
 
 

 

 
Environments 2026, 13, 536 https://doi.org/10.3390/environments13100536 

Review 

A Trait-Based Framework for Monitoring Forest Land Use  
Intensity with Remote Sensing: A Conceptual Review 
Angela Lausch 1,2,3,*, Erik Borg 4,5, Xinyu Dong 1,3, András Jung 6, Marion Pause 2, Peter Selsam 7,8, Tao Zhou 9 and 
Jan Bumberger 7,8,10 

1 Department of Computational Landscape Ecology, Helmholtz Centre for Environmental Research—UFZ, 
Permoserstr. 15, D-04318 Leipzig, Germany; xinyu.dong@ufz.de 

2 Department of Architecture, Facility Management and Geoinformation, Institute for Geo-Information and 
Land Surveying, Anhalt University of Applied Sciences, Seminarplatz 2a, D-06846 Dessau, Germany;  
marion.pause@hs-anhalt.de 

3 Landscape Ecology Lab, Geography Department, Humboldt University of Berlin, Unter den Linden 6,  
D-10099 Berlin, Germany 

4 National Ground Segment, German Remote Sensing Data Center, German Aerospace Center (DLR),  
D-17235 Neustrelitz, Germany; erik.borg@dlr.de 

5 Department of Landscape Sciences and Geomatics, Neubrandenburg University of Applied Sciences, 
Brodaer Str. 2, D-17033 Neubrandenburg, Germany 

6 Institute of Cartography and Geoinformatics, Faculty of Informatics, Eötvös Loránd University, Pázmány 
Péter Sétány 1/A, H-1117 Budapest, Hungary; jung@inf.elte.hu 

7 Department of Monitoring and Exploration Technologies, Helmholtz Centre for Environmental  
Research—UFZ, Permoserstr. 15, D-04318 Leipzig, Germany; peter.selsam@ufz.de (P.S.);  
jan.bumberger@ufz.de (J.B.) 

8 Research Data Management—RDM, Helmholtz Centre for Environmental Research GmbH—UFZ,  
Permoserstr. 15, D-04318 Leipzig, Germany 

9 School of Resources and Environmental Engineering, Ludong University, Middle Hongqi Road 186,  
Yantai 264025, China; tao.zhou@ldu.edu.cn 

10 German Centre for Integrative Biodiversity Research (iDiv) Halle-Jena-Leipzig, Puschstraße 4,  
D-04103 Leipzig, Germany 

* Correspondence: angela.lausch@ufz.de; Tel.: +49-341-6025-1961; Fax: +49-341-235-1939 

Abstract 

Forest Land Use Intensity (F-LUI) is a multidimensional and dynamic property of forest 
ecosystems that cannot be directly observed by Remote Sensing (RS). Existing approaches 
commonly quantify individual management activities, forest attributes or ecological 
responses and therefore capture only specific dimensions of forest-use intensity. This 
concept-driven narrative review proposes a trait-based conceptual framework in which 
forest traits constitute the common observational interface linking anthropogenic forest 
use, ecosystem responses and RS observations. Based on this principle forest traits and 
their spatial, temporal and functional expressions are interpreted within six 
complementary F-LUI indicator families: Trait, Genesis, Structure, Taxonomy, Function 
and Socio-economics. Rather than defining a universal F-LUI index, the framework 
provides a multidimensional, sensor-independent architecture for integrating RS with in 
situ observations, forest inventories, management information and environmental data. 
Emerging approaches including Artificial Intelligence (AI) and Foundation Models, 
multi-sensor data fusion, semantic technologies, Knowledge Graphs and Digital Twins 
may support its operationalisation. Key challenges remain in standardisation, uncertainty 
quantification, attribution of management effects and transferability across forest types, 
management regimes and spatial and temporal scales. The proposed framework provides 
an open and extensible basis for harmonised, reproducible and operational trait-based 
monitoring of F-LUI. 
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1. Introduction 
Forests cover approximately one-third of the terrestrial land surface and are among 

the most important ecosystems on Earth [1]. They regulate global carbon, water and 
energy cycles, support biodiversity, and provide renewable resources and numerous 
other ecosystem services (Millennium Ecosystem Assessment, 2005; [2]). At the same time, 
forest ecosystems are increasingly affected by climate change, extreme weather events and 
biotic disturbances, while demands for timber production, biodiversity conservation and 
the bioeconomy continue to grow. Their role as a terrestrial carbon sink is becoming 
increasingly important for climate-change mitigation, yet this function is itself threatened 
by intensifying climatic extremes and disturbances [3]. Against this background, 
sustainable forest management and standardised forest monitoring are gaining 
importance, as reflected in the Paris Agreement, the Kunming–Montreal Global 
Biodiversity Framework, the European Green Deal and the EU Forest Strategy for 2030. 
These challenges require approaches capable of consistently assessing the intensity, 
spatial distribution and ecological consequences of anthropogenic forest use across scales. 

Assessing anthropogenic influences on forest ecosystems therefore requires more 
than quantifying forest area, biomass or growing stock. It is necessary to consider the 
intensity, spatial distribution and temporal dynamics of forest use together with the 
resulting changes in forest structure, biodiversity and ecosystem functioning. The concept 
of Land Use Intensity (LUI) provides a theoretical basis for such an assessment. Erb et al. 
[4] conceptualised LUI through the interaction of inputs, outputs and resulting system-
level impacts, while Kuemmerle et al. [5] emphasised the spatial and temporal dynamics 
of land-use systems and the interactions among anthropogenic interventions, 
environmental conditions and ecological feedbacks. Together, these concepts provide a 
basis for analysing anthropogenic land-use systems and their application to forests. From 
a Remote Sensing (RS) perspective, however, these impacts are not directly observable but 
must be inferred from changes in measurable ecosystem properties. 

Building on this conceptual foundation, Forest Land Use Intensity (F-LUI) has 
emerged as an approach for characterising the intensity of anthropogenic forest use and 
its ecological consequences. Despite its increasing scientific relevance, neither a generally 
accepted definition nor a harmonised conceptual framework has yet been established. In 
forest science, anthropogenic use is commonly described through Forest Management 
Intensity (FMI) [6]. The Silvicultural Management Intensity (SMI) index subsequently 
provided a quantitative measure of silvicultural intensity based on stand and 
management characteristics [7]. In contrast, state- and impact-based approaches assess 
changes in forest structure, biodiversity and ecosystem functioning [8,9]. Although both 
perspectives provide important insights into anthropogenic forest use, neither alone fully 
captures the relationships among management interventions, forest condition and 
ecological processes. 

In parallel, RS has fundamentally transformed forest monitoring by enabling 
spatially continuous and temporally repeated observations from individual trees to the 
global scale. Applications include the assessment of forest structure, vegetation cover, 
biomass, biochemical vegetation properties, biodiversity, soil characteristics, and natural 
and anthropogenic disturbances [10]. Multi-temporal Landsat and Sentinel time series 
further enable the detection of forest disturbance and degradation [11], while advances in 
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multispectral, hyperspectral, thermal, Light Detection and Ranging (LiDAR) and SAR 
observations, together with missions such as GEDI, have substantially expanded 
opportunities for cross-scale forest monitoring [12]. However, RS does not observe forest 
management itself; it primarily captures its effects on observable ecosystem properties. 
The key challenge is therefore not simply to develop additional RS indicators, but to place 
these observations within a coherent conceptual framework for quantifying F-LUI. 

From this perspective, forest traits provide a key conceptual interface between forest 
management, forest ecosystems and RS. They comprise observable morphological, 
structural, biochemical, physiological and phenological properties that respond to both 
environmental conditions and anthropogenic use. Management interventions can 
therefore become observable through changes in these traits. Trait-based approaches are 
well established in functional ecology and increasingly in RS because they link ecological 
processes to measurable ecosystem properties and allow observations from different 
sensor systems to be integrated within a common conceptual framework [13–15]. Forest 
traits can thus provide a common observational layer through which heterogeneous RS, 
in-situ, inventory and management information can be interpreted in relation to F-LUI. 

Against this background, this conceptual review develops a trait-based framework 
for monitoring F-LUI using RS. We synthesise existing definitions and conceptual 
approaches, monitoring programmes, and in-situ and RS-based observation methods, and 
evaluate their potential and limitations for quantifying F-LUI. Building on this synthesis, 
forest traits are positioned as the central interface linking forest management, ecosystem 
responses and RS observations, and six complementary F-LUI indicator families—Trait, 
Genesis, Structure, Taxonomy, Function and Socio-economics—are integrated within a 
multidimensional framework. We further assess the potential of AI and Foundation 
Models, Multi-sensor Data Fusion, Semantic Web and Knowledge Graphs, and Digital 
Twins to support its future operationalisation. Rather than proposing a universal single 
F-LUI index, this conceptual review aims to establish an open, sensor- and scale-
independent architecture for harmonised, reproducible and ultimately operational F-LUI 
monitoring. 

The approach used to identify and synthesise the literature and to develop the six 
indicator families is described in Section 2. 

2. Review Approach and Framework Development 
The present study was conducted as a concept-driven narrative review rather than a 

systematic review. Its conceptual starting point was provided by established research on 
land-use intensity, forest management, forest traits and remote sensing, together with 
previous trait-based frameworks developed for monitoring agricultural and urban land-
use intensity [16–18]. Building on this foundation, relevant literature was identified 
iteratively through targeted thematic searches and the screening of reference lists from 
pertinent publications. No lower temporal limit was applied because foundational 
conceptual studies were considered essential. The search included relevant publications 
available up to 2026 and addressed Land Use Intensity, Forest Management Intensity, 
Forest Traits, monitoring programmes, in-situ observations, remote-sensing methods and 
emerging forest-monitoring technologies. 

Publications were selected according to their conceptual relevance to F-LUI, their 
contribution to the definition or observation of forest traits and management effects, their 
representation of major observation methods and sensor systems, and their potential to 
support the development or operationalisation of the proposed framework. The six F-LUI 
indicator families were not derived from a statistical classification or frequency analysis 
of the literature. Instead, they emerged from a concept-driven synthesis of the principal 
ways in which anthropogenic forest use and its ecological consequences can be observed 



Environments 2026, 13, 536 4 of 80 
 

https://doi.org/10.3390/environments13100536 

and interpreted: forest properties, temporal trajectories, spatial and three-dimensional 
organisation, biological identity and composition, ecosystem processes, and socio-
economic and management context. Representative indicators were assigned according 
to their primary interpretative role, while recognising that individual indicators may 
contribute to more than one family. 

3. Definition, Standards and Programmes for Monitoring F-LUI 
3.1. Definition of F-LUI 

The term Land Use Intensity describes the extent of anthropogenic intervention in 
land-use systems and its consequences for ecological processes, biodiversity and the 
provision of ecosystem services. Although the concept was initially developed primarily 
for agricultural production systems, it has increasingly been applied to forests. However, 
a generally accepted definition of F-LUI has yet to be established. Instead, F-LUI has been 
operationalised in different ways depending on the scientific context, including through 
management activities, forest condition and structure, or ecological responses. 

A fundamental conceptual basis was provided by Erb et al. [4], who described LUI 
as a multidimensional concept comprising inputs, outputs and system-level impacts. 
From this perspective, land-use intensity cannot be characterised adequately by 
individual management activities or production outputs alone, but emerges from the 
interactions among resources invested in land use, goods and services produced, and the 
resulting ecological changes. Kuemmerle et al. [5] further emphasised that LUI should be 
understood as a spatially and temporally dynamic property of land-use systems, shaped 
by interactions among anthropogenic interventions, environmental conditions and 
ecological feedbacks. Consequently, a comprehensive assessment of LUI requires 
consideration of both management pressure and the resulting ecosystem responses. 

Transferring this general concept to forest ecosystems leads to F-LUI. Existing 
approaches, however, emphasise different components of the management–ecosystem 
relationship. Some primarily quantify the intensity of forest management, whereas others 
assess changes in forest structure, biodiversity or ecosystem functioning. F-LUI should 
therefore not be regarded as a single management variable or universal index, but as a 
multidimensional property of forest ecosystems whose operationalisation depends on the 
dimensions and processes under consideration. This distinction is particularly important 
for RS, because management itself is generally not directly observable; rather, RS captures 
changes in forest properties resulting from the combined effects of management, 
environmental conditions and ecological processes. 

Accordingly, in this review we define F-LUI as: F-LUI is a continuous, 
multidimensional, and spatially and temporally dynamic property of forest ecosystems 
that reflects the extent and intensity of anthropogenic use, management and 
transformation, together with their effects on forest structure, composition, functioning 
and ecological processes. 

This definition deliberately integrates management pressure and ecosystem response 
rather than treating them as separate representations of land-use intensity. It serves as the 
core conceptual definition throughout this review, while Section 4 translates it into an RS-
oriented operational framework by specifying the observable forest traits and ecosystem 
responses through which F-LUI can be detected and interpreted. It therefore provides the 
conceptual basis for the trait-based framework developed in this review, in which forest 
traits serve as the common observational interface linking forest management, ecosystem 
responses and RS observations. This distinction is central to the novelty of the proposed 
framework: existing approaches quantify management intensity, individual forest 
properties or ecological responses, whereas the framework developed here integrates 
these perspectives within a common multidimensional observational architecture. 
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3.2. Existing Conceptual Approaches to Forest Land Use Intensity (F-LUI) 

Although F-LUI is increasingly understood as a multidimensional concept (Section 
3.1), different approaches have been developed for its description and quantification. 
These approaches differ in their scientific focus, the indicators employed, and the spatial 
and temporal scales considered. They share, however, the objective of characterising 
anthropogenic interventions in forest ecosystems and their ecological consequences. Their 
development reflects a conceptual transition from predominantly management-oriented 
approaches towards the assessment of ecosystem states and ecological impacts and, more 
recently, their spatially explicit observation through RS (Figure 1). The principal 
conceptual approaches and observational perspectives relevant to F-LUI—including 
management-, pressure-, state- and impact-based approaches as well as RS-based 
observation—are compared in Table A1 with respect to their primary focus, typical 
indicators, strengths and limitations. 

Management-based approaches quantify the intensity of silvicultural interventions 
and therefore represent the most direct perspective on anthropogenic forest use. Typical 
variables include harvesting and biomass removal, thinning, rotation length, tree-species 
selection, regeneration practices and other management inputs. Schall and Ammer [6] for 
example, developed the SMI indicator, which combines tree-species selection, stand age 
and living and dead aboveground woody biomass to quantify management intensity 
along silvicultural gradients. Subsequent approaches extended the operational 
assessment of forest management intensity by incorporating additional stand and 
management characteristics [7,19]. More recently, Staab et al. [20] proposed the Forest 
Management IndeX (ForMIX), integrating altered tree-species composition, tree removal, 
deadwood availability and stand maturity relative to unmanaged old-growth reference 
conditions. Management-based approaches therefore provide comparatively direct and 
interpretable measures of anthropogenic intervention, but their ability to represent the 
realised ecological consequences of management remains limited because similar 
interventions may result in different ecosystem responses depending on site conditions, 
stand history and disturbance regimes. 

A complementary perspective is provided by pressure-based approaches, which 
conceptualise land-use intensity through anthropogenic inputs, outputs and pressures 
associated with resource use. General Land Use Intensity frameworks have distinguished, 
for example, management inputs, extraction or production outputs and resulting changes 
in ecosystem properties, while emphasising their spatial and temporal variation [4,5]. 
When transferred to forests, this perspective encompasses variables such as harvesting 
and felling rates, wood extraction, accessibility, management inputs and disturbance 
frequency. Pressure-based approaches are particularly useful for characterising multiple 
dimensions of human intervention and linking forest use to production systems. 
However, anthropogenic pressure does not necessarily translate directly into ecological 
effects, because ecosystem responses depend on forest structure, environmental 
conditions, management history and ecological resilience. 

With the increasing adoption of close-to-nature management systems, particularly 
Continuous Cover Forestry (CCF), the limitations of management- and pressure-based 
indicators become increasingly apparent. In contrast to conventional even-aged forestry, 
CCF maintains continuous forest cover and promotes structurally heterogeneous stands 
through individual-tree or group-based harvesting and regeneration [21,22]. Under such 
conditions, individual management variables or harvesting events may provide only 
incomplete information on F-LUI. Greater emphasis must therefore be placed on the 
realised condition of forest ecosystems and the ecological manifestations of management. 

State-based approaches characterise the resulting condition of forest ecosystems 
through measurable structural, compositional and ecological properties. Relevant 
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indicators include biomass, stand maturity, canopy and vertical structure, deadwood, 
tree-species composition, regeneration and forest naturalness. Winter [23] and McRoberts 
et al. [24] for example, demonstrate how forest naturalness and related ecosystem 
properties can be assessed through observable forest characteristics. McRoberts et al. [24] 
explicitly investigated harmonised variables for assessing forest naturalness using 
National Forest Inventory data. Such approaches are ecologically interpretable and closely 
connected to measurable forest properties. Nevertheless, similar ecosystem states may 
result from different management histories, natural disturbances, succession or 
environmental conditions, which limits the direct attribution of observed states to 
management intensity. 

Impact-based approaches extend this perspective from ecosystem condition towards 
the ecological consequences associated with different levels and forms of land-use 
intensity. They assess responses such as biodiversity, carbon storage, productivity, 
functional composition, ecosystem multifunctionality and ecosystem services [4,8,9]. 
These approaches are particularly important for understanding how anthropogenic 
pressures translate into ecological change and altered ecosystem functioning. However, 
observed ecological impacts cannot necessarily be attributed uniquely to forest 
management because climate, natural disturbances, site conditions and ecological 
succession may produce similar responses. State- and impact-based approaches therefore 
provide complementary information: the former describe the realised condition of the 
forest ecosystem, whereas the latter focus on the ecological consequences associated with 
land-use intensity. 

In parallel with these conceptual developments, RS-based observational approaches 
have fundamentally transformed the monitoring of forest ecosystems. Satellite, LiDAR, 
SAR and imaging spectroscopy systems enable spatially continuous, standardised and 
temporally repeated observations of structural, biophysical, biochemical and functional 
forest properties. Observable characteristics such as canopy cover and height, 
Aboveground Biomass (AGB), Leaf Area Index (LAI), vegetation productivity, 
biochemical and physiological properties, and disturbance and recovery dynamics can 
increasingly be quantified across spatial and temporal scales [10,12,14,25]. RS therefore 
provides an important observational perspective for F-LUI because it enables many 
ecological manifestations of forest use to be monitored repeatedly and spatially explicitly. 

However, RS also exposes a fundamental conceptual limitation of existing F-LUI 
approaches: forest management itself is generally not directly observable from RS. 
Instead, sensors record the structural, spectral, biochemical, physiological and temporal 
manifestations resulting from the combined effects of management, environmental 
conditions and ecological processes. Consequently, the same RS-observed forest state may 
originate from different management histories, while different ecosystem responses may 
follow similar management interventions. The interpretation of RS observations therefore 
requires an explicit conceptual link between anthropogenic interventions, measurable 
forest properties and their ecological consequences. 

This limitation highlights the need for an integrative observational framework. 
Forest traits provide a suitable common interface because they represent measurable 
structural, morphological, biochemical, physiological and phenological properties of 
forest ecosystems that respond to both environmental conditions and anthropogenic use 
[16,26]. Forest traits can therefore connect management and pressure-based information 
with state- and impact-based ecological responses while simultaneously representing 
properties that can be observed or inferred through RS. In this way, they provide a 
common observational basis for integrating previously separate conceptual perspectives 
on F-LUI. 
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Taken together, existing approaches should therefore be regarded as complementary 
rather than mutually exclusive. Management- and pressure-based approaches primarily 
characterise anthropogenic interventions, state-based approaches describe the resulting 
condition of forest ecosystems, and impact-based approaches quantify their ecological 
consequences. RS adds a spatially explicit and temporally repeatable observational 
perspective but predominantly observes the manifestations of management rather than 
management itself. Figure 1 summarises this conceptual development and illustrates how 
these complementary perspectives can be integrated through forest traits within the 
proposed F-LUI framework. Table A1 compares their primary focus, indicators, strengths 
and limitations, whereas Table A2 traces the broader development from general LUI 
concepts and forest-specific management-intensity approaches towards integrated and 
multidimensional F-LUI concepts. Together, Figure 1 and Tables A1 and A2 provide the 
conceptual basis for the trait-based framework developed in Section 5. 

 

Figure 1. Evolution of conceptual approaches for describing Forest Land Use Intensity (F-LUI), 
ranging from management- and pressure-based approaches to state-, impact- and Remote Sensing 
(RS)-based observational approaches, and their integration within the proposed trait-based 
framework. Forest traits provide the common observational interface linking anthropogenic forest 
use, RS observations and ecosystem responses across six complementary F-LUI indicator families. 
References: Schall & Ammer 2013 [6], Blattert et al., 2017 [7], Lestido-Cardama et al., 2025 [19], Staab 
et al., 2026 [20], Erb et al., 2013 [4], Kuemmerle et al., 2013 [5], Winter 2012 [23], McRoberts et al., 
2012 [24], Allan et al., 2015 [8], Newbold et al., 2015 [9], Dubayah et al., 2020 [12], Schneider et al., 
2017 [14], Wulder et al., 2024 [25], Lechner et al., 2020 [10]. Conceptual visualisation generated using 
OpenAI ChatGPT (GPT-6; image generation) based on concepts defined by Angela Lausch; scientific 
validation and final revision by Angela Lausch. 

3.3. Programmes for Monitoring Forest Land Use Intensity (F-LUI) at National (Germany), 
European and Global Scales 
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The quantification of F-LUI does not currently rely on dedicated F-LUI monitoring 
programmes, but on a range of national, European and global forest monitoring systems 
that capture different properties of forest ecosystems. These programmes were primarily 
developed to assess forest resources, biodiversity, forest condition, carbon dynamics, 
climate-related impacts and sustainable forest management rather than F-LUI itself. 
Nevertheless, they provide essential information on several dimensions of F-LUI and 
therefore represent an important basis for its operationalisation. The programmes differ 
in their objectives, spatial coverage, temporal frequency and data sources. National 
systems generally provide detailed inventory and management information, European 
programmes promote harmonisation across countries, and global programmes enable 
international comparison and reporting. From the perspective of the trait-based 
framework developed in this review, these monitoring systems provide complementary 
information for the six F-LUI indicator families—Trait, Genesis, Structure, Taxonomy, 
Function and Socio-economics—but each covers only part of the overall concept. Table A3 
compares the major national (Germany), European and global forest monitoring 
programmes and information systems with respect to their primary purpose, main 
variables, data sources, spatial and temporal coverage, and their principal contributions 
to the six F-LUI indicator families. 

3.3.1. National Monitoring Programmes in Germany 

Germany has a well-established system of national forest inventories and 
environmental monitoring programmes that provides important information for 
assessing several dimensions of F-LUI. The German National Forest Inventory 
(Bundeswaldinventur, BWI) represents the principal nationwide forest inventory. It 
provides standardised information on forest area, tree species composition, stand 
structure, growing stock, increment, regeneration, deadwood and biomass. The most 
recent inventory, BWI 2022 [27], forms the basis for assessing current forest structure and 
resources and for analysing long-term changes in German forests. It is complemented by 
the Carbon Inventory (Kohlenstoffinventur) and by the Forest Development and Timber 
Resource Model (Waldentwicklungs- und Holzaufkommensmodellierung, WEHAM), 
which uses BWI information to model future forest development and timber availability 
under defined management assumptions. The current WEHAM modelling period extends 
from 2023 to 2062. 

Forest condition and environmental responses are monitored through the national 
Forest Condition Survey (Waldzustandserhebung, WZE), Intensive Forest Monitoring 
(Level II) and the National Forest Soil Inventory (Bodenzustandserhebung im Wald, BZE). 
The WZE has been conducted annually since 1984 and primarily assesses crown condition 
and forest vitality, whereas Level II monitoring provides more detailed information on 
environmental pressures and ecosystem processes. The BZE complements these 
observations with information on soil chemistry, nutrient status, acidification, carbon 
stocks and related site characteristics. The third BZE began in 2022, with field sampling 
conducted until 2024. 

Together, these programmes provide complementary information relevant to F-LUI, 
ranging from forest management and structural attributes to ecosystem condition, soil 
properties and carbon dynamics. However, they were not designed specifically to 
quantify F-LUI and differ considerably in spatial coverage, temporal resolution and 
observational focus. Their integration with spatially continuous RS observations therefore 
provides considerable potential for extending plot-based measurements across space and 
time and for linking national forest monitoring to the multidimensional F-LUI framework 
developed in this review. The principal characteristics and contributions of these 
programmes are summarised in Table A3. 
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3.3.2. European Monitoring Programmes 

At the European scale, forest monitoring is based on a combination of harmonised 
field networks, national reporting systems and increasingly RS-based monitoring 
programmes. One of the most important long-term infrastructures is the International Co-
operative Programme on Assessment and Monitoring of Air Pollution Effects on Forests 
(ICP Forests), established in 1985 under the UNECE Air Convention. Its Level I network 
comprises approximately 6000 plots for large-scale monitoring of forest condition, while 
more than 600 Level II plots provide intensive observations of atmospheric deposition, 
soil and soil-water chemistry, foliar chemistry, tree growth, phenology, ground vegetation 
and other ecosystem properties. This combination provides a particularly valuable basis 
for analysing long-term changes in forest condition and ecosystem responses to 
environmental stressors. 

At the policy and reporting level, FOREST EUROPE provides a pan-European 
framework for assessing sustainable forest management using harmonised criteria and 
indicators covering forest resources, biodiversity, productive and protective functions 
and socio-economic dimensions. These data are complemented by the Forest Information 
System for Europe (FISE), which integrates forest-related information from national and 
European sources and increasingly incorporates information derived from Copernicus. 

