)
BJ-3B (Super- . 0.3 m (PAN), Panchromatic . .
View-2) Optically 12 m (MS) Multispectral Commercial 2022 21AT (China)
RADAR (X- 0.3-0.5m . Capella Space
11 AR 1 201
Capella Space Band SAR) (Spotlight) S Commercia 018+ (USA)
RADAR (X- . .
ICEYE Band SAR) 0.25-1m SAR Commercial 2018+ ICEYE (Finnland)
RADAR (X- bis 1 m (Spot- Commercial/Sci- .
TerraSARX " Band SAR)  light-Modus) SAR entifically free 2007 DLR/Airbus
PAZ RADAR (SAR) Im SAR (X-Band) Commercial 2018 Hisdesat (Spain)
Sentinel-1A/B RADAR (C- 10 m SAR Freely available  2014/2016 ESA/Copernicu
Band SAR) yav P °
Obtically + RGB, Multispectral,
Drone/UAV prically <0.1m Hyperspectral, Li- Own operation User-based
Multispectral
DAR
Orthophotos (DOP) Comm‘e.raal/Au— Federal states,
. . thorities and Federal Agency
Aerial photos Optically 0.20cm  True Orthophotos, e
partly scientific for Cartography
RGB, CIR
free and Geodesy

Table A5. Examples of indicators for monitoring urban land use intensity (U-LUI), remote sensing
(RS) sensors and categorisation of RS detectability, along with references.

Indicator/Indicator Group U-LUI-Relevance

RS/Satellites/Sensors References
Trait Indicators of U-LUI
Characterisation of the physi-
Spectranometric approach cal and material intensity of Hyperspectral data [46]
urban surfaces and vegetation
.. . Spectral heterogeneity asa  Sentinel-2 1, Pléiades-1 Data !,
Spectral Vamét? Hypothesis (SVH) pr(r))xy for ecologigcal dixyzersity UAV (MSP, RGB) %, Field spec-  [283-285]
indicators and intensity of use troscopy *
Spatlsr-lfﬁ;(:tl;:iizzt:\zl (tsr;gz)(STs) Continuous intensity gradient RapidEye ! [27,28]
Spectral material and surface traits (sur-
face materials such as asphalt/bitumen, PRISMA (HSP) 1, IRS-1C 1, IKO-
concrete, brick (e.g., terracotta), metals Material mix, ageing and frag-NOS 1, QuickBird !, WorldView [49,72—

and glass/solar surfaces); solar photo-
voltaic module detection; material gra-
dient

mentation 1, EnMAP 1, PRISMA ', HyMap 74,169,286,287]

2, HySpex 2, CASI 2

Spectral complexity as a
measure of urban structure
and intensity of use
Different urban vegetation indices (e.g., Vegetation vitality, green .

MODIS !, Landsat ! tinel-2
NDVI, NDWI, ARI, Red-Edge, MCARI, share and intensity of ecologi- 1OP1 > R s‘?;‘énel
MSI, PRI512, and WBI) ,aneiope , Rapicye

Urban Spectral Information Entropy

MODIS 1}, Landsat !, Sentinel-
(USIE), entropy, Shannon entropy

1/21, HSP 2 [153,288-293]
[21,51-

. 56,62,294]
cal regulation

https://doi.org/10.3390/smartcities9070107



Smart Cities 2026, 9, 107 54 of 79

Landsat !, Sentinel-1/2 1, CRIME

1

7

Chlorophyll-a/b content, leaf chloro-

EnMAP 1, airborne hyperspec-
hyll L hl hyll con-
phyll content (LCC), chlorophyll con Photosynthetic activity and tral CASI 2, airborne visible/in-
tent (Cab), canopy chlorophyll content

(CCCQ), carotenoids, anthocyanins, an- intensity of :iiggiysical veEe (igflg;ﬁaii?fosrizcgoﬁ?ez 1257510
thocyanin reflectance index (ARI), ca- ! yvap

AV-(HSP,MSP) 3, handhel
rotenoid reflectance index (CRI) p[irtabie Eyé)erssp)ec,tra?rljmeefa

(Specim 1Q) ASD *
Sentinel-3 1, GOSIF data !, AS-

Solar-induced chlorophyll fluorescence Functional primary produc- SpecFOM (ground-based) 3, [317-322]