RS-based monitoring is provided particularly through the Copernicus Land 
Monitoring Service (CLMS), including High Resolution Layers for Tree Cover Density 
and Forest Type, while CORINE Land Cover (CLC) provides long-term harmonised 
information on land-cover change. The Land Use/Cover Area Frame Survey (LUCAS) 
contributes standardised in situ observations that are also important for the calibration 
and validation of RS products. Disturbance monitoring is complemented by the European 
Forest Fire Information System (EFFIS), which provides information on fire danger, active 
fires and burnt areas. These programmes are also included in the monitoring architecture 
summarised in Table A3. 

Together, European monitoring systems provide complementary observations of 
forest condition, structure, biodiversity, environmental pressures, management and 
disturbances. However, as at the national level, they were developed for different 
purposes and do not constitute an integrated F-LUI monitoring system. Their combination 
with RS and forest traits therefore provides an important basis for harmonising 
observations across countries and linking them to the multidimensional F-LUI framework 
developed in this review. 

3.3.3. Global Monitoring Programmes 

At the global scale, forest monitoring is primarily coordinated through the FAO 
Global Forest Resources Assessment (FRA), which provides harmonised information on 
forest extent and change, biomass and carbon stocks, disturbances, management, 
ownership and other dimensions of sustainable forest management. The most recent FRA 
2025 [28] is based on official national data from 194 countries and areas and represents the 
principal global reference for assessing long-term changes in forest resources, 
management and use. The FRA is complemented by its RS survey, which provides 
spatially consistent information on forest and land-use dynamics and strengthens the 
integration of national reporting with satellite-based observations. The FRA 2020 RS 
survey [29], for example, analysed approximately 400,000 samples with contributions 
from experts in 126 countries. 

In addition, National Forest Monitoring Systems (NFMS), particularly those 
developed in the context of REDD+, combine forest inventories, RS and other national 
data sources to monitor forest-cover change, degradation and carbon dynamics. FAO 
supports countries in developing such systems and increasingly promotes the integration 
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of RS and cloud-based processing with national forest information. Global RS-based 
platforms further complement these systems. Global Forest Watch (GFW) integrates 
numerous global and regional datasets on forest cover, land use and disturbance and 
provides near-real-time information on vegetation and forest loss. Its current integrated 
disturbance alerts combine several optical- and radar-based alert systems, illustrating the 
increasing importance of multi-sensor observations for global forest monitoring. The 
Global Wildfire Information System (GWIS) additionally contributes information on fire 
occurrence and disturbance dynamics. These programmes are summarised in Table A3. 

Together, these global monitoring systems provide essential information on forest 
resources, management, carbon dynamics and disturbances across countries and biomes. 
However, their spatial and temporal resolutions, indicator definitions and underlying 
data sources differ considerably, and none was designed specifically to quantify the 
multiple dimensions of F-LUI. Their integration with forest traits and RS therefore 
provides an important basis for translating heterogeneous global forest observations into 
a harmonised, multidimensional F-LUI monitoring framework. 

4. Approaches for Monitoring F-LUI 
Monitoring F-LUI requires observations that capture both anthropogenic forest use 

and the resulting changes in forest ecosystem properties. Because F-LUI is 
multidimensional and cannot be measured directly by a single variable, its assessment 
relies on complementary observational approaches. These range from field-based 
measurements and forest inventories to spatially continuous RS observations. 

In situ approaches provide detailed measurements of forest structure, composition, 
biomass, regeneration, deadwood, soil properties, biodiversity and ecosystem functioning 
and can additionally incorporate information on management history and silvicultural 
interventions. They therefore provide an essential ecological reference for interpreting F-
LUI, but their spatial coverage and temporal repetition are generally limited. In contrast, 
RS approaches enable spatially continuous, standardised and repeated observations 
across scales and provide information on spectral, structural, biochemical, physiological 
and temporal properties of forest ecosystems. However, RS primarily captures observable 
ecosystem properties and changes rather than management decisions themselves. 

The two approaches should therefore be considered complementary rather than 
alternative. In situ observations provide ecological interpretation, calibration and 
validation, whereas RS enables their spatial and temporal extension. Figure 2 illustrates 
this complementary observational architecture and shows how in situ measurements and 
RS observations can be linked through forest traits to capture different dimensions of F-
LUI across spatial and temporal scales. Their integration is particularly important for the 
trait-based perspective developed in this review, because forest traits provide measurable 
ecosystem properties that can be characterised both in situ and through RS. 

4.1. In-Situ Approaches 

In situ observations provide the ecological reference for quantifying F-LUI. They 
deliver direct information on forest structure, species composition, biodiversity, 
ecosystem functions and forest management activities, thereby enabling the actual effects 
of anthropogenic use on forest ecosystems to be assessed. Owing to their high 
measurement accuracy and ecological interpretability, in situ data provide an 
indispensable basis for the calibration, validation and interpretation of RS-based F-LUI 
indicators [30,31]. The most important data source is provided by National Forest 
Inventories (NFIs), which periodically record information on forest area, tree species 
composition, tree dimensions, growing stock, biomass, increment, natural regeneration 
and deadwood. Repeated inventories enable long-term changes in forest resources and 
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their use to be analysed and, at the same time, provide a basis for numerous national and 
international reporting systems related to sustainable forest management, biodiversity 
and climate mitigation [30,31]. 

An important complement is provided by long-term forest condition monitoring 
programmes. The European ICP Forests network has monitored the condition of forest 
ecosystems since 1985 using harmonised methods across extensive Level I plots and 
intensively investigated Level II sites. Recorded variables include crown condition, tree 
growth, foliar chemistry, soil and soil-solution chemistry, atmospheric deposition, 
meteorological conditions and biodiversity-related characteristics. These observations 
make it possible to investigate long-term changes in forest condition as well as interactions 
among air pollution, climate change, natural disturbances, forest management and 
ecological responses across broad spatial and temporal scales [32]. 

 

Figure 2. Complementary observational approaches for monitoring Forest Land Use Intensity (F-
LUI). Remote Sensing (RS) provides spatially continuous and multitemporal observations from 
spaceborne, airborne, Unmanned Aerial Vehicle (UAV) and close-range platforms, whereas in situ 
approaches provide field measurements, inventories, long-term monitoring and management 
information. Forest traits form the common observational interface linking these approaches to six 
complementary F-LUI indicator families: Trait, Functional, Structural, Taxonomic, Genesis and 
Socio-economic. In the colour key, orange denotes indicator families informed by both RS and in 
situ observations; the purple box identifies the socio-economic indicator family, including 
ownership, management and use context. Together, the families support multidimensional 
assessment of F-LUI across space and time. Conceptual visualisation generated using OpenAI 
ChatGPT (GPT-6; image generation) based on concepts defined by Angela Lausch; scientific 
validation and final revision by Angela Lausch.To assess the ecological consequences of different 
levels of forest-use intensity, vegetation, biodiversity and habitat surveys are also conducted. These 
include assessments of species composition across different organism groups, habitat structures, 
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deadwood, microhabitats and other biodiversity indicators. Complementary soil inventories 
provide information on physical, chemical and biological soil properties, including soil moisture, 
forest-floor characteristics, carbon and nitrogen stocks, pH, nutrient availability and soil compaction. 
These measurements enable the long-term effects of forest management on nutrient cycling, soil 
functioning, carbon storage and forest ecosystem stability to be assessed [33]. 

A further important monitoring component is provided by ecophysiological and 
ecohydrological measurement networks that continuously record functional processes 
such as photosynthesis, transpiration and carbon, water and energy fluxes. International 
research infrastructures such as the Integrated Carbon Observation System (ICOS) and 
FLUXNET provide harmonised long-term observations of the exchange of carbon dioxide, 
water and energy between forest ecosystems and the atmosphere. These data enable 
functional responses of forest ecosystems to climate variability, extreme events, 
disturbances and different management regimes to be analysed [34,35]. 

Of particular importance for quantifying F-LUI are management and operational 
data, because they directly document anthropogenic interventions. These include 
information on timber harvesting, thinning, clear-cutting, skid trails, machinery use, tree 
species selection, afforestation, natural regeneration, conservation measures and game-
management interventions. Such information is derived primarily from forest enterprises, 
management plans or administrative databases and represents the most direct source of 
information for describing the actual intensity of forest use. At the same time, 
management data are frequently spatially incomplete, methodologically heterogeneous 
and only partly harmonised among countries, forest enterprises and ownership types, 
which limits their international comparability [6,7,19]. 

With the increasing digitalisation of forest ecology, automated in situ sensor 
networks are becoming increasingly important. Continuously operating dendrometers, 
sap-flow sensors, soil-moisture and microclimate sensors, automatic weather stations and 
phenocams provide high-resolution time series of structural, physiological and 
phenological processes. Compared with periodic forest inventories, they capture short-
term responses of forest ecosystems to environmental change, extreme events and 
management interventions. At the same time, they bridge the temporal gap between 
discrete field measurements and continuous RS observations and provide reference 
information for the development, calibration and validation of RS-based products and AI-
supported monitoring approaches [36,37]. 

In addition to established inventory and monitoring approaches, specialised in situ 
methods are used, including dendrochronological analyses, destructive biomass 
measurements and experimental manipulation studies. These methods provide detailed 
information on growth history, biomass allometry, genetic diversity, physiological 
responses and the ecological mechanisms operating within forest ecosystems. Owing to 
their high demands in terms of labour, time and cost, and their generally limited spatial 
coverage, they are mainly suitable for experimental, process-oriented or site-specific 
investigations. Their applicability to spatially comprehensive monitoring of F-LUI is 
therefore limited. 

Taken together, these in situ methods provide high-quality reference information for 
the derivation and ecological interpretation of forest traits and for the calibration and 
validation of RS-derived forest traits. They therefore form a critical interface between 
forest management, forest ecosystems and RS. At the same time, they serve as ground 
reference data for the calibration, validation and ecological interpretation of RS 
observations [38]. This complementary role of in situ and RS approaches is illustrated in 
Figure 2. 
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Despite their high accuracy, in situ methods have inherent limitations in terms of 
spatial coverage and temporal repeatability. Because field surveys are labour-intensive, 
time-consuming and costly, they are generally conducted on sample plots and often at 
multi-year intervals. Consequently, spatially comprehensive and continuous 
quantification of F-LUI cannot be achieved using field methods alone. Future monitoring 
concepts therefore require close integration of in situ observations, RS and model-based 
approaches. In situ data provide the indispensable reference for the calibration, validation 
and ecological interpretation of RS-based F-LUI indicators and thereby establish the basis 
for harmonised, cross-scale monitoring of F-LUI. 

4.2. Remote Sensing Approaches 

4.2.1. Principles of Monitoring F-LUI Using RS 

RS provides the principal basis for spatially continuous monitoring of F-LUI. 
Through the non-contact measurement of electromagnetic radiation, modern RS systems 
enable standardised, objective and repeatable observations of forest ecosystems across 
spatial scales ranging from individual trees to the global level. Depending on the 
application, ground-based sensor systems, Unmanned Aerial Vehicle (UAVs), airborne 
sensors and satellite missions provide multispectral, hyperspectral, thermal, radar (SAR) 
and LiDAR observations. 

The increasing availability of high-resolution and long-term observations from 
missions such as Landsat, Sentinel-1/-2, GEDI, ICESat-2, EnMAP and PRISMA has 
substantially expanded the potential for consistent, spatially explicit and cross-scale forest 
monitoring. In particular, long-term Landsat time series and their integration with more 
recent multi-sensor RS systems have contributed substantially to the development of 
contemporary approaches for monitoring forest structure, dynamics and disturbances 
[12,39]. 

In contrast to in situ approaches, however, RS does not necessarily observe F-LUI 
directly. Sensors record the physical properties of the Earth’s surface and their spatial and 
temporal variation. Anthropogenic interventions such as timber harvesting, thinning, 
changes in tree species composition, reforestation or forest degradation are therefore 
generally detected through their effects on the biophysical properties and dynamics of 
forest ecosystems. Consequently, the primary observational units of RS are not the 
management decisions themselves, but the measurable ecosystem properties, processes 
and changes through which management becomes observable [40]. 

Forest traits provide a conceptual basis for describing these observable properties. 
They encompass, for example, structural, morphological, biochemical, physiological and 
phenological properties of vegetation, soils and other components of forest ecosystems. 
Because these properties respond to both natural environmental conditions and 
anthropogenic use, forest traits constitute a central observational level through which the 
effects of forest management can be detected and quantified using RS [14–16,41]. 

Examples include horizontal and vertical stand structure, canopy architecture, AGB, 
LAI, leaf pigment and nitrogen content, vegetation water status, primary productivity and 
surface temperature. Forest management can modify these properties, and the resulting 
changes become detectable through spectral, thermal and structural RS signals. Forest 
traits therefore provide an observable interface linking forest management, ecosystem 
responses and RS, as conceptually illustrated in Figure 2. 

An important advantage of the trait-based approach is its sensor independence. 
Different RS technologies capture complementary manifestations of ecosystem properties. 
Multispectral and hyperspectral sensors provide information on spectral characteristics 
and biochemical vegetation properties; thermal sensors characterise aspects of ecosystem 
energy and water dynamics; radar systems (SAR) are particularly sensitive to vegetation 
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structure and moisture conditions; and LiDAR systems enable direct characterisation of 
the three-dimensional architecture of forest stands. Combining these complementary 
information sources therefore enables a more multidimensional representation of forest 
ecosystems and substantially improves the potential to derive robust indicators of F-LUI 
[12,15] 

The increasing availability of multi-sensor RS data is further complemented by recent 
advances in AI. Deep Learning, Self-supervised Learning, Foundation Models and 
multimodal data fusion increasingly enable heterogeneous satellite, LiDAR and forest 
inventory data to be analysed jointly. These developments are shifting RS from the 
retrieval of individual forest variables towards more integrated representations of forest 
traits and their spatial and temporal dynamics [42–45]. These emerging methodological 
developments and their potential contribution to operational F-LUI monitoring are 
discussed in greater detail in Section 7. 

From this perspective, RS-based F-LUI monitoring focuses not primarily on forest 
management activities themselves, but on their manifestations in the observable 
properties and dynamics of forest ecosystems. F-LUI can therefore be characterised 
through the spatial and temporal variability of forest traits that reflect ecosystem 
responses to different forms and intensities of anthropogenic use. The trait-based 
approach consequently provides the conceptual basis for the framework developed in this 
review, in which heterogeneous RS observations are interpreted as measurable 
expressions of forest traits and integrated into a sensor-independent, standardisable and 
cross-scale framework for assessing F-LUI. 

4.2.2. Challenges of Monitoring F-LUI Using RS 

RS provides unique opportunities for spatially continuous, standardised and 
repeatable observations of forest ecosystems. Nevertheless, substantial conceptual, 
ecological and methodological challenges remain in quantifying F-LUI. These arise 
primarily because land-use intensity itself cannot be observed directly. Instead, RS 
systems primarily capture the manifestations of anthropogenic interventions in the 
biophysical properties and dynamics of forest ecosystems. Developing robust, scalable 
and internationally comparable F-LUI indicators therefore requires not only appropriate 
sensor technologies, but also a conceptual framework that consistently links forest 
management, forest traits and their observable RS signals. 

Conceptual challenges: The fundamental conceptual challenge is that RS does not 
observe forest management decisions themselves, but primarily their manifestations in 
observable ecosystem properties. Management activities such as timber harvesting, 
thinning or changes in tree species composition can therefore generally be inferred only 
indirectly from changes in structural, biochemical, physiological or thermal properties. At 
the same time, there is currently neither a universally accepted definition of F-LUI nor an 
internationally harmonised indicator system that consistently integrates forest 
management, ecosystem state and ecosystem functioning. Many existing studies focus on 
individual parameters such as biomass, productivity, forest structure or timber 
harvesting, which substantially limits comparability among studies and complicates the 
consistent quantification of F-LUI. 

Ecological challenges: A further major challenge is that forest traits respond to both 
anthropogenic use and natural environmental processes. Changes in canopy structure, 
biomass, leaf chemistry, productivity or surface temperature may result from forest 
management, but equally from drought stress, storms, wildfires, insect outbreaks, 
diseases or natural succession. Moreover, responses differ considerably among forest 
ecosystems. Identical management interventions may produce markedly different 
biophysical responses in boreal, temperate and tropical forests, as well as among stands 
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of different ages, structures and species compositions. Conversely, similar RS signals may 
result from different ecological or anthropogenic processes. Disentangling anthropogenic 
management effects from natural environmental and disturbance-driven variability 
therefore represents one of the principal challenges in RS-based F-LUI assessment. 

Spatial and temporal scales: F-LUI is a dynamic and scale-dependent phenomenon. 
Forest management operates across spatial levels ranging from individual trees and 
stands to entire landscapes, while its ecological effects unfold over markedly different 
timescales. Clear-cutting, for example, may become immediately apparent in RS 
observations, whereas the effects of thinning, changes in tree species composition or long-
term management regimes may develop over years or decades. Forest traits also differ in 
their response times: structural properties may respond relatively rapidly to management 
interventions, whereas some functional or physiological responses may emerge gradually 
or with a temporal lag. At the same time, RS systems differ in their spatial, spectral and 
temporal resolutions, meaning that individual processes and traits cannot be observed 
equally well by all sensors. Selecting appropriate spatial and temporal observation scales 
is therefore essential for deriving reliable and ecologically meaningful F-LUI indicators. 

Methodological challenges: Different RS technologies capture different properties of 
forest ecosystems. Multispectral and hyperspectral sensors provide information on 
spectral signatures and biochemical vegetation properties; thermal sensors characterise 
aspects of ecosystem energy and water dynamics; radar systems (SAR) are particularly 
sensitive to vegetation structure and moisture conditions; and LiDAR systems provide 
direct information on three-dimensional forest structure. However, no single sensor 
technology can capture all dimensions of F-LUI. Instead, each sensor observes different 
and complementary manifestations of forest traits that collectively provide information 
on forest ecosystem state and dynamics. Moreover, many traits are not measured directly 
but are estimated using vegetation indices, physically based inversion methods or data-
driven models. The accuracy of these products depends on sensor characteristics, model 
assumptions, calibration data and retrieval algorithms, inevitably introducing 
uncertainties throughout the processing chain. 

Validation and data integration: The development of robust RS-based F-LUI 
indicators requires extensive reference data from forest inventories, permanent 
monitoring plots, sensor networks and forest management databases. However, such 
datasets are often regionally restricted, methodologically heterogeneous and collected at 
different temporal intervals. Differences in inventory designs, definitions and 
measurement protocols further constrain the transferability of models among regions, 
countries and forest types. Information on specific management interventions may also 
be incomplete, inaccessible or subject to data-protection and ownership restrictions. 
Modern data-fusion approaches, together with Machine Learning and AI, provide new 
opportunities for integrating heterogeneous sources such as RS, forest inventory, climate 
and management data. At the same time, these approaches increase requirements for data 
harmonisation, uncertainty quantification, model robustness, transferability and 
interpretability. 

Standardisation and international comparability: In addition to these methodological 
limitations, there remains a substantial need for standardised concepts and procedures 
for assessing F-LUI. Although a rapidly growing range of RS products is available, an 
internationally harmonised observational framework that consistently connects different 
sensor technologies, forest types, management systems and spatial scales is still lacking. 
A trait-based, multidimensional and sensor-independent framework is therefore not 
merely a methodological extension of existing RS approaches, but a conceptual 
prerequisite for harmonised, cross-scale and internationally comparable monitoring of F-
LUI. 
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Taken together, these challenges demonstrate that neither individual RS sensors nor 
isolated indicators are sufficient to characterise F-LUI consistently. What is required 
instead is a conceptual framework that positions forest traits as the common observational 
interface linking forest management, observable ecosystem responses and RS. This 
concept provides the basis for the trait-based F-LUI framework developed in the following 
section. 

5. Conceptual Definition of F-LUI Using RS 
5.1. Conceptual Definition of F-LUI 

F-LUI describes the intensity of anthropogenic use, management and transformation 
of forest ecosystems and the resulting consequences for ecosystem structure, functioning 
and dynamics. While the concept of Land Use Intensity has been extensively developed 
for agricultural and other land-use systems [4], no universally accepted definition or 
conceptual framework currently exists for forest ecosystems that consistently links 
management activities, ecological processes and RS observations. Existing approaches 
predominantly quantify either the intensity of forest management activities or their 
ecological consequences and therefore capture different, but only partial, dimensions of 
F-LUI. Recent developments illustrate this distinction particularly clearly. Lestido-
Cardama et al. [19] proposed a harmonised approach to Forest Management Intensity 
based on extractive impact, financial resources and management inputs, whereas Staab et 
al. [20] introduced the Forest Management Intensity Index (ForMIX), which integrates tree 
species composition, tree removal, deadwood availability and stand maturity to quantify 
forest land-use intensity. These approaches represent important advances in quantifying 
management intensity and forest-use intensity, but they do not provide a common 
observational architecture linking management, ecosystem responses and RS 
observations across multiple F-LUI dimensions. 

From an RS perspective, F-LUI is fundamentally not directly observable as a single 
ecosystem property. Satellite-, airborne- and UAV-based sensor systems do not directly 
observe management decisions or management intensity itself; rather, they measure 
changes in the observable properties of forest ecosystems through which management 
effects become detectable. Changes in forest management can manifest in structural, 
morphological, biochemical, physiological, functional and phenological ecosystem 
properties that can either be observed directly or inferred from RS data. The primary 
observational units of RS-based F-LUI assessment are therefore not management activities 
themselves, but the measurable ecosystem properties and responses through which 
anthropogenic interventions become observable. 

This perspective leads to a fundamental conceptual interpretation of F-LUI. Rather 
than treating F-LUI as an individual management activity or simply as the cumulative 
amount of silvicultural intervention, we conceptualise it as an emergent property of forest 
ecosystems arising from interactions among anthropogenic use, environmental conditions 
and ecological responses. This distinction is important because identical management 
interventions may produce different ecosystem responses depending on forest type, stand 
structure, site conditions, management history and disturbance regime. Conversely, 
similar observable forest states may result from different combinations of anthropogenic 
and natural processes. Consequently, RS does not simply measure forest use itself; it 
captures the spatial and temporal manifestations of forest use within the observable 
properties and dynamics of forest ecosystems. 

Building on the core conceptual definition introduced in Section 3.1, we 
operationalise F-LUI for RS-based assessment as a multidimensional property that 
becomes observable through changes in structural, morphological, biochemical, 
physiological, phenological, functional and socio-ecological forest traits. These traits 
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represent the measurable manifestations through which anthropogenic use, management 
and transformation—and their interactions with environmental conditions and ecological 
processes—can be detected or inferred using RS. This operational interpretation does not 
constitute a separate definition of F-LUI; rather, it specifies how the general concept can 
be translated into observable indicators. This operational interpretation extends existing 
concepts of land-use and Forest Management Intensity by positioning forest traits as the 
common observational interface between forest management, ecosystem responses and 
RS. Forest traits encompass measurable properties of forest ecosystems that respond to 
both anthropogenic interventions and environmental conditions and can be characterised 
using complementary in situ and RS observations [14–16,41]. They therefore provide the 
fundamental observational level upon which the framework developed in this review is 
constructed. 

Importantly, this framework does not replace existing indices of forest management 
or land-use intensity. Rather, approaches such as Forest Management Intensity and 
ForMIX quantify particular dimensions of management or forest-use intensity, whereas 
the trait-based framework addresses a different question: how can the multiple 
manifestations of F-LUI be observed, integrated and compared across sensors, spatial 
scales and time? This distinction is particularly relevant because recent work continues to 
highlight the need for harmonised approaches to quantifying Forest Management 
Intensity [19], while ForMIX demonstrates the value of integrating several complementary 
ecological and management-related dimensions rather than relying on a single forest 
attribute [20]. 

Accordingly, the framework developed here does not seek to derive a universal 
single F-LUI index. Instead, it provides a multidimensional observational architecture in 
which forest traits connect anthropogenic forest use with measurable ecosystem responses 
and their observation through RS. These observations are subsequently organised into six 
complementary indicator families—Trait, Genesis, Structure, Taxonomy, Function and 
Socio-economics—which together form the conceptual basis for the multidimensional 
assessment of F-LUI developed in the following sections. 

5.2. Forest Traits as the Conceptual Interface Between Forest Ecosystems and Remote Sensing 

Forest traits provide the conceptual foundation of the framework proposed in this 
review for assessing F-LUI. 

In contrast to management activities, which cannot generally be observed directly by 
RS, forest traits represent directly or indirectly observable properties of forest ecosystems 
that can be measured or inferred from RS observations. They encompass structural, 
morphological, biochemical, physiological, phenological and functional properties of 
vegetation, soils and other components of forest ecosystems and thereby provide the 
physically measurable interface between ecological processes and RS observations [13–
15]. 

The fundamental premise of the trait-based approach is that RS can only observe 
those manifestations of forest use that become expressed in measurable ecosystem 
properties. Forest management activities such as timber harvesting, thinning, changes in 
tree species composition or reforestation modify the structure, composition, functioning 
and dynamics of forest ecosystems. These changes are manifested in forest traits and 
subsequently become detectable through spectral, thermal or structural RS signals. RS 
therefore does not directly observe forest management or F-LUI itself, but the forest traits 
through which anthropogenic use and its ecological consequences become observable. 
Forest traits consequently constitute the fundamental observational units of RS-based F-
LUI monitoring. 
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A major advantage of this approach is its sensor independence. Different RS 
technologies capture complementary manifestations of forest traits. Multispectral and 
hyperspectral sensors provide information on spectral characteristics and biochemical 
vegetation properties; thermal sensors characterise traits related to ecosystem energy and 
water dynamics; radar systems (SAR) are particularly sensitive to structural and moisture-
related traits; and LiDAR systems provide information on three-dimensional structural 
traits of forest stands. No individual sensor technology can capture the full range of forest 
traits. Combining complementary observations therefore enables a multidimensional 
characterisation of forest ecosystems and substantially strengthens the assessment of F-
LUI [12]. 

Forest traits also have a direct ecological meaning. Rather than representing abstract 
RS variables, they describe measurable properties of forest organisms and ecosystems and 
thereby facilitate the ecological and process-based interpretation of RS observations. This 
perspective is closely related to established trait-based approaches in functional ecology 
and to concepts such as Essential Biodiversity Variables (EBVs), which seek to represent 
complex biodiversity patterns and ecosystem changes through standardised and 
ecologically interpretable observational variables [15,46–48]. 

Importantly, the trait concept in the framework developed here is not restricted to 
the Trait indicator family itself. Rather, forest traits provide the common observational 
basis from which all six complementary F-LUI indicator families are derived and 
interpreted. The Trait family represents individual measurable ecosystem properties; 
Genesis indicators are derived from temporal changes and trajectories of forest traits that 
reveal disturbance, regeneration, succession and land-use legacies; Structural indicators 
describe the spatial and three-dimensional organisation and configuration of structural; 
Taxonomic indicators use trait expressions and their spatial patterns to distinguish tree 
species, forest types, communities and ecological classes; Functional indicators integrate 
traits associated with ecosystem processes such as productivity, water cycling, carbon 
dynamics and resilience; and Socio-economic indicators infer manifestations of 
anthropogenic use from trait patterns associated with harvesting, accessibility, 
management regimes and other spatial expressions of human forest use. Thus, although 
the six families represent different dimensions of F-LUI, their RS-based observation 
ultimately depends on measurable forest traits and their spatial, temporal and functional 
relationships. 

This distinction is particularly important for the Genesis and Socio-economic 
dimensions. RS does not directly observe forest history, ownership, governance or 
management decisions. Instead, these dimensions become accessible to RS only where 
they leave detectable expressions in forest traits or in their spatial and temporal patterns. 
Similarly, taxonomic and functional properties are inferred from characteristic 
combinations, distributions or dynamics of observable traits rather than being directly 
measured as abstract ecosystem categories or processes. The trait concept therefore 
provides the common observational language through which otherwise heterogeneous 
dimensions of F-LUI can be related to RS. 

Forest traits are themselves not necessarily measured directly. Many are inferred 
from spectral, thermal, radar or LiDAR observations using physically based retrieval 
models, statistical approaches or AI. Their expression is additionally influenced by 
climate, site conditions, forest developmental stage and natural disturbances. 
Consequently, an observed trait pattern cannot automatically be attributed to 
anthropogenic use. Reliable interpretation requires temporal information and, where 
available, complementary in situ observations, forest inventories, environmental 
information and management data. Nevertheless, RS-based F-LUI assessment remains 
fundamentally trait-based because these additional data support the interpretation and 
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attribution of observed forest traits rather than replacing them as the RS observational 
unit. 

The conceptual relationship underlying the framework can therefore be expressed 
as: Forest management and anthropogenic use → ecosystem responses → forest traits → 
RS observations → trait-based interpretation within the six F-LUI indicator families → 
multidimensional F-LUI assessment. 

Forest traits thus provide more than one category of F-LUI indicators. They constitute 
the common observational foundation of the entire framework, enabling heterogeneous 
RS observations to be organised and ecologically interpreted across the Trait, Genesis, 
Structure, Taxonomy, Function and Socio-economic dimensions. This common trait basis 
distinguishes the proposed framework from approaches that combine independent RS 
indicators without an overarching ecological observational concept. It also reflects the 
central novelty emerging from the conceptual synthesis: the integration of forest traits as 
the common observational interface linking forest management, RS observations and 
ecosystem responses within a multidimensional F-LUI architecture. 

On this basis, the following section introduces the six complementary F-LUI indicator 
families—Trait, Genesis, Structure, Taxonomy, Function and Socio-economics—and 
demonstrates how each can be operationalised through forest traits and their spatial, 
temporal and functional expressions in RS observations. 

5.3. The Six Trait-Based F-LUI Indicator Families 

Because F-LUI is a continuous, multidimensional and dynamic property of forest 
ecosystems, it cannot be adequately characterised by a single RS parameter or 
management variable. Different forms and intensities of forest management 
simultaneously affect multiple ecosystem properties, resulting in changes in forest 
structure, composition, functioning and biophysical condition. These changes are 
expressed through forest traits and their spatial and temporal patterns, which can be 
observed or inferred using different RS technologies. A consistent assessment of F-LUI 
therefore requires a conceptual framework that systematically integrates these 
complementary trait-based observations. 

Building on the concept of forest traits introduced above, we propose a trait-based 
framework that organises RS-observable or RS-derived ecosystem properties and their 
spatial, temporal and functional expressions into six complementary F-LUI indicator 
families: Trait, Genesis, Structure, Taxonomy, Function and Socio-economics (Figure 3). 
Importantly, forest traits constitute the common observational basis of all six families. The 
families therefore do not represent independent types of RS information; rather, they 
provide complementary perspectives through which individual traits and their spatial 
patterns, temporal trajectories and ecological relationships can be interpreted in relation 
to F-LUI. 

• Trait indicators. Trait indicators represent directly observable or RS-derived 
structural, morphological, biochemical, physiological, phenological and thermal 
properties of forest ecosystems and their spatial and temporal variability. They 
constitute the fundamental observational level of the framework and provide the 
physically measurable interface between forest ecosystems and RS. Changes in these 
traits may reflect both environmental conditions and anthropogenic use and provide 
the primary observational basis from which the other F-LUI indicator families can be 
derived and interpreted. 

• Genesis indicators. Genesis indicators characterise the origin, historical development 
and temporal dynamics of forest ecosystems through changes and trajectories in 
observable forest traits. They capture long-term patterns associated with disturbance 
history, regeneration, succession, historical land use and different management 
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regimes. Genesis indicators therefore place present-day trait expressions, forest 
structure and ecosystem functioning within their temporal and historical context. 
Rather than observing forest history directly, RS reconstructs aspects of this history 
from temporal trajectories, persistence and transitions in forest traits. 

• Structural indicators. Structural indicators characterise the spatial organisation and 
three-dimensional architecture of forest ecosystems through structural forest traits 
and their spatial configuration. They include horizontal composition and 
configuration as well as vertical layering, canopy height, structural complexity and 
related properties. Structural indicators therefore describe how forest traits are 
organised in space and how this organisation is modified by natural processes and 
anthropogenic forest use. 

• Taxonomic indicators. Taxonomic indicators describe the composition, diversity and 
spatial distribution of biological entities within forest ecosystems. RS does not 
observe taxonomy itself; rather, tree species, forest types, vegetation communities 
and ecological forest classes are identified from characteristic combinations and 
spatial patterns of spectral, structural, biochemical and phenological forest traits. 
Taxonomic indicators thus translate observable trait variation into information on the 
biological composition and organisation of forest ecosystems. 

• Functional indicators. Functional indicators characterise ecological processes and 
ecosystem functions related to the carbon, water and energy dynamics of forest 
ecosystems. These include primary production, photosynthetic activity, carbon 
sequestration, evapotranspiration, water cycling and energy exchange. Such 
functions are not necessarily observed directly by RS but are inferred from individual 
forest traits or combinations and temporal dynamics of traits that are mechanistically 
related to ecosystem processes. Functional indicators therefore provide information 
on how different forms and intensities of forest use affect ecosystem functioning and 
functional performance. 

• Socio-economic indicators. Socio-economic indicators characterise the anthropogenic 
dimension of forest use and the spatial manifestations of its social, economic and 
management context. The socio-economic family differs from the five RS-centred 
families in its observational basis. Core variables such as land tenure, ownership, 
governance, management objectives and economic decisions have no intrinsic 
spectral or structural signature and cannot be derived directly from RS observations. 
They must therefore be obtained from government databases, forest-management 
plans, cadastral records, administrative statistics or other ancillary sources. RS can 
nevertheless provide spatially explicit proxies and manifestations of human use, 
including harvesting patterns, accessibility, infrastructure and management-related 
forest configurations. Socio-economic information is consequently represented as an 
outer contextual layer that conditions the attribution and interpretation of the five 
RS-centred indicator families. 

For practical application, indicators are assigned according to their primary 
interpretative role and the principal question they address. Trait indicators describe what 
measurable biophysical property is observed; Genesis indicators explain how the 
observed condition originated or changed over time; Structural indicators describe how 
forest properties are organised horizontally and vertically in space; Taxonomic indicators 
identify which biological entities or communities are present; Functional indicators 
represent which ecosystem processes or functional responses occur; and Socio-economic 
indicators characterise which human activities, management decisions or institutional 
contexts drive or shape forest use. Where an indicator addresses more than one of these 
questions, it is assigned to the family corresponding to its principal analytical purpose, 
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while relevant secondary associations with other families are retained. The classification 
is therefore based on interpretative priority rather than mutual exclusivity. 

The six indicator families are therefore not independent but form an interconnected 
trait-based observational system. Changes in forest management generally affect multiple 
forest traits simultaneously, and individual traits may contribute to more than one 
indicator family depending on their spatial, temporal and ecological interpretation. For 
example, canopy height may constitute a structural trait, its temporal decline may indicate 
a disturbance event within the Genesis family, its spatial variation may contribute to 
structural complexity, and its relationship with biomass and productivity may contribute 
to the interpretation of functional responses. The multidimensional character of F-LUI 
therefore emerges not simply from the number of available indicators, but from the 
integration of complementary information derived from forest traits. 

This distinction is fundamental to the proposed framework: Forest traits are the 
common observational basis, whereas the six indicator families represent complementary 
dimensions for interpreting those traits in relation to F-LUI. The framework therefore does 
not assume that RS directly observes forest-use intensity, management history, taxonomy, 
ecosystem functioning or socio-economic processes. Rather, these dimensions become 
accessible to RS through measurable traits and their spatial, temporal and functional 
relationships. This common observational architecture distinguishes the framework from 
approaches based on collections of otherwise independent RS indicators and represents 
the principal conceptual contribution of this review. The underlying conceptual synthesis 
likewise identified the integration of forest traits as the common interface between 
management, RS observations and ecosystem responses as the strongest defensible 
novelty of the framework. 

Figure 3 summarises this conceptual framework. It illustrates how anthropogenic 
forest use and natural environmental conditions modify forest ecosystems and how these 
changes become manifested in observable forest traits. RS technologies capture different 
expressions of these traits, which are subsequently organised and interpreted within the 
six complementary F-LUI indicator families. Together, these families provide the basis for 
a multidimensional, sensor-independent and cross-scale assessment of F-LUI. This frame-
work provides the conceptual foundation for Section 6, in which the six indicator families 
are systematically examined with respect to representative forest traits and RS indicators, 
their derivation, ecological interpretation and suitability for monitoring F-LUI. 
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Figure 3. Trait-based conceptual framework for monitoring Forest Land Use Intensity (F-LUI) using 
Remote Sensing (RS). Forest traits constitute the common observational basis linking anthropogenic 
forest use and ecosystem responses to RS observations. Their individual expressions, spatial 
patterns, temporal trajectories and functional relationships are organised into six complementary F-
LUI indicator families—Trait, Genesis, Structure, Taxonomy, Function and Socio-economics—
which together enable a multidimensional assessment of F-LUI. Conceptual visualisation generated 
using OpenAI ChatGPT (GPT-6; image generation) based on concepts defined by Angela Lausch; 
scientific validation and final revision by Angela Lausch. 

6. The Six F-LUI Indicator Families Monitored Using RS 
Building on the conceptual framework defined in Section 5.3, this section examines 

representative RS-based indicators for each of the six F-LUI indicator families. For each 
indicator, the underlying forest traits, their relevance to F-LUI, suitable observation 
approaches, limitations and future development opportunities are discussed. Table A4 
provides a consolidated overview of five key indicators per family, their relevance to F-
LUI, principal data sources and representative references. 

The following sections examine the principal RS-based indicators within each of the 
six indicator families. For each indicator, the underlying forest traits, their ecological rel-
evance to F-LUI and suitable RS approaches are discussed, together with their potential, 
limitations and future development opportunities (Figure 4). 
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Figure 4. Conceptual overview of the six trait-based indicator families for monitoring Forest Land 
Use Intensity (F-LUI) using Remote Sensing (RS). Forest traits constitute the common observational 
layer of the framework and represent measurable forest ecosystem properties that can be observed 
or inferred from multi-source RS data. These trait observations, together with their spatial patterns, 
temporal trajectories and functional relationships, are interpreted within six complementary 
indicator families—Trait, Genesis, Structure, Taxonomy, Function and Socio-economics—which 
represent different ecological and anthropogenic dimensions of F-LUI. Together, the six families 
provide a multidimensional, sensor-independent and cross-scale framework for the consistent 
assessment and monitoring of F-LUI. Conceptual visualisation generated using OpenAI ChatGPT 
(GPT-6) (image generation) based on concepts defined by Angela Lausch; scientific validation and 
final revision by Angela Lausch. 

6.1. Monitoring Trait Indicators of F-LUI Using RS 

Trait indicators constitute the primary observational level of the proposed 
framework for assessing F-LUI. They encompass structural, morphological, biochemical, 
physiological, phenological and thermal properties of forest ecosystems whose spatial 
and temporal variation can be observed or inferred using RS. Changes in these forest traits 
reflect responses to both environmental conditions and anthropogenic interventions and 
therefore provide an ecologically interpretable basis for assessing forest condition, 
functioning and dynamics [16,26]. 

RS-based Forest Trait retrieval encompasses a broad range of ecosystem properties, 
including canopy height and architecture, biomass, LAI, pigment and nitrogen 
concentrations, vegetation water status, photosynthetic activity, phenology and surface 
temperature. Different sensor technologies capture complementary trait dimensions: 
multispectral and hyperspectral systems are particularly suited to biochemical and 
physiological properties, thermal sensors provide information related to ecosystem 
energy and water dynamics, SAR is sensitive to structural and moisture-related 
properties, and LiDAR characterises three-dimensional forest architecture. Recent 
developments in high-resolution UAS observations, multi-sensor data fusion and cross-
scale integration are further expanding the range and consistency of observable forest 
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traits. For example, Spiers et al. [49] demonstrated the potential of UAS observations for 
morphological and physiological traits such as canopy structure and leaf chemistry, 
thereby providing an important observational bridge between field measurements and 
airborne or satellite RS. At the same time, standardised and spatially continuous retrieval 
of forest attributes is becoming increasingly important for operational forest inventories 
and monitoring programmes [38]. The following sections examine representative trait in-
dicators with respect to their ecological relevance to F-LUI, sensitivity to anthropogenic 
use and retrieval using contemporary RS approaches. 

6.1.1. Trait Indicators of F-LUI—Spectranomic Approach 

The Spectranomics approach developed by Asner and Martin [50] provides an im-
portant conceptual and methodological foundation for trait-based RS of forest ecosys-
tems. In contrast to conventional land-cover or object-based classification approaches, 
Spectranomics focuses not primarily on identifying tree species or forest types, but on the 
quantitative retrieval of functional vegetation traits from spectral information. It is based 
on the premise that vegetation reflectance is governed by biochemical, structural and 
physiological properties. Spectral signatures and thermal manifestation on forest ecosys-
tem condition and functioning are derived. 

The theoretical basis of Spectranomics lies in the coupling between leaf chemistry, 
plant physiology and electromagnetic radiation. Leaf pigments, nitrogen and water con-
tent, lignin and cellulose concentrations, leaf morphology and canopy structure influence 
reflectance across the visible (VIS), near-infrared (NIR) and shortwave-infrared (SWIR) 
spectral regions. Because these properties represent ecologically meaningful forest traits, 
imaging spectroscopy provides a means of quantifying and spatially mapping their vari-
ation [51,52]. 

A defining feature of the Spectranomics concept is the integration of extensive in situ 
measurements of functional traits with imaging spectroscopy. Measurements of leaf, can-
opy and stand properties are linked to hyperspectral reflectance observations to establish 
physically and ecologically interpretable relationships between spectral signals and veg-
etation properties. Contemporary retrieval approaches combine field observations with 
radiative transfer models, including PROSPECT and PROSAIL, and statistical or Machine 
Learning methods. This enables the spatial retrieval of multiple biochemical, structural 
and physiological forest traits, including leaf chlorophyll, nitrogen and water content, pol-
yphenols, lignin, cellulose, LAI, Leaf Mass per Area (LMA), canopy height and biomass. 
Hybrid approaches combining physically based models with Machine Learning have fur-
ther improved the robustness and transferability of trait retrieval [53,54]. 

The increasing availability of spaceborne imaging spectroscopy from operational 
missions such as PRISMA [52] and EnMAP [55], together with forthcoming missions such 
as Copernicus CHIME [56] and NASA’s Surface Biology and Geology hyperspectral visi-
ble-to-shortwave infrared mission (SBG-VSWIR) [57], is expected to substantially expand 
regional-to-global retrieval of biochemical and physiological forest traits. In combination 
with the complementary SBG Thermal Infrared (SBG-TIR) observations, these missions 
will increasingly enable spectral and thermal manifestations of forest functioning, water 
status and physiological stress to be investigated within a common trait-based monitoring 
framework. Multi-sensor data fusion and AI-supported retrieval approaches further in-
crease the potential for producing spatially and temporally consistent trait products 
across sensor platforms [58,59]. 

For F-LUI, Spectranomics is particularly relevant because anthropogenic interven-
tions can modify biochemical, structural and physiological forest traits. Rather than at-
tempting to observe management intensity directly, Spectranomics provides a methodo-
logical basis for characterising its ecological manifestations through continuous variation 
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in measurable vegetation properties and relating these changes to forest condition, biodi-
versity and ecosystem functioning. 

6.1.2. Trait Indicators of F-LUI—Leaf Chlorophyll Content (Cab) 

Cab is one of the most important biochemical forest traits and among the most fre-
quently retrieved vegetation properties from RS observations. As a principal photosyn-
thetic pigment, chlorophyll regulates light absorption and is closely associated with pho-
tosynthetic capacity, primary production, leaf nitrogen status and plant physiological per-
formance. Cab therefore provides a sensitive indicator of vegetation vitality, nutrient sta-
tus and physiological condition and plays an important role in trait-based forest monitor-
ing [50,54]. 

For F-LUI assessment, Cab is relevant because management interventions such as 
thinning, harvesting, changes in tree species composition and reforestation alter light 
availability, competition, nutrient cycling and water availability. These changes can affect 
canopy chlorophyll status and thereby provide information on physiological responses to 
different management regimes and intensities. Cab thus complements structural indica-
tors by providing a biochemical and physiological response dimension and may reveal 
changes in forest condition before substantial structural changes become apparent. 

RS retrieval of Cab exploits strong chlorophyll absorption in the blue and red spectral 
regions and particularly the sensitivity of the red-edge region (approximately 680–750 
nm). The position, slope and shape of the red edge respond strongly to chlorophyll con-
centration. Retrieval accuracy, however, is affected by LAI, canopy geometry, shadowing, 
understory vegetation and background reflectance, making explicit consideration of can-
opy structural effects essential [60]. 

Current retrieval approaches increasingly combine radiative transfer models such as 
PROSPECT and PROSAIL with statistical and Machine Learning algorithms. Hybrid 
methods exploit the physical interpretability of radiative transfer modelling together with 
the predictive capacity of data-driven approaches, while probabilistic methods such as 
Gaussian Process Regression (GPR) additionally allow retrieval uncertainty to be quanti-
fied [53]. Spaceborne imaging spectroscopy from PRISMA and EnMAP further facilitates 
retrieval of Cab together with complementary traits such as LNC, LWC, LMA and LAI 
across forest types [52]. 

Recent developments increasingly focus on simultaneous multi-trait retrieval and ex-
plicit consideration of phenological dynamics and canopy structural effects. Hybrid look-
up-table approaches and adaptive retrieval strategies can improve chlorophyll estimation 
in deciduous forests and its transferability across sensors, phenological stages and forest 
types [61]. Nevertheless, species-specific leaf optical properties, phenology, water stress, 
understory vegetation and climatic conditions remain important sources of uncertainty. 
Cab should therefore be interpreted together with complementary biochemical, structural 
and functional forest traits when assessing F-LUI. 

6.1.3. Trait Indicators of F-LUI—Leaf Nitrogen Content (LNC) 

LNC is a key functional Forest Trait because nitrogen strongly regulates photosyn-
thetic capacity, carbon assimilation and resource-use strategies in forest ecosystems. A 
substantial proportion of leaf nitrogen is associated with chloroplasts, including Rubisco 
and other photosynthetically active proteins. LNC is therefore closely related to photo-
synthetic capacity, growth and primary production and represents an important indicator 
of plant functional performance. Leaf nitrogen is also among the major plant functional 
traits used to characterise ecological strategies, resource acquisition and plant adaptation 
[13]. 
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LNC is relevant to F-LUI because forest management can alter ecosystem nitrogen 
cycling and resource availability. Thinning, changes in tree species composition, regener-
ation and changes in stand density modify light availability, competition, mineralisation 
and nutrient cycling, which can subsequently affect nitrogen uptake and allocation within 
vegetation. LNC can therefore provide information on site nutrient availability, produc-
tivity and regeneration or successional dynamics associated with different management 
regimes. 

Unlike chlorophyll, nitrogen cannot be retrieved from a single strong and unique ab-
sorption feature. Spectral features associated with nitrogen-containing proteins are com-
paratively weak and overlap with absorption by water, cellulose and lignin. LNC retrieval 
therefore relies strongly on hyperspectral information, particularly in the red-edge and 
SWIR regions, together with multivariate retrieval approaches capable of separating in-
teracting biochemical signals [54]. 

An important methodological advance was the development of PROSPECT-PRO, 
which explicitly represents proteins and carbon-based constituents as separate biochemi-
cal components of leaf optical properties. This enables physically based retrieval of pro-
tein-related traits and provides an improved basis for estimating nitrogen-related vegeta-
tion properties from imaging spectroscopy [54]. 

Spaceborne hyperspectral missions such as PRISMA and EnMAP are increasingly 
enabling operational retrieval of nitrogen-related vegetation traits. Hybrid methods com-
bining radiative transfer modelling with Machine Learning approaches such as Gaussian 
Process Regression, Kernel Ridge Regression (KRR) and Support Vector Regression (SVR) 
can improve the accuracy and transferability of LNC retrieval across forest types [52]. In-
creasingly, LNC is retrieved as part of multivariate trait products together with chloro-
phyll, water content, LMA, LAI and other functional properties. Such multi-trait ap-
proaches are particularly relevant to F-LUI because management effects are unlikely to be 
expressed through a single biochemical property but through coordinated changes across 
multiple forest traits. 

6.1.4. Trait Indicators of F-LUI—Leaf Water Content (LWC) and Canopy Water Content 
(CWC) 

LWC and CWC are important water-related forest traits with high relevance to F-LUI 
assessment. Whereas LWC characterises water content at leaf level, CWC integrates leaf 
water status with canopy-level properties such as LAI and biomass and therefore charac-
terises vegetation water storage at the canopy scale. These traits are closely associated 
with fundamental ecophysiological processes including photosynthesis, stomatal con-
ductance, transpiration, evaporative cooling and carbon uptake and respond sensitively 
to changes in forest structure and to natural and anthropogenic stressors [13]. 

Within the context of F-LUI, water-related traits can reflect management-induced 
changes in forest water relations. Thinning, harvesting, changes in tree species composi-
tion and reforestation alter canopy closure, stand density and radiation regimes and may 
consequently affect evapotranspiration, soil moisture and canopy water storage. In con-
trast to biochemical traits such as Cab and LNC, LWC and CWC provide a more direct 
indication of forest hydraulic status and can therefore contribute information on drought 
stress, vitality, resilience and post-management regeneration. 

RS retrieval of vegetation water content exploits pronounced water-absorption fea-
tures in the near- and shortwave infrared, particularly around 970, 1200, 1450 and 1940 
nm. The introduction of the Normalized Difference Water Index (NDWI) by Gao [62] pro-
vided an important basis for operational estimation of vegetation water status from mul-
tispectral observations. Physically based radiative transfer models such as PROSPECT 
and PROSAIL subsequently enabled explicit modelling of interactions among leaf optics, 



Environments 2026, 13, 536 27 of 80 
 

https://doi.org/10.3390/environments13100536 

water content and canopy structure, while hybrid approaches combining radiative trans-
fer modelling with Machine Learning have further improved retrieval accuracy, robust-
ness and transferability [53,63]. 

Recent developments increasingly address cross-sensor consistency and the separa-
tion of leaf- and canopy-scale effects. Ma et al. [64] developed a sensor-independent ap-
proach for retrieving CWC from Sentinel-2, Landsat-8 and MODIS observations by com-
bining PROSAIL simulations with artificial neural networks, facilitating consistent esti-
mation across different satellite systems and climatic regions. Fang et al. [65] proposed a 
physically based downscaling strategy for hyperspectral observations in which leaf spec-
tra are reconstructed from canopy spectra to reduce confounding effects of canopy struc-
ture and background reflectance before PROSPECT-based retrieval. 