(SIF), photosynthesis activity tion and metabolic intensity FluoSpec2 system 5
Plant/leaf water content, water stress, Vegetation stress as an indica- Landsat !, Sentinel-2 1,
drought response, vitality, urban tree tor of the intensity of anthro- WorldView !, AVIRIS 2, UAV- [51-53,323,324]
stress and health, soil health indicators ~ pogenic use and sealing (HSP, TIR) 3

Genesis indicators of U-LUI
Temporal dynamics of urban develop- Reconstruction of urbanisa-

ment, global human settlement layer tion paths and intensity veloc- Landsat !, Sentinel-2 [3,82]
(GHLS), global urban footprint (GUF) ity
Urbanisation rates, growth velocity ~ Velocity as an intensity driver Landsat !, Sentinel-1/2 [3]
Morphological persistence of historical =~ Long-term intensity for Sentinel-1/2", historische Luft-
’ gurbal:r)’n structures ° mation ! bilder % [86-88,323]
LiDAR 2
Hidden/underground urban structures, InSAR !, CASI 2, LiDAR 2, aerial
archaeological relics, historical founda- Historical constraints on cur- photography 2, LiDAR 2, UAV
. . . . . . [90-95,325,326]
tion structures, underground technical rent intensity (LiDAR) 3, ground-penetrating
infrastructures radar (GPR) 5,
Transformation & re-intensification = Redensification, brownfield Landsat !, Sentinel-2 !, ECOS-
T [31,97,98]
processes revitalisation TRESS!
litative i in i - inel-1/2 !, multi IR
Brownfield revitalisation Qua 1. ative 1ncreasc.e in inten- Sentinel-1/2 !, multitemporal RS [100,327]
sity without expansion of area 1
I in functional inten-
Reurbanisation and inner development nerease i lsllrtl; fonat mren Multitemporal RS ! [101,102]
Event-driven intensity jumps Short-term genesis impulses Landsat !, Sentinel 1/2 1 [328]
Landsat !, DMSP/OLS),
Governance andeJ:Cg;;ne-related influ- Institu‘cionacl1 Zigiping of urban nigilrztirs:e stable liéht d;ta [103-105]
ty (NTL) !
Long-t isational pat-
Ownership and parcelling systems ongterm Oigj;:sa ronatpa Landsat ! [107,108]
Environment- and risk-driven transfor-
mation processes, damage patterns, re- . .
Multit IRS tisch +
construction processes, functional reor- Risk-related shift in intensity witempota (optisc [109-112]

TIR + SAR) !
ganisation of urban structures after ex- )

treme events, catastrophic events
Long-term climate adaptation path-
ways, flood events, urban floodplains, Climate-related shift in inten- MODIS !, Landsat !, Sentinel-
heat extremes, urban heat islands, sity 1/21
earthquakes, storms
Structural indicators of U-LUI

[63,110-115]

Urban composition & configuration, 3,16,88,89,103,
Pos g4 Spatial organisation and dis- Landsat !, Sentinel-1/2 1, [ ’
landscape metrics, urban metrics, frac- ., . . . . 104,116—
. . tribution of urban intensity, WorldView 1, air photograph 2,
tal dimension, percent of landscape, y . 118,188,329—
. . ) describing the permeability UAV3
patch density, patch size, edge density, 337]
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contagion index, shape size, connectiv- and accessibility of urban
ity and aggregation measures, diversity spaces
indicators, settlement patterns, com-
plexity and compactness, building den-
sity, road density, intersection density,
network connectivity, city patterns
global urban extent
Pl ies h isati -diver- DIS Y, L 1 inel-2
ant speFles omogerjusa'ltlo.n, [B-diver Urbanisation/intensification MODIS 1, andsat_ , Sentine [284,338-344]
sity, spectral similarity 1, WorldView !
Urban sprawl v]::::}frszelt‘:xﬁz: Slsogelzlrzeréselti}rll Landsat’, Sentinel 21, ) 150 5/5 44q)
an spra wianeot @ NOAA/NCEI (VIIRS-Data) ! ="~
density
Spatial intensity i
Urban growth, urban expansion patial ITENsTy MCIease  y ropis 1, Landsat !, Sentinel-2 1 [350-354]
through area growth