Recent evidence also demonstrates that satellite and in situ estimates may represent 
different components of forest water status and should therefore be interpreted as com-
plementary rather than interchangeable observations [66]. Moreover, temporal and spa-
tial variation in CWC may arise from different underlying trait components: Allen et al. 
[67] showed that temporal variation can be dominated by changes in LWC, whereas spa-
tial differences are strongly influenced by canopy structure and LAI. This distinction is 
particularly important for F-LUI because management-induced structural changes could 
otherwise be misinterpreted as physiological changes in vegetation water status. 

6.2. Monitoring Genesis Indicators of F-LUI Using RS 

Genesis indicators describe the historical development and temporal dynamics of 
forest ecosystems resulting from anthropogenic management as well as natural disturb-
ance and regeneration processes. Whereas Trait indicators primarily characterise current 
forest conditions through observable biophysical properties, Genesis indicators describe 
the temporal trajectories of forest traits. They thereby enable the reconstruction of forest 
development, management history, succession and disturbance processes and represent 
the historical dimension of F-LUI. 

Genesis indicators are derived from multitemporal changes in forest traits. Temporal 
variation in canopy structure, biomass, LAI, vegetation vitality, water status or thermal 
properties can be quantified from RS observations and related to processes such as har-
vesting, thinning, reforestation, natural succession, windthrow, wildfire or insect disturb-
ance. The magnitude, rate, frequency, persistence and recovery of these trait changes pro-
vide information on the intensity and spatial extent of management and disturbance pro-
cesses. 

Long-term multispectral satellite archives, particularly Landsat and increasingly Sen-
tinel-2, provide the principal observational basis for reconstructing these trajectories over 
years to decades. Their integration with SAR, LiDAR and other complementary RS obser-
vations increasingly enables both abrupt disturbances and gradual ecosystem changes, as 
well as subsequent recovery trajectories, to be characterised. Genesis indicators therefore 
extend static trait observations into the temporal domain and enable a process-oriented 
interpretation of F-LUI. 

6.2.1. Genesis Indicators of F-LUI—Forest Disturbance History 

Forest disturbance history describes the timing, frequency, magnitude and spatial 
extent of disturbance events that shape the long-term development of forest ecosystems. 
Within the F-LUI framework, it represents a central Genesis indicator because anthropo-
genic interventions—including thinning, timber harvesting and clear-cutting—as well as 
natural disturbances such as windthrow, wildfire, drought and insect outbreaks produce 
characteristic changes in structural and functional forest traits. Because RS does not di-
rectly observe the underlying management decision or disturbance process, disturbance 
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history is reconstructed from temporal changes in traits such as canopy closure, LAI, bio-
mass, vegetation water content, chlorophyll status and three-dimensional stand structure. 

Multitemporal Landsat and Sentinel observations, complemented by SAR and in-
creasingly LiDAR data, provide the principal basis for detecting and reconstructing forest 
disturbances. Established time-series approaches such as LandTrendr [68], BFAST [69] 
and CCDC [70] enable disturbance and recovery trajectories to be reconstructed over sev-
eral decades. More recent approaches combine ensemble methods, multi-sensor RS obser-
vations and Machine Learning, improving both disturbance detection and the reconstruc-
tion of subsequent recovery trajectories [39,71]. 

Whereas early large-scale applications focused predominantly on detecting forest-
cover loss [72], recent research increasingly addresses the attribution and characterisation 
of disturbance processes. Machine Learning approaches can increasingly distinguish 
among disturbance agents such as harvesting, fire, windthrow and insect outbreaks [73]. 
Accordingly, the methodological focus is shifting from binary change detection towards 
forest disturbance characterisation, in which disturbance cause, magnitude, spatial extent 
and subsequent recovery are considered jointly [74]. 

Within the trait-based F-LUI framework, forest disturbance history therefore repre-
sents more than the detection of forest change. It reconstructs when, where, how fre-
quently and how strongly forest traits changed and, where attribution is possible, which 
anthropogenic or natural processes caused those changes. This temporal information is 
essential for distinguishing different disturbance and management regimes and provides 
a process-based dimension of F-LUI. 

6.2.2. Genesis Indicators of F-LUI—Forest Regeneration Dynamics 

Forest regeneration dynamics describe the recovery of structural and functional for-
est traits following anthropogenic or natural disturbances. Whereas forest disturbance his-
tory characterises the timing, magnitude and, where possible, cause of disturbance, re-
generation dynamics focus on the subsequent trajectory of ecosystem recovery. Within 
the F-LUI framework, regeneration is therefore particularly relevant because it captures 
the long-term ecological consequences of forest use rather than merely its immediate ef-
fects. 

The rate and completeness of recovery may vary substantially with disturbance and 
management intensity. Selective harvesting or less intensive management may retain 
structural and biological legacies that facilitate recovery, whereas severe or repeated dis-
turbances can delay regeneration or redirect ecosystems towards alternative trajectories. 
Regeneration dynamics can therefore complement disturbance history by describing the 
rate, direction and completeness of ecological recovery [75]. Importantly, these relation-
ships are context-dependent and also influenced by climate, forest type, site conditions 
and disturbance history. 

RS characterises regeneration through temporal trajectories of structural and func-
tional forest traits. Structural properties such as canopy closure, canopy height, LAI and 
AGB describe the re-establishment of forest structure, whereas biochemical and physio-
logical traits such as chlorophyll (Cab), LNC and LWC or CWC can provide complemen-
tary information on the recovery of photosynthetic functioning, nutrient status and vege-
tation water relations. Consequently, the return of greenness or canopy cover alone does 
not necessarily indicate complete ecological recovery. 

Recent research increasingly conceptualises regeneration as a recovery trajectory ra-
ther than as a single reforestation event. Maurent et al. [75] provide a framework for com-
paring recovery pathways, while global analyses demonstrate that disturbance severity 
can strongly influence the duration and completeness of ecosystem recovery. For exam-
ple, [76] analysing 3281 large wildfires worldwide showed that increasing fire severity 
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prolonged the recovery of vegetation density, canopy structure and primary production 
and reduced the probability of complete recovery, particularly in boreal forests. 

The integration of dense Landsat and Sentinel time series with LiDAR, SAR and im-
aging spectroscopy can further extend recovery monitoring from predominantly green-
ness-based measures towards structural and functional trait trajectories. Almeida et al.  
[77] for example, demonstrated the value of integrating LiDAR and hyperspectral infor-
mation for characterising structural and functional aspects of forest recovery. Recent 
global analyses additionally indicate that functional recovery may lag behind apparent 
canopy recovery. Yan et al. [78] reported slower recovery of CWC than of conventional 
greenness indicators, illustrating why hydraulic forest traits can provide information that 
is not captured by vegetation indices alone. 

Within the proposed framework, regeneration dynamics therefore connect disturb-
ance history with the subsequent functional and structural state of the forest. Whereas 
disturbance history identifies when and how strongly a forest changed, regeneration dy-
namics describe how rapidly, completely and along which trajectory forest traits recover. 

6.2.3. Genesis Indicators of F-LUI—Forest Succession 

Forest succession represents the longer-term reorganisation of forest ecosystems fol-
lowing natural or anthropogenic disturbance and constitutes the third temporal dimen-
sion of the Genesis indicator family. Whereas disturbance history characterises disturb-
ance events and regeneration dynamics describe subsequent recovery, succession encom-
passes longer-term changes in structural, functional and taxonomic forest traits over dec-
ades to centuries. These trajectories are shaped by species interactions, resource availabil-
ity, disturbance regimes, climate and forest management and ultimately determine the 
long-term development of forest structure, biodiversity and ecosystem functioning 
[79,80]. 

Contemporary ecological understanding increasingly moves beyond a simple linear 
progression from pioneer vegetation towards a single stable climax state. Recurrent dis-
turbances, management, fragmentation and climatic change can generate alternative suc-
cessional trajectories differing in species composition, structural complexity, functional 
diversity and ecosystem resilience. This is particularly relevant to F-LUI because repeated 
or intensive management may alter the rate, direction and endpoint of forest develop-
ment, potentially delaying or preventing the emergence of structurally complex and func-
tionally diverse forest states [81]. 

Succession itself cannot be observed directly by RS. Rather, it is reconstructed from 
long-term trajectories and combinations of structural, functional and taxonomic forest 
traits. Particularly informative properties include canopy height, LAI, AGB, canopy com-
plexity, Cab, LWC/CWC and trait-based measures of functional and taxonomic diversity. 
Long-term Landsat and Sentinel observations combined with LiDAR and SAR can there-
fore characterise transitions from early regeneration stages towards increasingly complex 
mature forest structures [39,58]. 

Methodologically, the emphasis is consequently shifting from mapping discrete suc-
cessional classes towards analysing continuous successional trajectories. Multi-sensor ap-
proaches integrate complementary structural, functional and taxonomically informative 
forest traits, while Machine Learning facilitates the analysis of large multitemporal da-
tasets and the identification of long-term changes in forest structure and functioning [74]. 

Importantly, different forest traits may recover or develop at different rates during 
succession. Hydraulic traits such as CWC, for example, may follow trajectories distinct 
from conventional greenness metrics [78]. Succession should therefore not be character-
ised solely by vegetation cover or biomass accumulation. Integrating structural, biochem-
ical, physiological and taxonomically informative traits provides a more comprehensive 
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representation of long-term ecosystem development and enables the effects of different 
management regimes on forest trajectories to be assessed. 

6.2.4. Genesis Indicators of F-LUI—Land-Use Legacy 

Land-use legacy describes the persistent effects of historical land use and forest man-
agement on the present state and functioning of forest ecosystems. Whereas the preceding 
Genesis indicators describe disturbance, regeneration and succession as temporal pro-
cesses, land-use legacy integrates their long-term cumulative consequences. It represents 
the ecological ‘memory’ of forest ecosystems and helps explain why forests subject to sim-
ilar contemporary management may nevertheless differ substantially in structure, species 
composition, biodiversity, functional diversity and ecosystem functioning. Within the F-
LUI framework, land-use legacy therefore connects historical forest use with present-day 
forest traits. 

Historical management practices such as coppicing, coppice-with-standards systems, 
clear-cutting, afforestation, drainage or former agricultural use can leave persistent signa-
tures in forest structure, tree species composition, soil development and ecosystem func-
tioning. Such effects may remain detectable for decades or centuries. Persistent manifes-
tations can include differences in canopy height, vertical structural complexity, AGB, can-
opy architecture, functional diversity and landscape configuration. Land-use legacy there-
fore does not describe an individual historical event, but the cumulative imprint of past 
land use on contemporary forest traits. 

The ecological importance of historical land use was established by Foster et al. [82], 
who demonstrated that past land use can influence biodiversity, ecosystem structure, bi-
ogeochemical cycling and ecosystem functioning over very long periods. Subsequent 
work showed persistent effects on plant species composition, soils and forest develop-
ment [83,84]. More recent trait-based research extends this perspective to below-ground 
ecosystem properties. Mejía et al. [85], for example, showed along a secondary-succession 
gradient on former agricultural land that land-use legacies can influence contemporary 
tree composition, functional root traits and mycorrhizal associations. Present-day forest 
traits may therefore reflect not only current management, but also historical land use and 
subsequent ecological development. 

Because historical land use itself cannot be observed retrospectively by contemporary 
RS, its reconstruction requires the integration of historical information with present and 
long-term trait observations. Historical maps, aerial photographs, forest inventories and 
management records can establish past land-use conditions, while satellite time series and 
contemporary LiDAR, SAR or UAV observations characterise their persistent manifesta-
tions in forest traits. Three-dimensional structure, canopy complexity, biomass and func-
tional diversity may retain information on past management that is no longer evident 
from conventional greenness metrics alone [49,77]. 

Within the trait-based F-LUI framework, land-use legacy therefore provides the long-
term integrative dimension of Genesis. It explicitly acknowledges that contemporary trait 
patterns cannot always be explained by present-day management or environmental con-
ditions alone. Incorporating historical land use is consequently essential for avoiding in-
correct attribution of persistent Forest Trait patterns to current F-LUI. 

6.3. Monitoring Structural Indicators of F-LUI Using RS 

Structural indicators describe the spatial organisation and horizontal and vertical ar-
chitecture of forest ecosystems and constitute one of the six indicator families of the trait-
based framework proposed for quantifying F-LUI. Whereas Trait indicators represent in-
dividual observable properties of forest ecosystems, structural indicators integrate one or 
more forest traits into measures of stand organisation, spatial configuration and structural 
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complexity. They therefore represent the spatial manifestation of ecosystem changes re-
sulting from forest management, natural disturbances and successional processes. 

Their derivation is based primarily on structural forest traits such as canopy height, 
canopy cover, vertical layering, crown architecture, canopy roughness, gap structure and 
the spatial distribution of AGB. These properties respond directly or indirectly to thin-
ning, harvesting, regeneration, changes in management systems and landscape fragmen-
tation. Within the trait-based F-LUI framework, these observable forest traits constitute 
the measurement basis, whereas structural indicators provide their ecological interpreta-
tion at stand and landscape scales. 

RS provides unique capabilities for repeatedly characterising forest structure across 
spatial scales ranging from individual trees to landscapes. Very-high-resolution optical 
imagery, Synthetic Aperture Radar (SAR), LiDAR and increasingly multi-sensor data fu-
sion provide complementary information on horizontal and vertical forest organisation. 
The following sections focus on five particularly relevant structural dimensions of F-LUI: 
horizontal forest structure and fragmentation, vertical forest structure, spatial tree-species 
configuration, deadwood and AGB. 

6.3.1. Structural Indicators of F-LUI—Horizontal Forest Structure, Landscape Configura-
tion and Fragmentation 

Horizontal forest structure describes the spatial composition and configuration of 
forest landscapes. Here, composition refers not to taxonomic tree-species composition, but 
to the relative abundance and spatial distribution of structural landscape elements such 
as closed forest, canopy gaps, core forest, forest edges, openings and linear infrastructure. 
Configuration describes their size, shape, arrangement, isolation and connectivity. Forest 
management, infrastructure development and land-use change modify these properties 
and can generate characteristic patterns of perforation, dissection and fragmentation, with 
consequences for microclimate, biodiversity, biomass and ecosystem functioning [86]. 

Within the trait-based F-LUI framework, these indicators are derived from spatially 
explicit forest traits such as canopy cover, canopy closure, gap size, edge position, stand 
density and vegetation continuity. Their aggregation at stand and landscape scales ena-
bles the quantification of forest amount, patch size and density, edge density, core forest 
area, shape complexity, gap density, isolation and connectivity. Considering both forest 
amount and forest configuration is particularly important because landscapes with iden-
tical forest cover can exhibit fundamentally different degrees of fragmentation and there-
fore different ecological manifestations of land-use intensity [87]. 

Optical, SAR and increasingly LiDAR observations provide the principal RS basis for 
deriving forest masks, canopy-cover products and spatial structural information. Long-
term Landsat observations are particularly valuable for reconstructing fragmentation dy-
namics, whereas Sentinel-2 and very-high-resolution imagery provide finer spatial infor-
mation on contemporary forest configuration. Global products such as GLC_FCS30D pro-
vide long-term land-cover information from dense Landsat observations, while ap-
proaches based on semantic segmentation and Deep Learning increasingly improve the 
detection of complex forest boundaries and small-scale structural elements. Dynamic 
World provides high-frequency 10-m land-cover information from Sentinel-2, although 
its probabilistic land-cover estimates should be interpreted carefully when used for forest-
fragmentation analysis [88–90]. 

Landscape metrics can subsequently be calculated at patch, class and landscape lev-
els. FRAGSTATS [91] remains a widely established framework for quantifying landscape 
pattern, complemented by Morphological Spatial Pattern Analysis (MSPA), graph-based 
connectivity metrics and least-cost or circuit-theory approaches. MSPA distinguishes 
structural elements such as core areas, edges, bridges and isolated fragments [92], whereas 
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indices such as the Probability of Connectivity (PC) and Integral Index of Connectivity 
(IIC) combine habitat amount and spatial connectivity [93]. For F-LUI monitoring, a com-
bination of forest amount, core forest area, edge density, effective mesh size and structural 
connectivity may therefore provide substantially more information than any individual 
fragmentation metric. 

Fragmentation is particularly relevant to F-LUI because it integrates cumulative spa-
tial consequences of forest use beyond forest-cover loss alone. Increasing edge exposure 
and decreasing connectivity can alter forest microclimate, biomass and ecological integ-
rity. Global analyses have demonstrated the pervasive exposure of forests to edge effects, 
while recent work indicates substantial reductions in AGB towards forest edges [86]. The 
Forest Landscape Integrity Index further illustrates how fragmentation, anthropogenic 
pressure and connectivity can be combined to characterise landscape-scale forest integrity 
[94]. 

However, fragmentation metrics are strongly scale-dependent. Spatial resolution, 
forest definitions, canopy-cover thresholds, minimum mapping units and analysis-win-
dow size can substantially affect estimated patterns. Dynamic analyses of changes in patch 
structure, edge density and connectivity are therefore preferable to static snapshots when 
the objective is to infer F-LUI dynamics. Increasingly, semantic segmentation also enables 
roads, skid trails, clearings and other linear infrastructure to be detected directly, poten-
tially capturing subtle forest perforation before extensive canopy loss occurs. 

6.3.2. Structural Indicators of F-LUI—Forest Vertical Structure 

Vertical forest structure is particularly sensitive to forest management because har-
vesting, thinning, regeneration systems and tree-species selection directly modify the 
three-dimensional organisation of forest stands. These interventions affect canopy height, 
vertical layering, canopy closure, biomass distribution and structural heterogeneity, 
thereby influencing light availability, microclimate, carbon storage, habitat quality and 
biodiversity [95]. 

Within the trait-based framework, vertical structure indicators are derived from ob-
servable forest traits including canopy and stand height, vertical foliage distribution, can-
opy layering, canopy roughness, gap fraction and vertical biomass distribution. Rather 
than interpreting a single height measurement as F-LUI, combinations of these traits de-
scribe the three-dimensional structural complexity resulting from management, disturb-
ance and succession. 

Optical sensors provide primarily indirect information on vertical structure through 
texture, shadowing, stereoscopy and crown characteristics, whereas active sensors enable 
more direct three-dimensional observations. Airborne Laser Scanning (ALS) remains one 
of the most powerful approaches for retrieving canopy height, crown architecture, vertical 
layering and gaps at stand-to-landscape scales. Terrestrial Laser Scanning (TLS) provides 
complementary high-resolution information on stem geometry, understory structure and 
within-stand architecture [96]. UAV-based LiDAR increasingly bridges these observation 
scales by combining centimetre-to-decimetre spatial detail with flexible acquisition. 

SAR provides complementary structural information, particularly at longer wave-
lengths. L-band and especially P-band observations penetrate deeper into forest canopies 
than shorter-wavelength radar and are sensitive to woody vegetation structure and bio-
mass. Polarimetric and interferometric approaches, including PolSAR, InSAR and PolIn-
SAR, can further support retrieval of forest height and vertical structural properties. Im-
portantly, the ESA BIOMASS mission is no longer a forthcoming mission: it was launched 
in April 2025. Your original sentence should therefore be updated. Its P-band SAR obser-
vations provide an important new source of information on woody biomass and forest 
structure, particularly in high-biomass forests. 
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Spaceborne LiDAR has further transformed large-scale forest-structure monitoring. 
The Global Ecosystem Dynamics Investigation (GEDI) provides waveform-derived met-
rics such as Relative Height (RH) measures and Plant Area Volume Density (PAVD), en-
abling vertical forest structure to be sampled consistently across broad geographical re-
gions [12]. These measurements are particularly valuable for characterising structural 
complexity and linking three-dimensional forest traits to habitat quality, biodiversity, bi-
omass and ecosystem functioning. 

Accordingly, current research is moving beyond individual measures such as canopy 
height towards multidimensional descriptions of three-dimensional structural complex-
ity. Foliage Height Diversity (FHD), PAVD, gap fraction, canopy roughness and vertical 
heterogeneity capture aspects of stand organisation that cannot be represented by mean 
canopy height alone. This is particularly relevant to F-LUI because forests with similar 
mean heights may differ substantially in vertical layering and structural complexity as a 
consequence of contrasting management histories. 

Multi-sensor fusion represents the logical next step. Combining GEDI with ALS, Sen-
tinel-1/-2, UAV-LiDAR and imaging spectroscopy can extend discrete or locally available 
structural measurements towards spatially continuous products. Machine Learning and 
Deep Learning increasingly facilitate this spatial upscaling, although model transferabil-
ity, reference-data quality and uncertainty remain critical limitations [58]. 

6.3.3. Structural Indicators of F-LUI—Spatial Tree-Species Configuration 

Forest species composition and its spatial configuration represent an important struc-
tural dimension of F-LUI. Within the trait-based F-LUI framework, however, they are not 
directly observable forest traits, but higher-level response indicators derived from the 
classification and spatial organisation of species-specific trait expressions. Tree species 
differ in morphological, biochemical, phenological and structural properties, including 
crown architecture, leaf and needle morphology, pigment composition, water content, 
seasonal phenology and vertical crown organisation. RS captures these forest traits and 
their spatial and temporal variability; their classification and spatial aggregation enable 
the derivation of indicators describing tree-species dominance, mixture and spatial organ-
isation at stand and landscape scales. Changes in these patterns can reflect the long-term 
effects of species selection, forest conversion, natural regeneration, succession and man-
agement and therefore provide important information for assessing F-LUI. 

Operational mapping of tree-species composition increasingly relies on multispectral 
and hyperspectral RS observations. Multitemporal Sentinel-2 time series exploit species-
specific differences in budburst, leaf development and senescence, thereby improving the 
discrimination of deciduous and coniferous tree species. Hemmerling et al. [97] demon-
strated the potential of dense Sentinel-2 time series for tree-species mapping in temperate 
forests. At national scale, Blickensdörfer et al. [98] developed a Germany-wide tree-spe-
cies map by integrating Sentinel-1, Sentinel-2 and German National Forest Inventory data. 
Schulz et al. [99] further demonstrated that combining spectral and phenological time-
series information enables the discrimination of a large number of Central European tree 
species, highlighting the value of phenological forest traits for large-scale species map-
ping. 

The increasing availability of imaging spectroscopy extends this approach beyond 
conventional species classification by providing information on biochemical and func-
tional differences among species. Hyperspectral observations are sensitive to forest traits 
related to pigments, leaf chemistry and vegetation water content, whereas LiDAR pro-
vides complementary information on crown architecture, canopy height and vertical 
stand structure. Combining spectral and three-dimensional structural traits can substan-
tially improve species discrimination, particularly in structurally heterogeneous forests. 
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Mäyrä et al. [100], for example, demonstrated highly accurate individual-tree species clas-
sification by integrating airborne hyperspectral and LiDAR data with three-dimensional 
Convolutional Neural Networks. Similar developments increasingly exploit UAV-based 
sensor fusion and Deep Learning to characterise individual crowns and fine-scale species 
mixtures. 

At the same time, tree-species mapping is shifting from discrete species classification 
towards continuous representations of species composition. This is particularly important 
in mixed forests, where individual pixels or canopy objects may contain signals from sev-
eral species and discrete classifications can inadequately represent compositional hetero-
geneity. Continuous approaches estimate species-specific cover, crown or biomass frac-
tions and therefore provide a more realistic representation of transitions between mono-
specific and mixed stands. Spectral-spatial Deep Learning approaches can further exploit 
both spectral information and neighbourhood structure to characterise heterogeneous for-
est composition [101]. 

The resulting species maps and fractional estimates can be aggregated into structural 
indicators relevant to F-LUI. Species composition describes the relative abundance and 
dominance of tree species, whereas species configuration describes how these species are 
spatially arranged within stands and landscapes. Relevant metrics include species pro-
portions, dominance and evenness, mixing indices and spatial configuration measures 
such as patch size, patch density, aggregation, adjacency and connectivity. Diversity 
measures such as Shannon and Simpson indices or Hill numbers can additionally charac-
terise compositional heterogeneity, although their interpretation overlaps with the Taxo-
nomic indicator family. Within the Structural family, their principal relevance lies in de-
scribing how species mixtures are spatially organised—for example, as extensive mono-
specific stands, fine-scale mixtures, group-wise mixtures or heterogeneous forest mosaics. 

This distinction is particularly relevant to F-LUI. Forest management can alter not 
only which species are present, but also their relative dominance and spatial arrangement. 
Species selection, planting, thinning, rotation systems, conversion of monospecific plan-
tations, natural regeneration and CCF can generate markedly different spatial patterns 
even where overall species richness is similar. Consequently, species configuration can 
reveal structural manifestations of management that cannot be represented by taxonomic 
composition alone. 

In addition to explicit species mapping, spectral diversity provides a complementary 
approach. Spectral diversity describes spatial variation in spectral trait expressions and 
can be associated with taxonomic, functional and structural heterogeneity. Spectral diver-
sity metrics may therefore provide indirect information on tree-species composition and 
stand heterogeneity, particularly where complete species-level classification is not feasi-
ble. However, spectral diversity should not be equated directly with species diversity be-
cause spectral variation is also influenced by canopy structure, phenology, illumination, 
physiological condition and environmental heterogeneity. Reduced spectral and struc-
tural heterogeneity may indicate increasing stand homogenisation under particular man-
agement regimes, but such patterns are not uniquely attributable to management and 
should therefore be interpreted together with Genesis, Functional and other Structural 
indicators. 