Spectral heterogeneity, Rao’s Q diver-

sity index, plant species richness, spa- Multidimensional structure MODIS !, Landsat !, Sentinel-2 * [27,28,336,355—
tio-temporal variability, spatial-spectral =~ and diversity intensity Rapid-Eye !, UAV (RGB) ? 357]
heterogeneity
Landsat !, Sentinel-1/2 1,
Roughness as a proxy for WorldView !, TanDEM-X1,

Surface roughness structural densification SAR', LiDAR?,

[24,124,138,358]
digital photograph 2
Structural densification, or- Sentinel-1/2 | WorldView |

rban morphol block, street and  ganisation & accessibility of 1 124,129-
Urban morphology, block, ganisation & accessibility of 5, . 4001 SAR1 LiDAR? digi- [ 056124
infrastructure morphology urban intensity, infrastructure 132,147,359]
. tal photograph 2
dominance

3D morphology parameters, 3D build-
ing height, 3D building metrics, 3D Sentinel-1/2 1, SAR !, TanDEM- [3294'5172'111?; 133559'1
building morphology, building volume tural intensity tvoes X1, GEDI-LiDAR !, LiDAR2 7/ 3' 61] ’
density (BVD) yp

3D tation height, tical ta- . . .
Vegetation Elght, VErteal VEEEIA™  yertical ecological structural ~Gaofen-7 !, TanDEM-X1, Li-
tion structure, plant height (trees,

. . ) j !
shrubs) Intensity DAR 2, UAV-(RGB, MSP)

Vertical intensity, geometric
intensity dimension, struc-

[362-367]

Overall morphological inten-
3D city model sity representation (horizontal
+ vertical)
World settlement footprint 3D (WSF  Global vertical settlement in-

SRTM 1, TerraSAR-X 1, Tan-

DEM-X 1, ICESat-2 1, LiDAR 2 [140-142,368]

) TanDEM-X 1, Sentinel 1/2 ! [148,369]
3D) tensity
Global urban footprint (GUF) Global building intensity TerraSAR-X 1, TanDEM-X ! [37]
Global settlement density and Landsat !, Sentinel-2 !, DMSP-
Global human settlement layer (GHSL) intensity distributior}i OLS! VIIRS ! [80,81]
Taxonomic indicators of U-LUI
Intensity types (e.g., high- Landsat !, Sentinel-1/2 1,
Urban land use/cover classification, ur- density, extensive), compara- WorldView 1, [8,123,152-157]
ban LULC, urban land use classificationble intensity patterns between PlanetScope !, HySpex 2, LIDAR "~

cities 2, UAV 3
Globally standardised typol-
ogy of urban structure and MODIS !, Landsat !, Sentinel-

surface types (built + land 1/21, SRTM 1, ASTER 1,
Local climate zones (LCZs) cover classes); combination of PRISMA 1, ECOSTRESS !, Tan- [158-166]
density, height, sealing, and DEM-X1, GEDI LiDAR ?, Li-
thermal behaviour; clear in- DAR 2
tensity archetypes

https://doi.org/10.3390/smartcities9070107



Smart Cities 2026, 9, 107 56 of 79

European typology based on

morphology and sealing, in-

tensity organisation of build-
ing forms

Morphologically based urban

structure types (block pat-

Urban structure types (USTs) terns, building forms), struc-

tural intensity (horizontal +
vertical)

GHSL settlement model,
global settlement typology
(urban centre, dense urban

cluster, suburban, etc.), den-
sity and intensity gradients

Urban morphological zones (UMZs) Landsat !, Spot !, IRS ! [171-175]

Landsat !, HyMAP 2, orthopho-

te LIDAR 2 [117,167-170]

Global human settlement layer (GHSL) Landsat !, Sentinel-1/2 ! [80,81,176,177]

globally comparable
GUF-based morphological
typing, high-resolution global Landsat !, Sentinel-2 !, Ter-

Global urban footprint (GUF 7,147,17
obal urban footprint (GUF) built-up typology, morpho- raSAR-X 1, TanDEM-X ! [37,147,178]
logical intensity classes
3D urban morphotypes;
e building type landscapes . .
h lassif D 1-1/21 -X1, Li-
Urban morphotype classification/3 based on height, volume, and Sentinel-1/2 1, TanDEM-X1, Li [87,179,180]
morphotypes L. DAR 2
compactness; vertical inten-
sity archetypes
Urban archetypes,
e  Urban archetype taxonomy Machine-derived global city
e  Morphological archetypes types (morphology + density Sentinel 1/2 !, TanDEM-X1, Li-
. . i . [181-185]
e  Functional archetypes (mobility)  + growth), multidimensional DAR 2
¢  Sustainability archetypes intensity clusters
e  Urban form archetypes (3D/form)
Functional-spatial typing (res-
idential, commercial, mixed, Sentinel-2 1, DMSP-OLS 1,
Urban functional zones (UFZs) etc.) based on multimodal =~ SNPP-VIIRS !, VHR-Google- [186-191]
data, functional intensity pat- Earth!
terns
Periodic, amplitude-related
and phase-shifted activity .
L 1 1-2 1, VIIRS-
Temporal urban typology pf;ltterns 'in high-fre'quency ancll\ST?Lrl,SIi?;;IiSCol;Zl 5 [101,370,371]
time-series dynamic func-
tional intensity
L 1, GF-5/61, W i
Urban vegetation classification, urban andsa‘f » GF-5/6 " orldView
. e . . . L. 1 Pleiades !, Sentinel-1/2 1,
tree species classification, urban forest, Ecological differentiation of . [324,336,372-
cpe o . . PRISMA 1, RapidEye !, Plan-
tree classification, hedgerow classifica- urban intensity spaces 384]

etScope !, LiDAR 2, Orthophoto
2, UAV (MSP, HSP) 3

Urban soil classification, soil organic Pedological functional inten- PRISMA 1, Sentinel-2 !, HySpex

matter (SOM), soil-landform classifica- sity and land use characteris- 2 LiDAR 2, Field/laboratory [385-390]

tion, invasive plant species

tion tics spectroscopy *
Classification—unsealed soils vs. Deoree of structural sealin Landsat !, Sentinel-1/2 1, Pol-
sealed, urban impervious surfaces & . . & SAR?, Gaofen-51, ALOS-21, [286,391-398]
intensity
(UISs) HyMap 2

Functional indicators of U-LUI
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MODIS !, Landsat !, ECOS-
Land surface temperature (LST) Energy & usage intensity TRESS 1, Sentinel-3 !, UAV
(TIR) 3

[56-58,61-
66,399,400]

Urban heat island (UHI), surface urban

. o1 ) ) . .
heat island intensity (SUHIT), thermal High building & usage den- MODIS !, Landsat !, Sentinel-2

[58,62,64,98,165

1 1 1 1
comfort climatic stress indicators, urban . sity s PRISMA I, ECOSTRESS !, ,401-404]
Intensity of urban usage SDGSAT-1/TIS*
heat stress, urban cold stress
MODIS 1, Landsat !, Sentinel-2
Surface energy balance (SEB), anthro- Energy intensity of anthropo- 1, GF-21, SDGSAT-1 NTL, [345,405-410]
pogenic heat flux (QF), heat flux genic usage VIIRS-HD nighttime lights 1, ’
DMSP/OLS !
Surface sealing, impervious surface Landsat !, Sentinel-1/2 1,

area (ISA) degree of sealing, sealing PRISMA 1, WorldView !, Geo-

Structural intensity Eye 1, TerraSAR-X !, HySpex 2

density, normalised difference built-up [5,69-72,78411]

index (NDBI), urban index (UI) CASI 2 LiDAR 2
. . . L . —
Evapotranspiration Cooling capac1t¥, functional MODIS !, Landsat !, Sentinel-2 [201,412-415]
regulation 1, Ecostress !
Infiltration & surface runoff, urban plu- . . .
vial flooding, urban flood susceptibility Hydrologlcalsf;nctlonal inten- Landsat !, Sentinel-1/2 1, Aster ! [206'223]’416_
mapping flood hazards Y
i . ) A I
Carbon flows (CO: emissions) Emissions-intensive usage ar- OCO-3 1, TROPOMI/Sentinel [421-424]

eas 5P 1, VIIRS-NTL !
TROPOMI/Sentinel-5P) !, Pan-
NO:2 emissions (air pollutants) Traffic & industrial intensity dora and MAX-DOAS instru- [425-428]
ment !
MODIS 1, Landsat !, Sentinel-2