Important methodological challenges remain. Closely related tree species may ex-
hibit similar spectral characteristics, while phenological variability, crown overlap, illu-
mination and viewing geometry can substantially affect classification. Model transferabil-
ity among regions, forest types and sensor systems also remains limited. Multiseasonal 
observations, sensor fusion, high-quality in situ reference data and advanced Machine 
Learning and AI-based classification approaches are therefore essential for robust and 
transferable tree-species mapping [102,103]. 
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Within the trait-based F-LUI framework, forest species composition and configura-
tion should therefore be interpreted as higher-level indicators derived from species-spe-
cific forest traits and their spatial organisation rather than as directly observable RS prop-
erties. Their particular value for the Structural indicator family lies in revealing how forest 
management modifies the dominance, mixture and spatial arrangement of tree species, 
thereby linking observable trait variation to the structural consequences of F-LUI. 

6.3.4. Structural Indicators of F-LUI—Deadwood 

Deadwood is a particularly informative structural response indicator of F-LUI be-
cause its amount, diversity and spatial organisation integrate long-term effects of forest 
management, mortality, natural disturbance and succession. Relevant properties include 
standing and downed deadwood, snags, coarse woody debris, stumps, size classes, decay 
stages and their spatial distribution. These characteristics are closely linked to habitat pro-
vision, biodiversity, nutrient cycling and carbon dynamics and can therefore reveal man-
agement effects that are not captured by living canopy structure alone. 

In many forest systems, increasing management intensity and systematic removal of 
dead or damaged trees reduce deadwood quantity and structural diversity, whereas un-
managed or less intensively managed forests generally contain larger and more heteroge-
neous deadwood pools. Paillet et al. [104], for example, demonstrated substantial biodi-
versity differences between managed and unmanaged European forests, particularly for 
taxa associated with deadwood and old-growth structures. Deadwood can therefore pro-
vide an important long-term structural indication of management history, although dis-
turbance history and salvage logging must be considered when interpreting its abun-
dance. 

RS observes deadwood through combinations of forest traits associated with mortal-
ity and structural change. Multispectral and hyperspectral observations capture changes 
in pigments, water content and exposed woody material, whereas LiDAR provides infor-
mation on the three-dimensional geometry of standing dead trees, crown degradation and 
larger downed woody material. ALS supports landscape-scale detection of snags and can-
opy mortality, while TLS provides highly detailed measurements of geometry, volume 
and decay-related structural properties. Combining ALS and TLS can therefore substan-
tially improve the characterisation and validation of coarse woody debris and standing 
deadwood [105–107]. 

Current developments increasingly integrate UAV imagery, LiDAR and spectral in-
formation with Machine Learning and Deep Learning. High-resolution aerial or UAV im-
agery can support object-level detection of individual dead trees, whereas Sentinel-2 and 
other satellite observations provide complementary information for broader-scale mortal-
ity monitoring. The combination of spectral and three-dimensional forest traits is particu-
larly promising for distinguishing living vegetation, standing dead trees and different 
stages of canopy deterioration. 

Nevertheless, deadwood remains substantially more difficult to quantify by RS than 
living canopy structure or AGB, particularly for downed material beneath closed cano-
pies. Consequently, RS-derived deadwood indicators require strong in situ calibration 
and should be interpreted together with disturbance history, forest structure and man-
agement information. 

6.3.5. Structural Indicators of F-LUI—Aboveground Biomass (AGB) 

AGB is a central structural response indicator of F-LUI because it integrates the cu-
mulative effects of forest growth, mortality, disturbance and management within the con-
temporary forest state. Harvesting, thinning, rotation length, tree-species selection and 
regeneration alter both biomass stocks and their spatial and temporal distribution. Within 
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the trait-based framework, AGB is inferred from combinations of observable forest traits, 
particularly canopy height, crown dimensions, vertical vegetation structure and related 
structural properties, supported by field-based allometric relationships. It thereby links 
the structural dimension of F-LUI to carbon storage and ecosystem productivity. 

AGB should not, however, be interpreted as a direct or monotonic measure of man-
agement intensity. High biomass can occur both in old, relatively undisturbed forests and 
in highly productive managed stands, whereas low biomass may result from harvesting, 
young stand age, low site productivity or natural disturbance. Biomass therefore gains 
diagnostic value for F-LUI primarily when interpreted together with vertical structure, 
species composition, deadwood, disturbance history and regeneration dynamics. 

Optical, SAR and LiDAR systems provide complementary information for AGB esti-
mation. Optical observations characterise canopy cover, leaf area and vegetation condi-
tion but tend to saturate in dense forests and have limited direct sensitivity to woody bi-
omass. SAR responds to vegetation structure, moisture and volume scattering, with 
longer wavelengths generally providing greater sensitivity to woody components. LiDAR 
has particular value because canopy height and vertical vegetation profiles are strongly 
related to biomass, although retrieval accuracy remains dependent on forest type, field 
reference data, allometric models and spatial scale [108]. 

GEDI represents a major advance in large-scale AGB estimation. Its waveform Li-
DAR observations provide structural measurements within discrete footprints that are 
linked with field and airborne LiDAR reference data to derive AGB density estimates and 
associated uncertainties. Because GEDI samples rather than continuously images the 
Earth’s surface, its observations are increasingly integrated with spatially continuous op-
tical and SAR data to produce wall-to-wall biomass products [12,109]. 

The ESA BIOMASS mission, launched in 2025, adds a particularly important comple-
mentary capability. Its spaceborne P-band SAR observations are designed to provide in-
formation on forest biomass and structure, with particular relevance to high-biomass for-
ests where shorter-wavelength radar and optical approaches frequently saturate. The 
combination of BIOMASS, GEDI, Landsat, Sentinel-1/-2 and airborne or UAV LiDAR 
therefore provides a powerful emerging basis for multi-sensor AGB monitoring. 

Within the F-LUI framework, the greatest value of AGB lies not in a single biomass 
estimate but in its spatial and temporal trajectory. Changes in biomass stocks, their spatial 
heterogeneity and their relationship to disturbance, regeneration and three-dimensional 
forest structure can reveal cumulative consequences of forest use. Multi-sensor fusion and 
AI-supported upscaling are increasingly enabling these relationships to be quantified con-
sistently across stands, landscapes and regions. 

6.4. Monitoring Taxonomic Indicators of F-LUI Using RS 

Taxonomic indicators describe the biological composition of forest ecosystems and 
provide information on tree species, forest types, their diversity and their spatial distribu-
tion. In contrast to structural indicators, which characterise the spatial organisation and 
architecture of forests, taxonomic indicators focus on the biological identity and composi-
tion of vegetation and their changes in response to anthropogenic use. They therefore en-
able changes in biological diversity and the ecological characteristics of forest ecosystems 
to be assessed as an important dimension of F-LUI. 

Within the trait-based F-LUI framework, taxonomic entities are not directly observed 
by RS. RS sensors initially record physical properties of vegetation from which observable 
forest traits, such as crown structure, leaf chemistry, pigment content, water status and 
phenology, can be derived. Only the combination and ecological interpretation of these 
traits enable the classification of tree species, forest types and other taxonomic entities. 
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Taxonomic indicators therefore represent higher-level classifications derived from forest 
traits rather than directly observable RS properties. 

In particular, high-resolution multispectral and hyperspectral sensors, together with 
LiDAR and SAR observations, have considerably expanded the potential for deriving tax-
onomic information in recent years. The following sections present the principal RS-based 
taxonomic indicators for characterising forest cover and forest types, tree species and tax-
onomic diversity, forest communities and habitat types, and ecological integrity and nat-
uralness in the context of F-LUI. 

6.4.1. Taxonomic Indicators of F-LUI—Forest Land Cover and Forest Type Classification 

The classification of forest land cover and forest types constitutes the fundamental 
taxonomic level for assessing F-LUI. Whereas land-cover classifications primarily distin-
guish forest from non-forest areas, forest-type classifications describe the biological iden-
tity of forest ecosystems according to dominant tree species, vegetation formations, 
stand composition or management-related forest categories. Within the trait-based F-
LUI framework, forest types are not directly observable forest traits but taxonomic clas-
ses derived from characteristic combinations of structural, biochemical, phenological 
and spectral forest traits. Changes in forest cover and forest types resulting from defor-
estation, reforestation, forest conversion, plantation forestry, natural regeneration or suc-
cession reflect long-term consequences of different management intensities and there-
fore constitute taxonomic response indicators of F-LUI. 

For quantifying F-LUI, however, a simple forest/non-forest classification is insuffi-
cient. Of particular relevance is the differentiation of biologically and management-rele-
vant forest types, for example deciduous, coniferous and mixed forests; primary and sec-
ondary forests; semi-natural forests; plantations; and agroforestry systems. These forest 
types differ not only in their biological composition but also in stand age and structure, 
biodiversity, carbon storage, productivity and resilience. Their differentiation therefore 
provides an important basis for national forest inventories, international biodiversity pro-
grammes and global climate and forest monitoring. 

RS now enables standardised and consistent mapping of forest cover and forest types 
from local to global scales. Multispectral satellite systems such as Landsat and Sentinel-2 
provide the basis for operational forest-type mapping because of their long time series 
and frequent repeat observations. Sentinel-1 complements these observations with radar 
information related to forest structure and moisture and can improve classification, par-
ticularly in persistently cloudy regions and structurally heterogeneous forests. Combining 
optical and radar time series can provide more robust differentiation of forest types than 
individual observations [110]. Multitemporal Sentinel-2 observations further improve for-
est-type classification by capturing seasonal differences in vegetation spectral and pheno-
logical traits. For complex deciduous forests, Shirazinejad et al. [111] demonstrated the 
value of multidate Sentinel-2 observations for differentiating forest types. 

Global datasets have substantially advanced operational forest monitoring. The 
global forest-cover-change maps developed by Hansen et al. [72] remain an important 
reference for monitoring changes in forest extent. ESA WorldCover provides globally har-
monised land-cover maps for the reference years 2020 and 2021 at 10-m spatial resolution, 
derived from combined Sentinel-1 and Sentinel-2 observations and distinguishing eleven 
land-cover classes [112]. In Europe, the Copernicus High Resolution Layer Forest and as-
sociated forest-type products provide complementary operational information for differ-
entiating broadleaved, coniferous and mixed forests and support consistent monitoring 
of biological forest types. For F-LUI assessment, datasets that distinguish relatively natu-
ral forests from anthropogenically modified forest systems are of particular relevance. 
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Lesiv et al. [113] developed a global forest-management map for 2015 at 100-m spatial 
resolution. The dataset distinguishes different forms of forest management and thereby 
extends conventional forest/non-forest classifications by incorporating management-re-
lated categories. For F-LUI monitoring, it provides an important basis for spatially explicit 
assessment of anthropogenic influences on forest ecosystems. However, its comparatively 
coarse spatial resolution and differences in classification accuracy among management 
classes limit its application at stand level. Combined with higher-resolution information 
on forest types, tree species and forest structure, such management maps can nevertheless 
contribute substantially to quantifying taxonomic changes associated with different levels 
of forest-use intensity. 

In parallel, forest-type classification is increasingly shifting from static land-cover 
maps towards continuous and probabilistic classification approaches. Modern products 
increasingly provide class probabilities and uncertainty information in addition to the 
most probable forest class. Such approaches can represent transition zones between forest 
types and gradual changes in biological forest identity more effectively than conventional 
discrete classifications. 

Current developments are increasingly driven by multi-sensor data fusion and AI. 
Deep Learning models, including Convolutional Neural Networks (CNNs), Vision Trans-
formers (ViTs) and hybrid architectures, can integrate multispectral, hyperspectral, Li-
DAR and SAR observations with multitemporal time series, thereby improving both clas-
sification accuracy and transferability across forest regions. Recent reviews indicate that 
the integration of complementary sensor systems with multimodal Deep Learning is in-
creasingly shaping forest-type classification and is likely to play an important role in op-
erational forest inventories and monitoring of biological forest types [114,115]. 

6.4.2. Taxonomic Indicators of F-LUI—Tree Species and Taxonomic Diversity 

Tree-species composition and taxonomic diversity constitute a central taxonomic di-
mension of F-LUI because they describe the biological identity of forest ecosystems. Man-
agement practices such as species selection, afforestation, natural regeneration, forest con-
version, selective harvesting and the promotion of economically important species can 
alter species composition, dominance relationships and stand diversity over long periods. 
Within the trait-based F-LUI framework, tree species and their diversity therefore repre-
sent taxonomic response indicators reflecting the biological consequences of different 
management intensities. In contrast to the Structural indicators discussed in Section 6.3, 
which focus on the spatial organisation and configuration of forest stands and species 
mixtures, the emphasis here is on species identity and taxonomic diversity. 

RS does not directly observe tree species. Instead, it captures species-specific combi-
nations of morphological, structural, biochemical and phenological forest traits. Differ-
ences in crown architecture, leaf and needle morphology, pigment and water content, leaf 
chemistry, seasonal phenology and vertical canopy structure produce characteristic spec-
tral and structural signals. Taxonomic information emerges only through the combina-
tion, classification and ecological interpretation of these trait expressions. Relevant F-LUI 
indicators include the occurrence of individual tree species, species proportions, species 
richness, dominance relationships, taxonomic diversity and temporal changes in species 
composition. These properties are also closely associated with biodiversity, habitat qual-
ity, productivity and ecosystem resilience [15,116]. 

Operational tree-species mapping has advanced substantially through the increasing 
availability of multitemporal satellite time series. Sentinel-2 captures species-specific dif-
ferences in phenology and biochemical and spectral forest traits, whereas Sentinel-1 pro-
vides complementary information on canopy structure and vegetation moisture. Their 
combination enables increasingly robust mapping of dominant tree species from regional 
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to national scales. For Germany, Blickensdörfer et al. [98] developed a nationwide tree-
species map based on multitemporal Sentinel-1 and Sentinel-2 observations combined 
with German National Forest Inventory reference data, demonstrating the potential of 
satellite time series for monitoring taxonomic forest patterns. Schulz et al. [99] further 
showed that phenological time series can improve the differentiation of numerous Central 
European tree species and particularly support the identification of less abundant species. 

For high-resolution applications, imaging spectroscopy and LiDAR currently pro-
vide particularly powerful complementary information. Hyperspectral sensors capture 
species-specific biochemical traits related to pigments, nitrogen and water content, 
whereas LiDAR provides three-dimensional information on crown architecture and ver-
tical canopy structure. Combining these complementary biochemical and structural forest 
traits can substantially improve the discrimination of morphologically or spectrally simi-
lar tree species [102]. 

The concept of spectral diversity has become an important approach for indirectly 
assessing taxonomic and functional diversity using RS. Numerous studies have demon-
strated relationships between spatial spectral variability and biological diversity. How-
ever, these relationships are not universal and depend on spatial scale, habitat type, phe-
nology and the spectral diversity metrics applied [117]. Empirical studies have further 
shown that the original Spectral Variability Hypothesis (SVH) does not apply consistently 
across all landscapes and spatial scales, emphasising the need for ecologically differenti-
ated interpretation of spectral diversity metrics [118]. 

Current developments are increasingly shaped by multi-sensor data fusion and AI. 
CNNs, ViTs, self-supervised learning and multimodal Foundation Models enable the joint 
analysis of optical, hyperspectral, LiDAR and SAR observations and have the potential to 
improve both classification accuracy and model transferability across forest regions. Re-
cent reviews indicate that combining complementary sensor systems with Deep Learning 
is increasingly defining the state of the art in tree-species classification and may become 
an important component of operational biodiversity monitoring [115]. 

6.4.3. Taxonomic Indicators of F-LUI—Forest Communities and Habitat Types 

The effects of F-LUI often become particularly apparent at the level of forest commu-
nities and habitat types. Whereas individual tree species may respond relatively rapidly 
to management interventions, forest communities integrate the longer-term effects of 
management, succession and site conditions. Transitions from semi-natural forest com-
munities towards species-poorer production forests, the loss of characteristic associated 
species or the transformation of protected habitat types can therefore reflect cumulative 
effects of F-LUI and constitute informative taxonomic response indicators. 

Mapping forest communities is among the more challenging applications of RS be-
cause habitat types are defined by the combined characteristics of tree, shrub and herb 
layers together with environmental site conditions. Modern approaches therefore inte-
grate multitemporal Sentinel-2 time series, Sentinel-1 SAR, LiDAR, digital terrain models 
and climatic and soil information with Machine Learning and Deep Learning methods. 
Gafurov et al. [119] demonstrated that forest communities based on the Braun-Blanquet 
system can be mapped objectively and reproducibly using Landsat time series and unsu-
pervised Machine Learning. Similarly, the hierarchical-modular approach of Punalekar et 
al. [120] illustrates how integrating RS observations with topographic, edaphic and eco-
logical contextual information can improve national-scale habitat mapping. 

For Europe, standardised classification systems such as the European Nature Infor-
mation System (EUNIS) habitat classification and the Natura 2000 habitat types are par-
ticularly important because they enable harmonised description and assessment of forest 
habitats across national boundaries and underpin numerous conservation and monitoring 



Environments 2026, 13, 536 40 of 80 
 

https://doi.org/10.3390/environments13100536 

programmes (EEA, 2020) [121]. At the same time, phytosociological classification accord-
ing to Braun-Blanquet remains an important scientific basis for many national vegetation 
maps and forest-community classifications. A recent global review indicates that the 
Braun-Blanquet approach continues to be one of the most widely used reference systems 
for describing and classifying plant communities internationally [122]. Increasing integra-
tion of these established ecological classification systems with RS observations and AI-
supported classification approaches offers new opportunities for standardised, large-scale 
mapping of forest communities and habitat types. 

In parallel, rapid developments in AI are transforming habitat mapping. Deep Learn-
ing models, ViTs and multimodal data fusion enable the joint analysis of optical, radar 
and LiDAR observations and can improve the delineation of complex forest communities. 
A recent review by Matyukira and Mhangara [123] highlights the rapidly growing role of 
AI-supported approaches in vegetation mapping. For F-LUI, these developments offer the 
opportunity not only to map forest communities at individual points in time but also to 
track their temporal trajectories, thereby facilitating the detection of gradual manage-
ment-related changes. 

6.4.4. Taxonomic Indicators of F-LUI—Ecological Integrity and Naturalness Classes 

F-LUI affects not only tree species, forest communities and habitat types but, over 
longer periods, also the overall ecological condition of forest ecosystems. Concepts such 
as ecological integrity, naturalness, hemeroby, primary forests and Intact Forest Land-
scapes (IFLs) describe this condition along gradients ranging from near-natural to 
strongly anthropogenically modified forests. Within the trait-based F-LUI framework, 
these concepts do not constitute directly observable taxonomic properties but represent 
the highest level of taxonomic integration, combining information on species composition, 
habitat types, forest structure, ecological processes and anthropogenic influences into an 
integrated assessment of biological identity and conservation condition. Naturalness and 
ecological integrity are therefore emergent ecosystem properties derived from the joint 
interpretation of taxonomic, structural and functional forest traits. 

This integrative perspective is supported by international assessment frameworks. 
The IUCN Global Ecosystem Typology describes ecosystems through characteristic com-
binations of their biota, structure, functions and disturbance regimes and thereby pro-
vides a scientifically grounded framework for assessing ecological conditions across eco-
system types [124]. Concepts such as Primary Forests and Intact Forest Landscapes (IFLs) 
provide reference conditions for comparatively undisturbed forest ecosystems and there-
fore constitute important baselines for assessing naturalness, ecological integrity and an-
thropogenic modification of managed forests along continuous gradients [125,126]. Un-
like conventional forest types, these concepts do not primarily describe the taxonomic 
identity of a forest, but rather the degree of its ecological integrity and anthropogenic 
modification. 

Standardised assessment approaches for quantifying ecological integrity have been 
developed in recent years. The Forest Landscape Integrity Index (FLII) integrates direct 
human pressures, fragmentation, loss of connectivity and modelled indirect pressures 
into a continuous measure of integrity, enabling globally comparable assessment of forest 
landscape condition [94]. Building on broader ecosystem-condition concepts, Maes et al. 
[127] developed a European Forest Condition Index aligned with the international System 
of Environmental-Economic Accounting—Ecosystem Accounting (SEEA EA) framework. 
The index integrates RS-derived information on productivity, forest connectivity, tree-
cover density and landscape naturalness with soil-carbon and biodiversity-related indica-
tors, illustrating that ecological integrity can only be assessed comprehensively by inte-
grating multiple biotic and abiotic ecosystem properties. 
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RS is consequently moving from the mapping of individual forest attributes towards 
the integrated assessment of ecological condition. Multitemporal Sentinel-1 and Sentinel-
2 time series, Landsat, GEDI, airborne LiDAR, UAV systems and very-high-resolution 
aerial imagery enable complementary characterisation of fragmentation, canopy struc-
ture, habitat continuity, biomass, successional dynamics and disturbance processes. 
Multi-sensor fusion of these observations can support the derivation of continuous integ-
rity indicators that characterise forest condition more comprehensively than individual 
structural or diversity parameters. Emerging approaches such as phenospectral similarity 
assess the spectral-phenological similarity of a forest stand to near-natural reference eco-
systems and may provide opportunities to quantify degrees of naturalness continuously 
rather than exclusively through discrete classes [128]. 

In parallel, GeoAI, multimodal data fusion and geospatial Foundation Models are 
shaping the next generation of forest monitoring. Pre-trained models can learn transfera-
ble representations from multisensor RS observations and facilitate the joint analysis of 
optical, radar and LiDAR information across large spatial scales [129]. This development 
may shift the focus from classifying individual forest attributes towards the semantic 
characterisation of ecological states and their temporal dynamics. Nevertheless, ecological 
interpretation remains dependent on high-quality reference information from forest in-
ventories, habitat surveys and records of management and disturbance history. 

Within the trait-based F-LUI framework, ecological integrity and naturalness classes 
therefore represent the highest taxonomic level of integration. They synthesise infor-
mation on forest types, tree species, forest communities and structural and functional eco-
system properties into an integrated assessment of the biological condition of forest eco-
systems. Combining standardised integrity concepts with multisensor RS and AI-sup-
ported data fusion provides a basis for consistent, cross-scale monitoring of the biological 
consequences of different forest-use intensities and establishes the conceptual transition 
to the Functional indicators of F-LUI discussed in the following section. 

6.5. Monitoring the Functional Indicators of F-LUI with RS 

Functional indicators describe ecological processes within forest ecosystems and pro-
vide information on how F-LUI alters forest functioning and ecosystem performance. In 
contrast to Structural indicators, which characterise the spatial organisation of forest eco-
systems, or Taxonomic indicators, which describe their biological composition, Functional 
indicators address processes such as primary production, carbon sequestration, water cy-
cling, energy exchange and ecosystem resilience. They therefore enable assessment of the 
functional consequences of different management intensities and complement the struc-
tural, taxonomic and historical dimensions of F-LUI with a process-oriented perspective. 

From an RS perspective, ecosystem functions are not directly observable. Their quan-
tification relies on functional forest traits and their spatial and temporal dynamics. These 
include, for example, photosynthetic activity, vegetation water status, canopy tempera-
ture, biomass production and vertical vegetation structure. Through the integration and 
ecological interpretation of these observable traits, key ecosystem processes such as 
productivity, carbon cycling, evapotranspiration and resilience can be derived spatially. 
Functional indicators therefore do not represent properties measured directly by RS; ra-
ther, they constitute the process-oriented interpretation of functional trait patterns and 
form the functional level of the trait-based F-LUI framework. 

6.5.1. Functional Indicators of F-LUI—Forest Productivity and Ecosystem Metabolism 

Forest productivity describes the capacity of forest ecosystems to assimilate atmos-
pheric carbon through photosynthesis, accumulate biomass and convert solar energy into 
organic matter. It represents one of the most immediate functional responses to changes 
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in F-LUI and underpins key ecosystem processes including carbon storage, water and nu-
trient cycling, and long-term stand development. In contrast to Structural or Taxonomic 
indicators, productivity does not describe the spatial organisation or biological composi-
tion of a forest, but rather its ecophysiological performance. Within the trait-based F-LUI 
framework, productivity therefore represents a functional response indicator that inte-
grates the effects of different management intensities on forest ecosystem functioning. 

Forest productivity is determined by numerous functional forest traits, including leaf 
chlorophyll, nitrogen and water content, LAI, crown architecture, Light Use Efficiency 
(LUE), leaf-angle distribution and phenological characteristics. Changes in these traits re-
sulting from harvesting, thinning, species selection or forest conversion directly affect 
photosynthesis, biomass increment and carbon uptake. Productivity indicators thus pro-
vide a functional link between the forest traits described in Section 6.1 and subsequent 
water and carbon fluxes. As integrative measures of vegetation functioning, they respond 
sensitively to forest management, climatic extremes and natural disturbances and are 
therefore particularly relevant for quantifying the functional dimension of F-LUI. Recent 
research further indicates that the composition of functional traits at stand and ecosystem 
levels strongly influences forest productivity and associated carbon and water fluxes, with 
hydraulic and resource-economic trait syndromes playing a key role in ecosystem re-
sponses to management and environmental change [130]. 

Key functional indicators include Gross Primary Productivity (GPP), Net Primary 
Productivity (NPP), Net Ecosystem Productivity (NEP), Absorbed Photosynthetically Ac-
tive Radiation (APAR), Light Use Efficiency (LUE) and phenological metrics such as the 
onset, duration and end of the growing season. Whereas GPP describes total photosyn-
thetic carbon uptake, NPP additionally accounts for autotrophic respiration and therefore 
represents net biomass production. NEP extends this concept by accounting for both au-
totrophic and heterotrophic respiration and describes the net carbon gain of an ecosystem. 
APAR and LUE provide the theoretical basis of modern light-use-efficiency vegetation 
models and enable the physiological performance of forest ecosystems to be quantified 
from local to global scales [131–133]. 

Satellite-based observation of vegetation functioning has advanced substantially in 
recent years. Classical vegetation indices such as the Normalised Difference Vegetation 
Index (NDVI) and Enhanced Vegetation Index (EVI), and particularly the Near-Infrared 
Reflectance of Vegetation (NIRv), provide robust proxies for vegetation activity, leaf-area 
development and photosynthetic potential. NIRv is closely related to APAR and GPP and 
has become a powerful indicator of vegetation functioning [134]. 

Multitemporal Landsat, MODIS and Sentinel-2 time series further enable continuous 
characterisation of seasonal and interannual variations in vegetation activity and provide 
the basis for operational productivity models. A major advance has been the satellite-
based observation of Solar-Induced Chlorophyll Fluorescence (SIF). In contrast to conven-
tional reflectance-based vegetation indices, SIF is more directly linked to photosynthetic 
processes and can respond to changes in photochemical functioning before structural 
changes in vegetation become apparent. It is therefore particularly valuable for detecting 
physiological responses to drought, heat stress and potentially management-induced 
changes in forest condition. The integration of SIF, NIRv, APAR and LUE provides in-
creasingly powerful approaches for estimating GPP and represents an important compo-
nent of modern satellite-based systems for quantifying vegetation functioning and carbon 
uptake [133,135,136]. 

The ESA FLEX (Fluorescence Explorer) mission will provide the first satellite mission 
specifically designed for global observations of vegetation fluorescence and, in synergy 
with Sentinel-3, is intended to enable operational monitoring of photosynthetic function-
ing and vegetation stress [137]. In addition to optical observations, other RS systems 
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provide complementary information on vegetation functioning. Airborne and spaceborne 
LiDAR characterise stand height, crown architecture and the vertical distribution of pho-
tosynthetically active vegetation, thereby improving productivity modelling. SAR pro-
vides information on biomass, vegetation moisture and structural change, whereas ther-
mal sensors such as ECOSTRESS provide information on canopy temperature, transpira-
tional cooling and stomatal regulation. Together with missions such as GEDI, FLEX and 
LSTM (Land Surface Temperature Monitoring), satellite RS is developing towards an in-
tegrated observation system capable of jointly characterising structural, biochemical and 
physiological properties of forest ecosystems [12,137]. 

In parallel, the integration of multisensor RS observations with Machine Learning, 
Deep Learning and process-based vegetation models is transforming the quantification of 
forest productivity. Modern models integrate optical, hyperspectral, thermal, radar and 
LiDAR observations with meteorological information and Eddy-Covariance measure-
ments from FLUXNET to derive spatially continuous estimates of GPP and vegetation 
functioning. Multisensor data fusion can improve both accuracy and transferability across 
forest types and climatic regions. Geospatial Foundation Models additionally provide 
new opportunities for jointly analysing multimodal RS observations and learning trans-
ferable relationships between functional forest traits, productivity and environmental 
conditions. 

RS is therefore increasingly moving from the observation of individual vegetation 
properties towards a process-oriented characterisation of vegetation functioning and for-
est ecosystem metabolism. 

6.5.2. Functional Indicators of F-LUI—Water Cycling and Ecohydrological Functioning 

Water cycling represents a central functional response dimension of F-LUI, because 
forest management directly influences water exchange among vegetation, soil and the at-
mosphere. Changes in tree-species composition, stand density, crown architecture, root 
distribution and soil structure affect interception, evapotranspiration, infiltration, soil-wa-
ter storage, groundwater recharge and runoff generation and thereby determine the eco-
hydrological functioning of forest ecosystems. These processes simultaneously regulate 
water availability to vegetation, resistance to drought and numerous other ecosystem ser-
vices and therefore constitute an important functional dimension of F-LUI [138,139]. 

Within the trait-based F-LUI framework, these processes are controlled by functional 
forest traits. Key traits include LAI, LWC, stomatal conductance, xylem hydraulic conduc-
tivity, rooting depth and architecture, and hydraulic safety and efficiency traits. Changes 
in these traits resulting from harvesting, thinning, species selection or forest conversion 
directly influence transpiration, water transport along the Soil–Plant–Atmosphere Con-
tinuum (SPAC) and the coupling of water and carbon fluxes. Productivity, water cycling 
and carbon uptake are therefore functionally interconnected and should not be inter-
preted independently within the F-LUI framework. Recent research indicates that hydrau-
lic and resource-economic trait syndromes are particularly important in determining the 
stability of water and carbon fluxes and the capacity of forests to respond to drought stress 
[130]. 

Important functional indicators include evapotranspiration (ET), potential and actual 
evapotranspiration, soil moisture, water availability, precipitation interception, infiltra-
tion, groundwater recharge, runoff generation and indicators of plant water stress. 
Whereas ET represents the total loss of water through evaporation and transpiration, soil 
moisture and infiltration provide information on water storage and availability within the 
rooting zone. Together, these variables characterise the ecohydrological functioning of 
forests and respond sensitively to changes in stand structure and management intensity 
[138,140]. 
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Satellite-based monitoring of forest water cycling has advanced substantially in re-
cent years. Thermal RS provides spatially explicit information on actual ET and vegetation 
water stress. In particular, ECOSTRESS enables high-resolution observations of canopy 
temperature and provides information on transpirational cooling and stomatal regulation. 
Sentinel-2 and Landsat complement these observations by capturing changes in LAI, veg-
etation development and vegetation water status, whereas Sentinel-1 SAR is sensitive to 
changes in soil and vegetation moisture. Soil-moisture missions such as SMAP and SMOS 
provide additional large-scale information on water availability and complement optical 
observations, particularly under cloudy conditions, although retrievals beneath dense for-
est canopies remain challenging [141]. 

Beyond the observation of individual components of the water cycle, RS is increas-
ingly contributing to a process-oriented analysis of the entire SPAC. Modern approaches 
combine thermal observations, radar, LiDAR, satellite soil-moisture products and mete-
orological reanalysis data to characterise water fluxes throughout the hydrological con-
tinuum. GEDI provides three-dimensional information on canopy structure and vertical 
vegetation distribution that can improve the parameterisation of water transport and ET, 
whereas LiDAR and SAR contribute information on crown architecture, biomass and 
moisture conditions [12]. The integration of these complementary observations enables 
increasingly consistent characterisation of interactions among vegetation structure, water 
availability and physiological functioning from local to global scales. 

Current developments increasingly integrate multisensor RS observations with Ma-
chine Learning, physics-informed Machine Learning and process-based land-surface 
models. These approaches combine thermal, optical, radar and LiDAR observations with 
Eddy-Covariance measurements, soil-moisture data and meteorological information to 
derive spatially continuous estimates of ET, water stress and plant water availability. Such 
integration can improve both the spatial representation of hydrological processes and 
model transferability among forest types and climatic regions. Geospatial Foundation 
Models may further facilitate the joint analysis of multimodal RS data and the identifica-
tion of complex relationships among vegetation structure, functional traits and ecohydro-
logical processes. 

For F-LUI quantification, these developments offer important new perspectives. 
Changes in forest water cycling need no longer be characterised solely through individual 
variables such as ET or soil moisture but can increasingly be interpreted as manifestations 
of altered functional forest traits and their consequences for the ecohydrological system. 
This creates new opportunities to disentangle management effects from climate-driven 
changes and to quantify spatially the consequences of different management regimes for 
water cycling, drought resistance and hydrological stability. 

Overall, water cycling and ecohydrological functioning represent major functional 
dimensions of F-LUI. The combination of thermal RS, radar, LiDAR, soil-moisture mis-
sions, Eddy-Covariance measurements and AI-supported multisensor data fusion enables 
increasingly process-oriented monitoring of forest water fluxes and provides an im-
portant basis for evaluating the functional consequences of different forest-management 
intensities. 

6.5.3. Functional Indicators of F-LUI—Carbon Cycling and Climate Regulation 

Carbon storage and exchange represent central functional dimensions of F-LUI, be-
cause forest management directly affects both the magnitude of ecosystem carbon pools 
and the greenhouse-gas balance of forest ecosystems. Changes in tree-species composi-
tion, stand structure, biomass, deadwood stocks and soil properties influence long-term 
carbon storage and the exchange of carbon dioxide (CO2), methane (CH4) and nitrous ox-
ide (N2O) between forests and the atmosphere. Within the trait-based F-LUI framework, 
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carbon storage and greenhouse-gas fluxes therefore constitute functional response indi-
cators integrating the cumulative effects of different management intensities on the cli-
mate-regulation function of forests. 

Carbon storage is determined by numerous forest traits, including wood density, tree 
height, biomass allocation, crown architecture, LAI, root systems, deadwood and soil-car-
bon stocks. These properties determine the magnitude and residence time of carbon pools 
while also influencing respiration, litter production and decomposition. Changes in these 
traits resulting from harvesting, thinning, species selection, forest conversion or natural 
succession alter both above- and below-ground carbon pools and consequently long-term 
climate regulation. Recent research further suggests that functional trait composition 
plays an important role in determining the stability of carbon storage and forest resistance 
to climatic extremes [130]. 

Key functional indicators include Aboveground Carbon (AGC), AGB, below-ground 
and soil carbon, deadwood stocks, Net Ecosystem Exchange (NEE), Net Ecosystem 
Productivity (NEP) and fluxes of CO2, CH4 and N2O. Whereas above- and below-ground 
carbon pools describe the long-term sequestration of atmospheric carbon, NEE and NEP 
characterise ecosystem-atmosphere carbon exchange and indicate whether forests func-
tion as net carbon sinks or sources. Together, these indicators enable an integrated assess-
ment of the climatic consequences of different management regimes and provide a basis 
for contemporary forest carbon accounting [133,138]. 

Satellite-based assessment of forest carbon stocks has advanced considerably. Air-
borne and spaceborne LiDAR provide information on stand height, vertical vegetation 
structure and biomass and constitute an important basis for estimating above-ground car-
bon stocks. In particular, the GEDI mission provides extensive observations of three-di-
mensional forest structure and has substantially improved large-scale estimates of above-
ground biomass and carbon stocks [12]. L-band and P-band SAR provide complementary 
sensitivity to forest biomass and structure and are particularly relevant for biomass esti-
mation in dense forests. The ESA BIOMASS mission, based on P-band SAR, was specifi-
cally developed for global mapping of forest biomass and its temporal change [142]. 

Beyond carbon stocks, satellite-supported assessment of carbon and greenhouse-gas 
dynamics is becoming increasingly important. Combining optical observations, SIF, ther-
mal RS, LiDAR and radar enables complementary analysis of carbon uptake, biomass de-
velopment and vegetation stress. When integrated with Eddy-Covariance measurements 
from FLUXNET, these observations support spatial modelling of carbon fluxes and their 
temporal dynamics. This increasingly enables changes in ecosystem carbon balance to be 
related to forest management, natural disturbances and climatic extremes and their con-
sequences for the climate-regulation function of forests to be assessed spatially [133]. 

Current developments are increasingly shaped by multisensor data fusion and Ge-
oAI. Machine-Learning and Deep-Learning models integrate LiDAR, SAR, optical and 
thermal RS observations with forest inventories and process-based carbon models to de-
rive spatially continuous estimates of biomass, carbon stocks and carbon fluxes. Founda-
tion Models may further facilitate the joint analysis of multimodal RS data and improve 
transferability across forest types and climatic regions. These developments provide an 
important basis for future Measurement, Reporting and Verification (MRV) systems sup-
porting international and national climate-policy frameworks, including REDD+ and LU-
LUCF accounting. 

Forest climate regulation, however, is not determined solely by carbon storage. 
Changes in crown structure, leaf area and tree-species composition also influence albedo, 
evapotranspiration, turbulent energy fluxes and surface temperature, thereby affecting 
regional and global climate processes. The climate-regulation function of forest ecosys-
tems therefore emerges from interactions between biogeochemical processes associated 
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with carbon cycling and biophysical processes governing water and energy exchange 
[138]. For F-LUI quantification, carbon storage and greenhouse-gas exchange should con-
sequently be interpreted together with the Structural, Productivity and Water-cycling in-
dicators described above. 

Overall, forest carbon storage, greenhouse-gas exchange and climate regulation con-
stitute a distinct functional dimension of F-LUI. Integrating LiDAR, radar, optical and 
thermal RS, satellite biomass mapping, Eddy-Covariance measurements and AI-sup-
ported multisensor data fusion enables increasingly spatially explicit monitoring of forest 
carbon stocks, greenhouse-gas dynamics and climate-regulation functions and provides 
an essential basis for assessing the long-term consequences of different management in-
tensities. 

6.5.4. Functional Indicators of F-LUI—Ecosystem Multifunctionality, Resilience and Sta-
bility 

The effects of F-LUI ultimately cannot be assessed solely through individual ecosys-
tem functions but require consideration of their combined behaviour. Concepts such as 
ecosystem multifunctionality, ecosystem resilience and ecosystem stability describe the 
capacity of forest ecosystems to provide multiple functions simultaneously—including 
carbon storage, productivity, water regulation, habitat provision and biodiversity conser-
vation—and to maintain or recover these functions under disturbance. Within the trait-
based F-LUI framework, these concepts therefore represent the highest level of functional 
integration. They integrate the processes described in the preceding sections into an over-
arching assessment of forest ecosystem performance and enable evaluation of the long-
term effects of management on forest functioning. 

Forest ecosystem multifunctionality emerges from interactions among functional for-
est traits, forest structure, taxonomic composition and the coupling of water, carbon and 
energy cycles. Changes in management intensity therefore rarely affect individual pro-
cesses in isolation but instead alter multiple ecosystem functions simultaneously. Current 
syntheses indicate that functional diversity and structural complexity can promote the 
simultaneous provision of multiple ecosystem functions and contribute to ecosystem sta-
bility under climatic extremes [143,144]. For F-LUI assessment, this implies that sustaina-
ble forest management cannot be evaluated solely through the maximisation of individual 
ecosystem services, but must also consider the long-term maintenance of ecosystem mul-
tifunctionality. 

RS is increasingly moving from the observation of individual variables towards the 
integrated quantification of multiple ecosystem functions. Multitemporal observations 
from Sentinel-1, Sentinel-2, Landsat, GEDI and ECOSTRESS, together with SIF and air-
borne and UAV LiDAR, enable complementary characterisation of vegetation activity, bi-
omass, carbon storage, water cycling, habitat structure and disturbance dynamics. 
Through multisensor data fusion, Analysis Ready Data (ARD) and Earth Observation 
Data Cubes, these observations can be integrated consistently across broad spatial and 
temporal scales, providing a basis for deriving composite functional indicators. 

A particular focus of current research is the RS-based quantification of forest ecosys-
tem resilience. Whereas traditional approaches predominantly described static ecosystem 
states, modern time-series analyses increasingly examine ecosystem dynamics using met-
rics such as resistance, recovery, recovery rate, recovery time, critical slowing down and 
early-warning signals. Dense Landsat and Sentinel time series, Vegetation Optical Depth 
(VOD), SIF, radar and LiDAR observations provide new opportunities to monitor forest 
responses and recovery following drought, storms, fire and insect disturbances. Such tem-
poral resilience metrics may provide more sensitive information on changes associated 
with F-LUI than purely static structural indicators [145,146]. 
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In parallel, rapid developments in GeoAI are transforming the assessment of forest 
ecosystem functioning. Modern Machine-Learning, Deep-Learning and Transformer 
models integrate optical, thermal, radar and LiDAR observations with forest inventories, 
Eddy-Covariance measurements and process-based ecosystem models. These approaches 
enable complex relationships among functional traits, productivity, water cycling, carbon 
storage and biodiversity to be analysed jointly. Physics-informed Machine Learning, Self-
supervised Learning and geospatial Foundation Models are increasingly being explored 
to learn more transferable representations of forest ecosystems and improve generalisa-
tion across forest types and climatic regions. 

A further development is the integration of RS with Digital Twins and data-driven 
ecosystem models. Through continuous assimilation of multisensor observations, virtual 
representations of forest ecosystems can be developed to simulate management scenarios 
and predict their consequences for multifunctionality, resilience and stability. This devel-
opment has the potential to shift RS from the retrospective description of ecosystem states 
towards predictive assessments of future forest trajectories under alternative manage-
ment and climate scenarios. 

For F-LUI, this development represents an important conceptual shift. Whereas con-
ventional approaches often considered individual structural or functional indicators in 
isolation, modern RS and AI methods increasingly enable an integrated assessment of for-
est ecosystem functioning. Ecosystem multifunctionality, resilience and stability therefore 
constitute the highest functional level of the F-LUI framework. They connect observable 
forest traits with productivity, water cycling, carbon storage and biodiversity to provide 
an integrated assessment of forest ecosystem performance and establish a basis for cross-
scale monitoring of sustainable forest management under global environmental change. 

6.6. Monitoring Socio-Economic Indicators of F-LUI with RS 

F-LUI is determined not only by ecological and biophysical processes but also, to a 
substantial extent, by socio-economic decisions and institutional conditions. Management 
objectives, timber demand, ownership structures, accessibility, institutional regulations 
and economic incentives influence where, when, how and at what intensity forests are 
used. These factors shape management interventions such as timber harvesting, thinning, 
tree-species selection, regeneration and infrastructure development and thereby indi-
rectly affect forest traits, forest structure, species composition and ecosystem functioning. 
The socio-economic dimension thus provides an important link between the drivers of 
anthropogenic forest use and the ecological responses of forest ecosystems represented by 
the preceding indicator families. 

In contrast to Trait, Genesis, Structural, Taxonomic and Functional indicators, how-
ever, socio-economic properties are only partly observable through RS. Forest ownership, 
governance structures, market prices, timber demand, operational decisions and policy 
regulations have no unique spectral, thermal or structural signature. Consequently, RS 
generally cannot observe the underlying socio-economic processes themselves, but can 
capture their spatially and temporally manifested consequences or proxies. These include 
harvesting and thinning, changes in canopy and stand structure, skid trails and forest 
roads, fragmentation, reforestation and spatial patterns associated with different manage-
ment intensities. 

A particular strength of RS lies in the spatial explicitness and temporal repeatability 
of these observations. Multitemporal Landsat and Sentinel time series can reveal the tim-
ing, spatial extent and recurrence of harvesting and stand changes, whereas high-resolu-
tion optical observations, SAR, LiDAR and UAV data can provide additional information 
on infrastructure, canopy openings, skid trails and small-scale interventions. These obser-
vations can be used to derive spatial proxies for management activity, harvesting 
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intensity, accessibility and management pressure. However, an unambiguous socio-eco-
nomic interpretation is often impossible from RS alone because similar changes may result 
from forest management, storms, fire, drought or biotic disturbances. 

For the socio-economic dimension of F-LUI, the integration of RS with in situ, inven-
tory, administrative and socio-economic data is therefore particularly important. National 
Forest Inventories and operational forestry data provide information on timber removals, 
increment, growing stock and management interventions; cadastral and ownership data 
describe property structures; road networks and topographic data characterise accessibil-
ity; management plans and protected-area data document institutional management re-
gimes; and production, trade, price and company statistics provide information on timber 
demand and forest-based economic activity. RS complements these plot-based or admin-
istratively delineated information sources by providing spatially continuous observations 
of forest use as manifested on the ground and its ecological consequences. 

The Socio-economic indicator family therefore differs conceptually from the other F-
LUI indicator families. Its purpose is not to infer socio-economic processes from RS alone, 
but to link RS-observable patterns of forest use and forest traits with information on the 
underlying human decision-making, accessibility, governance and economic systems. 
Only this integration enables the socio-economic driver of forest use, the realised manage-
ment activity, and its observable ecological response to be distinguished. Accordingly, the 
socio-economic indicator family constitutes a distinct contextual dimension that supports 
the interpretation and attribution of the five predominantly RS-centred indicator families. 

6.6.1. Socio-Economic Indicators of F-LUI—Forest Management Activity and Harvesting 
Intensity 

The intensity of actual forest-management interventions, and timber harvesting in 
particular, represents one of the most direct socio-economic indicators of F-LUI. It de-
scribes when, where, how frequently and to what extent biomass is removed through 
thinning, single-tree or group selection, partial harvesting or complete stand harvesting. 
Management and harvesting intensity can therefore be characterised by variables such as 
harvested area, harvested volume, intervention frequency, harvest severity, spatial har-
vest pattern and recurrence interval. Based on 182,649 inventory plots across eleven Eu-
ropean countries, Suvanto et al. [147] showed that the combination of the frequency and 
intensity of individual harvesting interventions can distinguish different harvesting re-
gimes and provides a considerably more differentiated description of realised forest use 
than aggregated harvest volumes alone. 

RS enables spatially explicit and repeatable observation of such management activi-
ties, although neither the intervention itself nor the actual volume of timber removed is 
necessarily observed directly. Instead, RS primarily records its biophysical consequences, 
including changes in canopy closure, stand density, biomass, vertical structure and spec-
tral properties. Large and intensive interventions in particular generate pronounced RS 
signals and can be characterised using multitemporal Landsat and Sentinel observations 
in terms of timing, spatial extent and recurrence. Ceccherini et al. [148], for example, 
demonstrated the large-scale satellite-based assessment of changes in harvested forest 
area and associated biomass losses across Europe. 

For F-LUI quantification, however, it is not sufficient to determine whether a man-
agement intervention has occurred; its intensity, spatial expression and temporal recur-
rence are equally important. Multitemporal Landsat and Sentinel time series enable the 
derivation of harvest frequency, severity, patch size, recurrence and recovery time and 
can therefore characterise different harvesting and management regimes. Long Landsat 
time series are particularly valuable for retrospectively reconstructing repeated interven-
tions, whereas the higher spatial and temporal resolution of Sentinel-1 and Sentinel-2 
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enables more detailed monitoring of recent management activities. Xulu et al. [149], for 
example, demonstrated that combined Sentinel-1 SAR and Sentinel-2 observations can be 
used for automated detection of harvesting events in managed forests. Sentinel-1 time 
series are particularly valuable for continuous monitoring of abrupt forest changes be-
cause of their relative independence from cloud cover [150]. 

Very-high-resolution optical time series extend these capabilities to smaller interven-
tion areas. PlanetScope, with a spatial resolution of approximately 3 m and near-daily 
revisit capability, offers particular potential for timely detection of small-scale forest 
change. Francini et al. [151], for example, developed a near-real-time forest-change detec-
tion approach based on PlanetScope time series. A recent synthesis confirms the increas-
ing potential of PlanetScope for high-resolution and near-real-time forest monitoring, 
while also highlighting challenges related to radiometric harmonisation and time-series 
consistency [152]. 

The detection of partial and small-scale timber removals remains particularly chal-
lenging because thinning and single-tree or group selection generate considerably weaker 
spectral and structural changes than clear-cutting. High-resolution optical observations 
can therefore be combined with SAR, ALS, UAV and multisensor approaches to detect 
changes in canopy closure, canopy gaps, tree height, stand density and vertical structure. 
This is particularly relevant to CCF, in which continuous forest cover is maintained. In 
their review specifically addressing CCF, Stoddart et al. [153] showed that conventional 
area-based RS approaches have limitations under these conditions and that high-resolu-
tion LiDAR, UAV and multisensor approaches are particularly important for detecting 
structurally heterogeneous and often subtle management effects. Recent ALS analyses 
further indicate that LiDAR metrics can identify uneven-aged stand structures character-
istic of CCF and provide information on understory structure [154]. 

The combination of long-term Landsat time series, high-frequency Sentinel-1/-2 and 
PlanetScope observations, and structure-sensitive LiDAR and UAV data therefore in-
creasingly enables a multidimensional characterisation of management activity and har-
vesting intensity. Nevertheless, an important limitation remains, particularly for partial 
harvesting: a weak or absent RS disturbance signal must not automatically be interpreted 
as low or absent management activity, because interventions that retain canopy cover may 
be only weakly visible in satellite observations. Robust quantification of actual timber re-
movals therefore continues to require integration with inventory and management data. 

A further challenge is distinguishing forest-management interventions from natural 
disturbances. Canopy and biomass losses can also result from storms, fire, drought, dis-
ease or insect outbreaks. Detection of forest change therefore does not in itself provide 
unequivocal evidence of timber harvesting. Similarly, RS-derived harvested area, canopy 
loss or spectral change magnitude should not be equated directly with the actual volume 
of timber removed. The debate surrounding the satellite-derived increase in European 
harvested forest area reported by Ceccherini et al. [148]illustrates this uncertainty and 
highlights the need for independent inventory and harvest statistics to validate RS-based 
estimates. 

Robust quantification of forest management activity and harvesting intensity there-
fore requires integration of RS with forest inventories, georeferenced harvesting records, 
forest-management plans and operational management data. Whereas RS primarily cap-
tures the location, timing, spatial extent, recurrence and biophysical severity of an inter-
vention, in situ and management data provide information on the type of intervention 
and the actual volume of timber removed. The importance of this combination is further 
demonstrated by Suvanto et al. [147]: harvesting patterns observed on permanent forest-
inventory plots show that regions with similar overall harvesting rates may exhibit 



Environments 2026, 13, 536 50 of 80 
 

https://doi.org/10.3390/environments13100536 

markedly different combinations of frequent low-intensity and infrequent high-intensity 
interventions. 

For F-LUI monitoring, forest management activity and harvesting intensity should 
therefore be understood as a multidimensional indicator comprising harvested area, har-
vested volume, intervention frequency, harvest severity, spatial harvest pattern and re-
currence interval. RS provides the spatial and temporal observation of realised forest use 
and its biophysical consequences, whereas in situ, inventory and management data re-
main essential for quantifying and unequivocally attributing actual management and har-
vesting intensity. 