Carbon uptake, urban biogenic CO2  Biogenic regulation and com- | 0CO-2!, GOME-2 1, LiDAR 2, [429-436]

fluxes, urban GPP/biogenic CO: uptake pensation intensity UAV (MSP)
Monitoring, assessmen.t of urban eco- Compensatory functional per- Landsat !, Se'ntinel—2 1, APEX?2, [227,437-444]
system services formance LiDAR 2
. .. DMSP-OLS 1, VIIRS Day/Night
P f d activit 38,68,101,231,4
Nighttime lights roxy ot ?Ete;rr%zitan VY Band (DNB) !, DGSAT-11, [ 45,446]
y EnMAP ! '
. N ) ) .
Urban vitality Funkt1onale'3 Ak.t1V1tat.s nund VIIRS DNB 1, Landsat !, Senti [16,447—449]
Interaktionsintensitat nel-21

CSR plant strategy types, plant func-
tional groups (PFGs), Ellenberg indica-
tor species

Sentinel-2 !, HyMap !, AVIRIS 2,
APEX 2, hyperspectral/ MESMA [380,450-455]
2, LiDAR?

Functional activity and inter-
action intensity

Functional ecological adapta- Landsat !, Sentinel-2 !, Pléiades-

Urban blodlversny, vegetation diver- tion 1r.1tens1ty, ec?o.logma.ll com- | UAV (MSP, RGB) >, field [122,267,284,28
sity plexity and resilience inten- 5,336,456—459]
. spectroscopy *
sity
Human health
e  Urban green space
e Heat, land surface temperature Health-related d MODIS |, Landsat !,
-1 r
(LST) cattirreiated exposure At y1IRS/DMSP-OLS nighttime  [38,460-464]
. stress intensity .

e  Urban heat island lights

e  Air pollution (PM2.5)
e  Nighttime lights (NTLs)

Socio-economic indicators of U-LUI
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Spatial distribution and socio-
economic activity intensity:
economic activity, frequency VIIRS Day/Night Band (DNB) 1

"[16,17,38,68,231
Socio-economic activity intensity of use, intensity per area, DMSP-OLS !, Pléiades *, World—[ 465-467]
functional diversity, move- View ! ’
ment intensity, energy con-
sumption
DIS 1, VIIRS D igh
Economic utilisation intensity Economic intensity MODIS !, VIIRS Day/Night [237,468-471]

Band (DNB) !, DMSP-OLS !

MODIS 1, Landsat !, VIIRS

Population density Demographic intensity ~ VIIRS nighttime lights (DNB) ', [176,472—475]
Sentinel-1/2 1

Economic & functional acces- Landsat 1, Sentinel-2 1, InNSAR 1,

Infrastructure intensity sibility WorldView ! Pleiades ! [476—479]
R 1 1 -
Social utilisation patterns Patterns of use of urban  GOES-R 1, ECOSTRESS , Land [16,38,39,480]
spaces sat 1, Sentinel-2 !
VIIRS Day/Night Band (DNB)
Inequality & segregation Spatial disparities 1, DMSP-OLS 1, VIIRS-DNB 1, [481-485]

MODIS !, Landsat !, Sentinel-2 !
Social intensity gradients and

Socio-economic polarisation . . .
functional disparity

Spot !, Sentinel-1/2 1, VIIRS'  [483,486—488]
Landsat !, Sentinel-1/2 !, LIDAR

2
DMSP-OLS nighttime lights 1,
VIIRS 1, Luces Satellites !

Dynamics & crisis response Resilience & shock reactions [489-492]

Value creation proxies Economic concentration [493-495]

The sensor is used on the RS platform: ' —spaceborne RS platform, 2—airborne RS platform, 3—UAYV,
4—field/laboratory spectroscopy, °—ground-based, HSP—hyperspectral, MSP—multispectral,
RGB—red, green and blue.
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