6.6.2. Socio-Economic Indicators of F-LUI—Forest Ownership and Governance 

Forest ownership and governance structures strongly influence the objectives pur-
sued on forest land, how decisions are made and which forms of management are imple-
mented. Public, private, municipal and community-managed forests may differ in man-
agement objectives, planning horizons, utilisation intensity and conservation orientation. 
In a synthesis of temperate forests in Europe and North America, Mölder et al. [155] 
showed that ownership patterns can be closely associated with long-term management 
practices and characteristic patterns of forest structure and biodiversity. For F-LUI, own-
ership and governance therefore do not represent directly observable biophysical proper-
ties but rather institutional contexts within which different intensities and forms of forest 
use emerge. 

Governance extends beyond formal ownership. It encompasses legal regulations, 
ownership and use rights, institutional responsibilities, management plans, protection re-
quirements, and public and private governance instruments. Using a historical database 
for the Nordic countries, Fridén et al. [156] demonstrated how governmental regulation, 
private governance and forest-policy instruments have changed over two centuries, cre-
ating different institutional conditions for forest management. Different forms of govern-
mental, private, Indigenous or community governance are also not always clearly separa-
ble; Zhang et al. [157] emphasised, particularly for protected and community-managed 
areas, that governance often involves overlapping institutional responsibilities and that 
its ecological effects are strongly context dependent. 

RS cannot observe forest ownership or governance itself. Property boundaries, own-
ership status, use rights, legal restrictions and decision-making processes have no intrinsic 
spectral or structural signature. Their relevance to F-LUI therefore emerges through the 
spatial integration of external governance information with RS-observed forest traits and 
forest change. Ownership and cadastral boundaries, protected-area categories, concession 
areas or management units can, for example, be overlaid with RS-derived information on 
forest structure, tree-species composition, biomass, forest loss and regeneration. This en-
ables assessment of whether different institutional or ownership contexts are systemati-
cally associated with differences in forest traits and their temporal dynamics. 

RS offers a particular advantage in this context because satellite- and airborne-de-
rived products can provide spatially continuous and standardised forest information 
across institutional boundaries. Wulder et al. [25], for example, demonstrated how 
satellite-derived information on forest condition, structure, disturbance and regeneration 
can be attributed to management units or polygon-based forest stands. Such approaches 
make it possible to calculate identical RS indicators for different ownership or governance 
units and thereby compare their forest conditions and change dynamics using a common 
observational basis. 

This integration is particularly relevant to forest management planning. Ulvdal et al. 
[158] showed for large Swedish forest-owning companies that strategic, tactical and oper-
ational decisions rely strongly on spatial forest inventories and stand data and that RS-
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derived information is increasingly used to update these planning datasets. Fassnacht et 
al. [38] similarly emphasised that the operational use of RS in forest management depends 
not only on sensor technology but also on ownership structures, management traditions, 
regulatory frameworks, information requirements and institutional capacities. Owner-
ship and governance therefore influence not only forest management itself but also how 
RS-derived information is incorporated into decision-making processes. 

For F-LUI, forest ownership and governance should therefore primarily be consid-
ered contextual socio-economic indicators. Relevant variables include ownership type, 
parcel size and fragmentation, management responsibility, protection status, concession 
status, management-plan coverage, and institutional restrictions or prescriptions govern-
ing forest use. These data originate primarily from cadastral, administrative, forest-man-
agement and governance databases. RS complements them with spatially and temporally 
consistent observations of forest structure and development. Only through their integra-
tion can the relationships between institutional conditions and different manifestations of 
F-LUI be assessed. 

6.6.3. Socio-Economic Indicators of F-LUI—Forest Accessibility, Infrastructure and Man-
agement Pressure 

Forest accessibility and forestry infrastructure strongly influence where and at what 
cost forest resources can be managed and therefore constitute an important socio-eco-
nomic dimension of F-LUI. Roads and forest tracks provide access for machinery, timber 
transport and other management operations and consequently influence both the costs 
and spatial distribution of forest management. Relevant indicators include road density, 
distance to roads, road-network connectivity, relative openness, extraction distance and 
road expansion. A recent synthesis by Đuka et al. [159] confirms that road-network den-
sity and accessibility are fundamental prerequisites for efficient forest utilisation and, to-
gether with topography and technical constraints, determine the actual accessibility of 
forest areas. Fraefel et al. [160] similarly demonstrated for Switzerland that the usability 
of forest roads, together with terrain and transport conditions, substantially determines 
which forest areas are accessible to different harvesting and transport systems. 

From an F-LUI perspective, however, accessibility must be distinguished from real-
ised management activity. High road density or short distance to the nearest forest road 
increases the technical and economic feasibility of forest use but does not demonstrate 
that a forest is actually managed intensively. Conversely, poorly accessible or steep forest 
areas may be less intensively used because of high extraction and transport costs. Infra-
structure indicators should therefore primarily be interpreted as proxies for potential 
management pressure. At the same time, roads themselves can generate ecological effects 
through habitat fragmentation, soil disturbance and increased human accessibility and 
can therefore contribute directly to F-LUI. As emphasised by Đuka et al. [159], actual ac-
cessibility depends not merely on road-network length but on its spatial distribution, tech-
nical usability and relationship to terrain. 

RS can spatially characterise important components of this infrastructure. High- and 
very-high-resolution optical and multisensor satellite observations increasingly enable 
automated mapping of forest roads and road networks using Machine-Learning and 
Deep-Learning methods. Particularly relevant is the study by Slagter et al. [161], who com-
bined Sentinel-1 and Sentinel-2 time series with Deep Learning to map the monthly de-
velopment of roads across the Congo Basin at 10-m spatial resolution. Between 2019 and 
2022, they mapped 35,944 km of road development, at least 78% of which was associated 
with industrial selective logging. This demonstrates that RS can capture not only existing 
infrastructure but also road construction, expansion and reopening through time and re-
late these dynamics to forest use. 
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Very-high-resolution satellite imagery, aerial photography and UAV observations 
can further improve the detection of narrow forest tracks and secondary infrastructure, 
whereas LiDAR and ALS are particularly advantageous where roads and skid trails are 
partially obscured by canopy cover. High-resolution digital terrain models can reveal lin-
ear terrain structures and anthropogenic modifications of the ground surface that are dif-
ficult to detect in optical satellite imagery beneath closed canopies. Operational F-LUI 
monitoring can therefore benefit particularly from multisensor approaches in which opti-
cal and SAR time series capture the temporal dynamics of infrastructure while high-reso-
lution aerial, UAV or LiDAR observations provide complementary information on fine-
scale spatial structures. 

RS-based infrastructure mapping enables the derivation of spatial F-LUI proxies such 
as road density, distance to roads, road expansion, road-network connectivity and road-
less area. Temporal dynamics are particularly informative: the construction or reopening 
of forest roads may indicate imminent or increasing utilisation of previously less accessi-
ble forest areas. Slagter et al. [161], for example, demonstrated that satellite observations 
of road development in the Congo Basin can be closely related to the spatial dynamics of 
selective logging. RS-based infrastructure indicators can therefore provide not only a 
static description of accessibility but increasingly also an assessment of how accessibility 
changes through time. 

Actual forest accessibility, however, is not determined by the road network alone. 
Topography, slope, surface roughness, soil conditions and the suitability of different har-
vesting systems determine whether forests can be accessed by machinery and whether 
timber can be transported economically. Fraefel et al. [160] developed a spatially explicit 
approach for Switzerland that links road-network characteristics with the requirements 
of different timber-harvesting and transport systems. RS-derived digital elevation models 
and terrain parameters can therefore be combined with road information to characterise 
functional accessibility more realistically than road density or simple Euclidean distance 
alone. 

For F-LUI monitoring, forest accessibility, infrastructure and management pressure 
should therefore be conceptualised as a multidimensional indicator comprising road den-
sity, distance to roads, road connectivity, road expansion, roadless area, terrain accessibil-
ity, and their temporal changes. RS plays an important role because road development 
and spatial accessibility patterns can increasingly be monitored continuously and over 
large areas. Nevertheless, infrastructure remains primarily an enabling or pressure indi-
cator rather than direct evidence of realised management intensity. Robust interpretation 
therefore requires RS-derived infrastructure and terrain information to be integrated with 
inventory, harvesting, management and administrative geodata. 

6.6.4. Socio-Economic Indicators of F-LUI—Forest Management Regimes and Spatial 
Management Patterns 

Different forest management regimes represent long-term strategies of forest use, 
ranging from largely unmanaged forests through close-to-nature and multifunctional 
management systems to intensively managed production forests and plantations. In con-
trast to Section 6.6.1, which addresses the intensity of individual management and har-
vesting events, a management regime describes the long-term combination and spatial 
organisation of different management practices. It therefore represents a higher-level so-
cio-economic dimension of F-LUI. 

RS cannot directly observe a forest management regime, because management objec-
tives and silvicultural concepts have no unique spectral or structural signature. Long-term 
management, however, modifies forest structure, tree-species composition, stand age, bi-
omass distribution and spatial heterogeneity and can therefore generate characteristic RS-
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observable management signatures. The relevant information consequently lies not in a 
single RS parameter but in the multivariate combination of forest traits and spatial struc-
tural characteristics. 

Asbeck and Frey [162], for example, investigated the relationship between a field-
based ForMIX and structural complexity measured using TLS. Individual management 
components were associated with three-dimensional stand structure, but the overall rela-
tionship between management intensity and structural complexity was weak. This result 
is particularly important for F-LUI because it demonstrates that management regimes can-
not be reliably inferred from a single structural RS characteristic. 

LiDAR-based approaches nevertheless enable increasingly detailed characterisation 
of such structural management signatures. Neudam et al. [163] used Mobile Laser Scan-
ning to quantify three-dimensional structural complexity in differently managed and for-
merly managed beech forests and demonstrated that management-related differences in 
vertical and horizontal stand structure can be captured using LiDAR metrics. Batchelor et 
al. [164] additionally developed TLS-derived metrics such as depth, openness and isovist, 
from which characteristic structural signatures of different forest structures can be de-
rived. Such three-dimensional information is particularly relevant to F-LUI because long-
term management affects not only mean tree height or biomass but, importantly, the dis-
tribution and complexity of vegetation within three-dimensional space. 

The temporal development of structural complexity can also contribute to differenti-
ating management regimes. Using repeated terrestrial laser scans of differently managed 
and unmanaged European beech forests, Willim et al. [165] showed that structural com-
plexity develops differently depending on management. For F-LUI, this provides an op-
portunity to characterise management regimes not solely through static forest condition 
but through the trajectories of structural forest traits. 

At landscape and continental scales, such local structural information must be inte-
grated with spatially continuous datasets. An important recent approach is provided by 
Scherpenhuijzen et al. [166], who developed a high-resolution map of European forest-
management regimes distinguishing five classes: unmanaged, close-to-nature, combined-
objective, intensive and very intensive forestry. At the same time, their study illustrates 
an important methodological limitation: continental-scale attribution of forest-manage-
ment regimes does not rely on a single RS signal but on the integration of multiple spatial 
data layers and comparison with National Forest Inventory information. Management-
regime mapping should therefore be considered a data-integration problem in which RS-
derived forest characteristics are combined with inventory and management information. 

For such integration, multivariate management signatures are particularly promising. 
Rather than relying on individual parameters, combinations of canopy-height distribution, 
vertical complexity, structural heterogeneity, tree-species composition, biomass distribution, 
canopy openness, stand homogeneity, and their spatial configuration can be used. The capac-
ity to quantify three-dimensional forest complexity objectively continues to expand through 
advanced LiDAR approaches. Batchelor et al. [164], for example, showed that different height 
strata within a forest stand can exhibit distinct structural signatures, whereas Neudam et al. 
[163] demonstrated that mobile LiDAR observations can quantitatively characterise complex 
three-dimensional stand structures. RS-derived structural characteristics can thus increasingly 
serve as components of an overarching management-regime signature. 

Unambiguous attribution nevertheless remains difficult. Similar forest structures can 
result from different management regimes, natural succession, site conditions or disturb-
ances; conversely, the same management system can generate different RS signatures de-
pending on tree species, site conditions and stand history. The weak relationships be-
tween a continuous management-intensity index and individual TLS-derived structural 
measures reported by Asbeck and Frey [162] illustrate this limitation particularly clearly. 
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Classification of forest-management regimes should therefore not rely exclusively on RS, 
but should combine RS-derived Trait and Structural information with National Forest In-
ventory, forest-management planning and operational management data. 

7. Emerging Approaches for Next-Generation F-LUI Monitoring 
Rapid advances in RS are creating new opportunities for the assessment and monitoring 

of F-LUI. Whereas conventional RS approaches have often relied on individual sensors or in-
dicators, emerging methods increasingly enable the integration of heterogeneous data 
sources, automated knowledge extraction and the analysis of complex relationships among 
forest management, ecosystem structure and ecosystem functioning. In particular, advances 
in AI, multimodal data fusion and semantic data integration are creating the conditions for 
more standardised, scalable and operational F-LUI monitoring. The following sections review 
these developments and discuss their potential contribution to future monitoring systems. 

7.1. Artificial Intelligence and Foundation Models for F-LUI Monitoring 

Rapid advances in AI are fundamentally changing the analysis of RS data and creat-
ing new opportunities for monitoring complex forest ecosystems. Whereas conventional 
Machine Learning and Deep Learning approaches have predominantly been developed 
for individual tasks such as tree-species classification, biomass estimation or disturbance 
detection, research is increasingly shifting towards Foundation Models. These models are 
pre-trained on large datasets, often using Self-supervised Learning, to learn generalisable 
spatial, spectral and temporal representations that can subsequently be transferred to a 
wide range of RS applications [43,44]. At the same time, Lu et al. [43] identify sensor het-
erogeneity, differences in spatial and spectral resolution, temporal dynamics and trans-
ferability to previously unseen regions as major challenges for RS Foundation Models. 

This development is particularly relevant to F-LUI monitoring. F-LUI is not a directly 
observable RS variable but a latent, multidimensional system property emerging from in-
teractions among anthropogenic forest management, natural disturbances and structural, 
taxonomic and functional ecosystem changes. Its assessment therefore requires the joint 
consideration of multiple forest traits and their spatial and temporal dynamics. From the 
perspective of the framework proposed here, the principal value of Foundation Models 
consequently lies not merely in improving the accuracy of individual classification or re-
gression tasks, but in their potential to learn shared representations of complex forest eco-
systems from which multiple forest traits can subsequently be derived. 

Recent multimodal Foundation Models illustrate this potential. SkySense integrates 
optical and SAR time series within a common spatio-temporal representation model and 
was pre-trained on 21.5 million temporal sequences [167]. The model demonstrates the 
potential to combine different sensor modalities and temporal contexts within transfera-
ble representations. This temporal dimension is particularly relevant to F-LUI because 
land-use intensity is characterised not only by current forest condition but also by trajec-
tories of harvesting, regeneration, succession, tree-species change and disturbance. 

Particularly relevant to forest monitoring are FoMo-Bench and FoMo-Net. Bountos 
et al. [168] developed FoMo-Bench as a benchmark comprising 15 datasets covering dif-
ferent regions, spatial scales and sensor modalities, together with FoMo-Net, a pre-train-
ing framework capable of handling different combinations of RS modalities and spectral 
bands. FoMo therefore illustrates how heterogeneous forest observations can be incorpo-
rated into a common model architecture for multiple monitoring tasks. 

For the trait-based F-LUI framework, this development creates the possibility of repre-
senting variables that have previously been modelled separately—such as biomass, canopy 
structure, tree-species composition, biochemical traits and disturbance dynamics—within 
shared representation spaces. These forest traits subsequently provide the observational basis 
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for the six F-LUI indicator families Trait, Genesis, Structure, Taxonomy, Function and Socio-
economics. Foundation Models may therefore provide a scalable methodological bridge be-
tween high-dimensional RS observations and the multidimensional characterisation of F-LUI. 

These opportunities are, however, accompanied by substantial limitations. Founda-
tion Models may inherit biases from their training data and lose transferability when ap-
plied to forest types, regions or sensor systems that are poorly represented during pre-
training. For F-LUI, ecological interpretability, uncertainty quantification and independ-
ent validation are therefore essential. Latent representations must not be equated directly 
with ecological traits or management intensity but require validation against in situ ob-
servations, forest inventories and management information. 

AI and Foundation Models should consequently not be regarded as substitutes for 
ecological process understanding, but rather as a representation and inference layer 
within trait-based F-LUI monitoring. Their principal potential lies in transforming heter-
ogeneous observations into transferable Forest-Trait representations and thereby support-
ing scalable, dynamic and ultimately operational F-LUI monitoring. Accordingly, im-
provements in predictive accuracy alone are insufficient; AI-derived F-LUI information 
must also be calibrated, independently validated, ecologically plausible and traceable to 
its underlying training and observation data. 

7.2. Multi-Sensor Data Fusion and Digital Twins 

The increasing availability of complementary RS observations creates new opportu-
nities for multidimensional monitoring of F-LUI. Individual sensor systems capture only 
specific properties of forest ecosystems: multispectral and hyperspectral observations pro-
vide information on biochemical and physiological vegetation properties, LiDAR charac-
terises three-dimensional stand structure, whereas SAR is particularly sensitive to struc-
tural properties and vegetation moisture. Combining these complementary observations 
can therefore improve the retrieval of tree species, canopy structure, stand height, biomass 
and other forest traits. A recent synthesis by Balestra et al. [58], for example, highlighted 
the substantial potential of integrating LiDAR with multispectral, hyperspectral and radar 
observations for tree and crown segmentation, biomass estimation, stand-height retrieval, 
tree-species identification and structural forest characterisation. 

For F-LUI, however, the importance of data fusion extends beyond improving esti-
mates of individual forest variables. Of particular relevance is the integration of RS obser-
vations with forest inventories, in situ sensor networks, management information, climate 
and site data, and process-based models. Such integration enables forest traits not only to 
be characterised spatially but also to be interpreted in relation to their underlying causes. 
This is essential because similar changes in forest structure or functioning may result from 
fundamentally different processes. Timber harvesting, storms, drought, fire and insect 
outbreaks, for example, may all produce comparable changes in canopy structure or bio-
mass. Joint analysis of multiple data sources and their temporal dynamics can therefore 
improve attribution of observed trait changes to anthropogenic or natural drivers. 

Recent work on multimodal data fusion in forest monitoring increasingly describes 
integrated space–air–ground observation systems combining satellite, UAV and terres-
trial observations [169]. The next stage of integration is to couple these observations con-
tinuously with dynamic models of forest ecosystems. Digital Twins provide a particularly 
promising architecture for this purpose. A Digital Twin can be understood as a dynamic 
virtual representation of a real system that is continuously or repeatedly updated using 
observational data and thereby supports not only description of current system state but 
also simulation of potential future developments. Digital-Twin concepts are increasingly 
being explored in both agriculture and forestry [170]. 
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Within a trait-based F-LUI monitoring system, a Forest Digital Twin could integrate 
RS-derived forest traits, forest inventories, management data, sensor networks and pro-
cess models within a dynamic system representation. Unlike a static forest map, such a 
system would not merely represent the current state of biomass, canopy structure, tree-
species composition or productivity, but would follow their temporal trajectories. New 
RS and in situ observations could be assimilated regularly to update the digital represen-
tation of the forest ecosystem. Management interventions and disturbances could then be 
incorporated as events, allowing their consequences for the six F-LUI indicator families—
Trait, Genesis, Structure, Taxonomy, Function and Socio-economics—to be analysed. 

Particularly important is the transition from monitoring to scenario simulation. Dig-
ital Twins could, for example, simulate alternative thinning intensities, harvesting strate-
gies, tree-species conversions or regeneration measures and compare their potential con-
sequences for biomass, carbon storage, biodiversity, water cycling and resilience. The po-
tential of such systems is already becoming evident in wildfire management, where Digi-
tal Twins can integrate RS, meteorological, sensor and simulation data to support analyses 
of fire development, prevention and management scenarios [171]. 

For F-LUI, however, Digital Twins should currently be regarded primarily as a pro-
spective integration architecture rather than an established operational monitoring method. 
Major challenges include the spatial and temporal harmonisation of heterogeneous datasets, 
differences in measurement uncertainty, incomplete management information, model er-
rors, continuous data assimilation and independent validation. Nevertheless, the integra-
tion of multi-sensor observations, forest traits and dynamic ecosystem models offers an im-
portant perspective: F-LUI monitoring could evolve from a predominantly retrospective de-
scription of anthropogenic forest use towards a dynamic and scenario-based monitoring 
framework. Multi-sensor fusion should therefore provide not only harmonised estimates 
but also explicit information on uncertainty propagation, sensor-specific limitations and the 
conditions under which the resulting products remain valid. 

The semantic integration of the heterogeneous observations, traits and management 
information required for such systems is addressed in Section 7.3. 

7.3. Semantic Web, Linked Open Data and Knowledge Graphs 

Operationalising F-LUI requires not only the integration of heterogeneous data 
sources but also their semantic harmonisation. RS products, forest inventories, in situ ob-
servations, management data and ecological models differ in terminology, spatial and 
temporal resolution, measurement units and data structures. Moreover, identical terms 
may be defined differently among monitoring programmes, whereas different terms may 
refer to the same ecological property. For internationally comparable F-LUI monitoring, 
purely technical data fusion is therefore insufficient. The meaning, provenance and rela-
tionships of forest traits and F-LUI indicators must also be described explicitly and in ma-
chine-readable form. 

The Semantic Web and Linked Open Data (LOD) provide a suitable conceptual frame-
work for this purpose. Semantic technologies represent data not only as values but connect 
them to explicitly defined concepts and relationships. Standards such as the Resource De-
scription Framework (RDF) and the Web Ontology Language (OWL) enable such relation-
ships to be represented formally, whereas SPARQL and particularly GeoSPARQL support 
semantic and spatial querying. GeoSPARQL was specifically developed to represent spatial 
objects and relationships in a standardised manner within the Semantic Web [172]. 

For the trait-based F-LUI framework, the ontological description of the observational 
layer is particularly important. A Forest Trait could, for example, be represented together 
with its definition, unit, spatial scale, observation method, sensor source and temporal va-
lidity. Transferable semantic standards already exist for this purpose. The SOSA/SSN 
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ontology, jointly developed within the W3C/OGC context, provides a modular semantic 
model for sensors, observations, procedures, observed properties and features of interest 
[173]. The Environment Ontology (ENVO) similarly demonstrates how environmental con-
ditions and entities can be formally represented and linked to biological information [174]. 

Building on these standards, Knowledge Graphs could explicitly represent relationships 
among the components of the F-LUI framework. Nodes within an F-LUI Knowledge Graph 
could include, for example, Forest Trait, tree species, forest structure, management interven-
tion, disturbance, sensor, RS product and ecosystem function. Relationships could then spec-
ify which sensor observes a particular trait, which management intervention influences that 
trait, or which trait contributes to a particular ecosystem function. This would create a trans-
parent knowledge chain: Management/Disturbance → Forest Trait → RS Observation → F-
LUI Indicator → Ecosystem Response. This explicit representation distinguishes a Knowledge 
Graph from a conventional database: not only observational values, but also their ecological 
meaning and relationships within the F-LUI concept are represented formally. 

A comparable principle is already applied in global biodiversity monitoring. EBVs 
were developed as a standardised observational layer between heterogeneous primary 
data sources and higher-level biodiversity indicators [175,176] further demonstrated that 
integration and harmonisation of different observation sources are essential prerequisites 
for representative EBV datasets. For forest ecosystems, Latifi et al. [177] showed, using a 
comprehensive data infrastructure for the Bohemian Forest ecosystem, how heterogene-
ous in situ and RS observations can be integrated to support the development of EBVs. 

Semantic technologies are also an important prerequisite for implementing the FAIR 
principles—Findable, Accessible, Interoperable and Reusable [178]. These principles explicitly 
emphasise the machine-actionable discoverability, interpretability and reuse of scientific data. 
For F-LUI, their implementation could substantially improve comparability among forest in-
ventories, RS products, research projects and national or international monitoring pro-
grammes. The Semantic Web, LOD and Knowledge Graphs therefore do not constitute an 
additional F-LUI indicator family, but rather a semantic integration layer of the trait-based 
framework. Their central function is to link forest traits, observation methods, management 
information and the six F-LUI indicator families unambiguously. This provides the basis for 
transparent, reproducible and machine-readable F-LUI products and ultimately supports the 
operational implementation of the trait-based framework proposed in Section 7.4. 

As illustrated in Figure 5, an F-LUI ontology provides the semantic interface between 
heterogeneous data sources and the six indicator families of the trait-based F-LUI frame-
work. Formal descriptions of forest traits, management information and RS products cre-
ate the basis for interoperable data integration, automated knowledge extraction and AI-
supported analyses, thereby supporting the development of standardised and reproduc-
ible F-LUI monitoring systems. 
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Figure 5. Conceptual framework for the semantic integration of heterogeneous data sources within 
trait-based Forest Land Use Intensity (F-LUI) monitoring. Conceptual visualisation generated using 
OpenAI ChatGPT (GPT-6; image generation) based on concepts defined by Angela Lausch; scientific 
validation and final revision by Angela Lausch. 

7.4. Towards an Operational Trait-Based F-LUI Monitoring Framework 

The principal challenge for future operational monitoring of F-LUI is not primarily the 
availability of additional sensors or individual indicators, but the standardised transfor-
mation of heterogeneous observations into comparable and ecologically interpretable F-LUI 
information. Continuous RS time series, forest inventories and in situ observations now pro-
vide extensive information on forest ecosystems, yet a common reference framework that 
systematically connects these observations with anthropogenic forest use and its ecological 
consequences is still lacking. The trait-based F-LUI framework proposed in this review ad-
dresses this gap by establishing forest traits as the common observational layer linking het-
erogeneous data sources, ecological processes and the six F-LUI indicator families. 

Conceptually, this approach follows the logic of EBVs. EBVs provide an intermediate 
layer between heterogeneous primary observations and higher-level indicators, thereby ena-
bling harmonisation across different observation systems [175]. Proença et al. [176] similarly 
demonstrated that field observations, monitoring networks and RS provide complementary 
contributions to standardised EBVs. For satellite-supported EBVs, Pettorelli et al. [179] further 
emphasised that operational monitoring requires clearly defined variables, user requirements 
and long-term coordination among ecology, RS and data providers. 

Applied to F-LUI, this results in a hierarchical monitoring architecture: RS + in situ + 
inventories + management and environmental data → forest traits → six F-LUI indicator 
families → multidimensional F-LUI assessment → management and policy applications. 

At the first level, heterogeneous primary observations from multispectral and hyper-
spectral sensors, SAR, LiDAR and thermal RS are integrated with forest inventories, sen-
sor networks and management and environmental information. At the second level, these 
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observations are used to derive or characterise standardised forest traits, such as canopy 
height, biomass, leaf chemistry, vegetation water status and phenological properties. This 
observational layer is fundamental because traits can be defined largely independently of 
any particular sensor: conceptually, a Forest Trait remains the same ecological property 
regardless of whether it is measured in situ, retrieved from LiDAR or imaging spectros-
copy, or characterised by a future sensor system. 

Where higher-level properties such as tree-species composition are considered, they 
are derived from characteristic combinations of underlying forest traits rather than treated 
as directly observable RS properties. This distinction maintains the trait-based logic of the 
framework across all subsequent levels. 

At the third level, forest traits and their spatial configurations, temporal trajectories and 
functional relationships are interpreted within the six F-LUI indicator families—Trait, Gen-
esis, Structure, Taxonomy, Function and Socio-economics. For the socio-economic dimen-
sion, external management, ownership, governance and administrative information pro-
vides essential contextual information for attributing RS-observable trait patterns to anthro-
pogenic drivers. F-LUI is therefore explicitly not reduced to a universal single index. Instead, 
the framework produces a multidimensional F-LUI profile representing different forms and 
ecological consequences of anthropogenic forest use. This is important because similar over-
all levels of use intensity may result from different management regimes and may generate 
substantially different ecological outcomes. The framework therefore retains information on 
individual dimensions while enabling their standardised joint assessment. 

The technologies discussed in Sections 7.1–7.3 provide the methodological infrastruc-
ture required for this architecture. Foundation Models can support scalable and transferable 
Forest-Trait representations; multi-sensor data fusion integrates complementary observa-
tions; Semantic Web technologies and Knowledge Graphs provide explicit definitions and 
relationships among data, traits and indicators; and Digital Twins can dynamically update 
these representations and support scenario simulation. Importantly, these technologies do 
not define the conceptual framework itself but support its operationalisation. 

For an operational system, F-LUI products must additionally meet defined requirements 
for spatial and temporal resolution, uncertainty, validation, reproducibility and interoperabil-
ity. Uncertainty must be assessed throughout the complete processing chain rather than only 
for the final F-LUI product. Relevant sources include sensor noise and calibration, atmospheric 
and topographic effects, differences in spatial, spectral and temporal resolution, geolocation 
and co-registration errors, missing observations, optical and radar saturation, reference-data 
uncertainty, model transferability and the propagation of errors during multi-sensor fusion. 
These uncertainties should be quantified, where possible, using independent spatial and tem-
poral validation, ensemble modelling, probabilistic prediction intervals, sensitivity analysis 
and error-propagation procedures. F-LUI products should therefore provide uncertainty lay-
ers and quality flags alongside estimated traits and indicators, rather than presenting model 
outputs as ecologically certain values. 

AI-supported inference must additionally be auditable and ecologically contextualised. 
Each product should document the sensors and acquisition dates used, preprocessing and fu-
sion procedures, training and validation data, model version, applicability domain and per-
formance across forest types and environmental conditions. Historical RS time series, forest 
inventories, disturbance records and management information should be incorporated to dis-
tinguish persistent management effects from short-term anomalies or natural disturbances. 
Where several ecological interpretations remain plausible, these alternatives should be re-
ported explicitly and subjected to expert evaluation. This audit trail links mathematical model 
confidence with ecological plausibility and enables users to trace each F-LUI inference back to 
its underlying observations, assumptions and uncertainties. 
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Experience from the EBV concept demonstrates that standardised metadata, interop-
erable data structures and reproducible workflows are essential prerequisites for global 
trait-based data products [180]. Similarly, every F-LUI product should provide infor-
mation on data provenance, sensors used, model uncertainty, spatial and temporal valid-
ity, and the basis for validation. 

The proposed framework therefore does not constitute a finished global F-LUI index, 
but an open reference architecture for its future operationalisation. Its principal concep-
tual contribution is to establish forest traits as a stable interface between continuously 
evolving observation technologies and the ecologically relevant dimensions of forest-use 
intensity. New sensors, AI models and data sources can therefore be incorporated without 
altering the underlying conceptual structure of the monitoring framework. In the longer 
term, this provides a pathway from fragmented individual indicators towards harmo-
nised, dynamic and internationally comparable trait-based F-LUI monitoring. 

Figure 6 summarises this architecture and illustrates how heterogeneous observa-
tions can be transformed through forest traits and the six F-LUI indicator families into AI-
supported operational F-LUI monitoring. 

 

Figure 6. AI-enabled, trait-based framework for operational monitoring of Forest Land Use Intensity 
(F-LUI). Solid arrows indicate process and information flow; dotted blue arrows show feedback and 
data links; double-headed arrows indicate bidirectional exchange involving the digital twin and 
operational monitoring. The event marks in the disturbance-history panel represent a schematic 
timeline. Conceptual visualisation generated using OpenAI ChatGPT (GPT-6) (image generation) 
based on concepts defined by Angela Lausch; scientific validation and final revision by Angela 
Lausch. 
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A practical application of this operational architecture is illustrated in Section 7.5 us-
ing the transition from clear-cutting to continuous-cover forestry as an example. 

7.5. From the Conceptual Framework to Management Decision Support: An Illustrative Contin-
uous-Cover Forestry Scenario 

To illustrate how the proposed framework can support practical decision-making, 
the transition from a commercial forest managed through clear-cutting towards continu-
ous-cover forestry is considered as an illustrative scenario. This example is conceptual 
rather than empirical and demonstrates how the six indicator families can be combined 
without requiring a universally applicable F-LUI index. The management objective is to 
maintain timber production while increasing structural continuity, tree-species diversity, 
carbon storage and ecosystem resilience. 

Implementation begins with the definition of the management objective, spatial as-
sessment unit and monitoring period. A baseline is established using historical RS time 
series, forest-inventory data, management records and relevant socio-economic infor-
mation. Indicators are then selected from each family according to their sensitivity to the 
intended management transition, their availability and their relevance to local manage-
ment objectives. This selection should remain parsimonious, because operational decision 
support does not require every indicator described in this review. 

Trait indicators provide the primary observational basis and may include LAI, can-
opy water status, foliar biochemical properties and canopy temperature. These indicators 
can reveal changes in vegetation condition and stress during harvesting, regeneration and 
stand development. Genesis indicators use temporal trajectories to distinguish abrupt 
clear-cutting events from smaller and more frequent interventions associated with contin-
uous-cover forestry. They also capture regeneration dynamics, disturbance legacies and 
the continuity of forest development. 

Structural indicators describe expected changes in canopy cover, vertical stratifica-
tion, gap-size distribution, stand density and above-ground biomass. Under successful 
continuous-cover management, large homogeneous openings should decline, whereas 
vertical and horizontal structural heterogeneity should increase. Taxonomic indicators 
can assess changes in tree-species composition, functional groups and forest-community 
diversity. Their interpretation generally requires the integration of RS with forest inven-
tories or field observations. Functional indicators evaluate consequences for productivity, 
carbon storage, evapotranspiration, water-use efficiency and energy exchange. They help 
determine whether structural and compositional changes translate into the intended eco-
system functions. 

Socio-economic indicators provide the management context needed to interpret these 
ecological changes. Relevant information may include harvesting intensity, timber remov-
als, road accessibility, ownership, management plans, regulatory constraints, operational 
costs and timber-market conditions. While RS can identify spatial proxies such as canopy 
openings, skid trails and harvesting patterns, ownership, economic objectives and man-
agement decisions must be obtained from cadastral records, administrative databases, for-
est-management plans or stakeholder information. 

For decision support, the selected indicators can first be evaluated separately against 
the baseline, management targets or ecologically defined thresholds. Indicators may sub-
sequently be normalised to a common scale and aggregated within each family. The six 
family-level results should initially be presented as a multidimensional dashboard or map 
rather than immediately collapsed into a single score. This preserves information on 
trade-offs, for example where improved structural diversity is accompanied by temporar-
ily reduced timber output or increased operational costs. 
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If a particular decision requires alternatives to be ranked, context-specific weighting 
may be applied using a transparent Multi-Criteria Decision Analysis procedure. Weights 
should be defined according to the management objective, site conditions, legal require-
ments and stakeholder priorities rather than prescribed universally by the framework. 
Sensitivity analysis should then be used to determine whether the ranking changes under 
alternative weighting schemes. Any resulting composite score represents a decision-spe-
cific assessment and should not be interpreted as a universal F-LUI index. The scenario 
demonstrates that the framework can be implemented using currently available RS, in-
ventory and management information. Digital Twins may extend this workflow by assim-
ilating repeated observations and simulating future management alternatives, but they 
are not a prerequisite for operational application. Table 1 illustrates how the six-family F-
LUI framework can be applied to the transition from clear-cutting to continuous-cover 
forestry by linking representative indicators, expected responses, principal data sources 
and their relevance to management decisions. 

Table 1. Illustrative application of the six-family F-LUI framework to the transition from clear-cut-
ting to continuous-cover forestry. 

Indicator 
Family 

Illustrative Indicators 
Expected Response Un-
der Continuous-Cover 
Forestry 

Principal Data Sources Management Rele-
vance 

Trait 
LAI, canopy water status, 
canopy temperature 

Improved continuity of 
canopy condition; re-
duced stress after inter-
vention 

Optical, hyperspectral and 
thermal RS; field data 

Early detection of 
stress and recovery 

Genesis 
Harvesting events, regener-
ation and disturbance tra-
jectories 

Fewer abrupt stand-re-
placing changes; more 
continuous development 

Landsat/Sentinel time se-
ries; management records 

Verification of tem-
poral continuity 

Structure 
Canopy cover, height di-
versity, gap size, biomass 

Smaller gaps and greater 
vertical and horizontal 
heterogeneity 

LiDAR, SAR, optical RS; 
inventories 

Assessment of target 
stand structure 

Taxonomy 
Tree-species composition 
and diversity 

Greater compositional di-
versity and mixed-species 
structure 

Hyperspectral and multi-
spectral RS; inventories 

Evaluation of diversi-
fication and natural-
ness 

Function 
Productivity, carbon stor-
age, evapotranspiration 

More stable ecosystem 
functioning and carbon 
retention 

Multi-sensor RS; flux and 
ecosystem models 

Assessment of func-
tional outcomes 

Socio-eco-
nomics 

Harvest intensity, accessi-
bility, ownership, costs 

Modified harvest cycles, 
operational requirements 
and economic trade-offs 

Management plans, cadas-
tral and administrative 
data; RS proxies 

Integration of ecologi-
cal and operational 
objectives 

8. Conclusions and Further Research 
F-LUI is a multidimensional and dynamic property of forest ecosystems that cannot 

be adequately represented by individual management variables or RS indicators. Alt-
hough RS enables spatially continuous and temporally repeated observations of forest 
ecosystems, F-LUI itself is not directly observable. This review therefore proposes forest 
traits as the common observational interface linking forest management, RS observations 
and ecosystem responses. 

Building on this principle, the proposed trait-based framework distinguishes six 
complementary F-LUI indicator families: Trait, Genesis, Structure, Taxonomy, Function 
and Socio-economics. These families represent different interpretative dimensions of for-
est traits and their spatial and temporal dynamics rather than independent RS observation 
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domains. Instead of reducing F-LUI to a single index, the framework enables different 
dimensions and ecological consequences of forest use to be assessed within a common 
and sensor-independent architecture. The conceptual pathway observations → forest 
traits → F-LUI indicator families → multidimensional F-LUI assessment provides the ba-
sis for integrating RS with forest inventories, in situ observations, management infor-
mation and environmental data. 

Emerging approaches, including Foundation Models, multi-sensor data fusion, se-
mantic data integration, Knowledge Graphs and Digital Twins, can support the opera-
tionalisation of this framework by improving trait retrieval, interoperability, attribution 
and dynamic monitoring. However, these technologies should be regarded as enabling 
methodological and computational layers rather than substitutes for ecologically inter-
pretable forest traits, ecological process understanding and independent validation. 

Future research should focus on standardising Forest Trait definitions and F-LUI in-
dicators, quantifying and propagating uncertainties, distinguishing management effects 
from natural disturbances and environmental variability, and evaluating transferability 
across forest types, management regimes and spatial and temporal scales. Particular pri-
ority should be given to long-term validation sites that combine RS time series with re-
peated forest inventories, documented management histories and ecological observations. 
Such integrated datasets will be essential for determining which combinations of forest 
traits provide robust and transferable evidence of different dimensions of F-LUI. 

The proposed trait-based framework thus provides an open and extensible concep-
tual basis for harmonised, reproducible and internationally comparable F-LUI monitor-
ing. By positioning forest traits as the stable observational interface between heterogene-
ous data sources and multidimensional F-LUI indicators, it provides a pathway towards 
spatially and temporally consistent assessments of forest-use intensity and its ecological 
consequences. 
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CCF Continuous Cover Forestry 
CWC Canopy Water Content 
EBV Essential Biodiversity Variable 
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ForMIX Forest Management Intensity Index 
F-LUI Forest Land Use Intensity 
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GPR Gaussian Process Regression 
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LOD Linked Open Data 
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NEP Net Ecosystem Productivity 
NPP Net Primary Productivity 
OWL Web Ontology Language 
RDF Resource Description Framework 
RS Remote Sensing 
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SIF Solar-Induced Chlorophyll Fluorescence 
SMI Silvicultural Management Intensity 
SPARQL SPARQL Protocol and RDF Query Language 
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TLS Terrestrial Laser Scanning 
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Appendix A 

Table A1. Existing conceptual approaches and observational perspectives for assessing Forest Land 
Use Intensity (F-LUI). 

Conceptual 
Approach 

Key Refer-
ences Primary Focus Typical Indicators/Varia-

bles Strengths Limitations 

Management-
based [6,7,19,20] 

Intensity of silvicul-
tural interventions 
and forest manage-
ment 

Harvesting and biomass 
removal; thinning; rota-
tion length; tree-species 
selection; regeneration 
practices; management in-
puts 

Directly character-
ises anthropogenic 
interventions and 
enables comparison 
among manage-
ment regimes 

Requires detailed man-
agement information 
and only partly cap-
tures resulting ecosys-
tem responses 

Pressure-
based [4,5] 

Anthropogenic in-
puts, outputs and 
pressures associ-
ated with forest use 

Harvest/felling rates; 
wood extraction; accessi-
bility; management inputs; 
disturbance frequency 

Captures multiple 
dimensions of hu-
man pressure and 
links forest use to 
production systems 

Pressures do not nec-
essarily correspond di-
rectly to realised eco-
logical effects 

State-based [23,24] 

Forest condition 
and ecosystem 
properties resulting 
from management 
and environmental 
processes 

Biomass; canopy and ver-
tical structure; deadwood; 
stand maturity; tree-spe-
cies composition; regener-
ation; forest naturalness 

Ecologically inter-
pretable and 
closely linked to 
measurable forest 
properties 

Similar forest states 
may result from differ-
ent management histo-
ries, natural disturb-
ances or environmen-
tal processes 

Impact-based [4,8,9] 

Ecological conse-
quences associated 
with land-use in-
tensity 

Biodiversity; carbon stor-
age; productivity; func-
tional composition; multi-
functionality; ecosystem 
services 

Links land use to 
ecological re-
sponses and eco-
system functioning 

Attribution of ob-
served impacts specifi-
cally to forest manage-
ment is often difficult 

RS-based ob-
servational 

[10,12,14,25] 

Spatially explicit 
observation of for-
est properties and 
their temporal dy-
namics 

Canopy height and cover; 
biomass; vegetation indi-
ces; biochemical and phys-
iological traits; disturb-
ance and recovery dynam-
ics; LiDAR and SAR met-
rics 

Spatially continu-
ous, repeatable, 
multi-scale and 
suitable for long-
term monitoring 

Primarily observes 
manifestations of man-
agement rather than 
management itself; re-
quires ecological inter-
pretation, reference 
data and attribution 

Note: The approaches are complementary rather than mutually exclusive. Management- and pres-
sure-based approaches primarily characterise anthropogenic interventions, whereas state- and im-
pact-based approaches describe their realised ecological manifestations and consequences. RS pro-
vides an observational perspective that enables many of these manifestations to be monitored spa-
tially and temporally but generally does not observe management intensity directly. 

Table A2. Evolution of conceptual definitions and related concepts relevant to Forest Land Use In-
tensity (F-LUI). 

Reference Concept Definition/Interpretation Primary Focus 
Main Dimen-
sions/Indicators 

Relevance and Limita-
tions for F-LUI 

Erb et al. [4] Land Use In-
tensity (LUI) 

LUI is conceptualised as a 
multidimensional property 
of land-use systems compris-
ing inputs, outputs and sys-
tem-level impacts. 

General land-
use systems 

Inputs, outputs, 
changes in eco-
system properties 

Provides a fundamental 
multidimensional basis 
for F-LUI, but was not de-
veloped specifically for 
forest ecosystems. 
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Kuemmerle 
et al. [5] 

Land Use In-
tensity 

LUI is considered a multidi-
mensional and spatially ex-
plicit characteristic of land 
systems, requiring indicators 
of management intensity 
and its effects across spatial 
and temporal scales. 

Land-system 
science and 
spatial LUI as-
sessment 

Management in-
tensity, produc-
tion, land-system 
properties, spa-
tial and temporal 
dynamics 

Establishes an important 
basis for spatially explicit 
LUI assessment, but does 
not provide a harmonised 
forest-specific framework. 

Schall and 
Ammer [6] 

Forest Manage-
ment Inten-
sity/Silvicul-
tural Manage-
ment Intensity 
(SMI) 

Forest management intensity 
is quantified through meas-
urable deviations of man-
aged stands from reference 
conditions resulting from sil-
vicultural decisions and in-
terventions. 

Forest and silvi-
cultural man-
agement 

Tree-species se-
lection, stand de-
velopment, bio-
mass removal 
and manage-
ment-related 
stand characteris-
tics 

Provides a quantitative 
forest-specific manage-
ment perspective, but pri-
marily represents silvicul-
tural intervention rather 
than the broader ecologi-
cal dimensions of F-LUI. 

Blattert et 
al. [7] 

Silvicultural 
Management 
Intensity (SMI) 

Management intensity is 
quantified through indica-
tors representing the degree 
and effects of silvicultural 
intervention at stand level. 

Operational for-
est manage-
ment 

Stand and man-
agement charac-
teristics, tree-spe-
cies composition, 
growing stock, 
harvesting and 
stand develop-
ment 

Enables operational com-
parison of management 
intensity, but ecological 
responses and broader so-
cio-ecological dimensions 
are represented only indi-
rectly. 

Lestido-
Cardama et 
al. [19] 

Forest Manage-
ment Intensity 
(FMI) 

FMI is conceptualised 
through the demands im-
posed by forest management 
schemes, integrating extrac-
tive impact, financial re-
sources and management in-
puts. 

Harmonised as-
sessment of for-
est manage-
ment intensity 

Extractive im-
pact, financial re-
sources, manage-
ment inputs 

Broadens FMI beyond in-
dividual silvicultural vari-
ables and improves com-
parability among manage-
ment schemes, but re-
mains centred on manage-
ment intensity rather than 
the full ecosystem re-
sponse. 

Staab et al. 
[20] 

Forest Manage-
ment Intensity 
Index (ForMIX) 

Forest-use intensity is repre-
sented by combining com-
plementary management-re-
lated and ecological forest 
attributes within an inte-
grated index. 

Ecologically in-
formed forest 
management 
intensity 

Tree-species com-
position, tree re-
moval, dead-
wood availabil-
ity, stand ma-
turity 

Integrates management 
and ecologically relevant 
forest properties, but does 
not provide a sensor-inde-
pendent observational ar-
chitecture for multidimen-
sional F-LUI monitoring. 

This review 

Trait-based 
Forest Land 
Use Intensity 
(F-LUI) 

F-LUI is conceptualised as a 
continuous, multidimen-
sional and spatially and tem-
porally dynamic property of 
forest ecosystems that re-
flects anthropogenic use, 
management and transfor-
mation and manifests in ob-
servable forest traits and 
ecosystem responses. 

Integrated and 
RS-supported 
F-LUI assess-
ment 

Trait, Genesis, 
Structure, Taxon-
omy, Function 
and Socio-eco-
nomics 

Provides a sensor- and 
scale-independent obser-
vational framework link-
ing forest management, 
forest traits, ecosystem re-
sponses and RS; opera-
tional implementation 
and harmonisation re-
main future challenges. 

Table A3. Major national (Germany), European and global forest monitoring programmes and in-
formation systems relevant to Forest Land Use Intensity (F-LUI). 
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Scale 
Pro-
gramme/Sys-
tem 

Organisation 
Primary Pur-
pose 

Main Variables/In-
dicators 

Main Data 
Sources 

Main F-LUI 
Dimensions 

Spatial and 
Temporal Cov-
erage 

Germany 

German Na-
tional Forest 
Inventory 
(BWI) 

BMEL/Thünen 
Institute 

National forest 
resource moni-
toring 

Forest area, tree spe-
cies, growing stock, 
increment, regenera-
tion, deadwood, bio-
mass 

Systematic 
field inven-
tory 

Trait; Gene-
sis; Struc-
ture; Taxon-
omy; Func-
tion 

Nationwide 
systematic plot 
network; ap-
proximately 
decadal 

Germany 

Forest Devel-
opment and 
Timber Re-
source Mod-
elling 
(WEHAM) 

Thünen Insti-
tute 

Scenario-based 
projection of 
forest develop-
ment and tim-
ber resources 

Growing stock, tim-
ber potential, har-
vesting, forest devel-
opment, carbon 
stocks 

BWI data 
and forest 
develop-
ment mod-
els 

Genesis; 
Structure; 
Function; So-
cio-econom-
ics 

Germany; sce-
nario-based, 
multi-decadal 
projections 

Germany 
Forest Con-
dition Sur-
vey (WZE) 

BMEL/federal 
states 

Long-term as-
sessment of for-
est condition 

Crown defoliation, 
discolouration, tree 
vitality and damage 

Systematic 
field obser-
vations 

Trait; Func-
tion 

Germany; an-
nual 

Germany 

National For-
est Soil In-
ventory 
(BZE) 

BMEL/Thünen 
Institute 

Assessment of 
forest soil con-
dition and 
change 

Soil carbon, nutri-
ents, pH, acidifica-
tion, pollutants and 
soil properties 

Systematic 
soil sam-
pling and 
laboratory 
analyses 

Trait; Func-
tion 

Germany; peri-
odic multi-year 
inventories 

Europe ICP Forests 
UNECE ICP 
Forests 

Long-term 
monitoring of 
forest condition 
and environ-
mental pres-
sures 

Crown condition, 
growth, foliar chem-
istry, deposition, 
soil, phenology, bio-
diversity-related var-
iables 

Level I and 
intensive 
Level II 
plots 

Trait; Struc-
ture; Taxon-
omy; Func-
tion 

Pan-European; 
repeated to 
continuous de-
pending on 
variable 

Europe 
FOREST EU-
ROPE 

FOREST EU-
ROPE 

Reporting on 
sustainable for-
est manage-
ment 

Forest resources, bio-
diversity, productive 
and protective func-
tions, socio-eco-
nomic indicators 

Harmo-
nised na-
tional statis-
tics and re-
porting 

Structure; 
Taxonomy; 
Function; So-
cio-econom-
ics 

Pan-European; 
periodic re-
porting 

Europe 

Forest Infor-
mation Sys-
tem for Eu-
rope (FISE) 

European 
Commis-
sion/EEA 

Integration and 
dissemination 
of European 
forest infor-
mation 

Forest resources, bio-
mass, biodiversity, 
disturbances and 
other forest indica-
tors 

National, 
European 
and RS-de-
rived da-
tasets 

Genesis; 
Structure; 
Taxonomy; 
Function; So-
cio-econom-
ics 

Europe; contin-
uously main-
tained infor-
mation system 

Europe 

Copernicus 
Land Moni-
toring Ser-
vice (CLMS) 

European 
Commis-
sion/EEA 

Operational sat-
ellite-based 
land and forest 
monitoring 

Tree Cover Density, 
Forest Type, land 
cover and land-cover 
change 

Sentinel 
and other 
RS data 

Genesis; 
Structure; 
Taxonomy 

Pan-European; 
product-de-
pendent up-
dates 

Europe LUCAS Eurostat 
Harmonised 
land-cover and 
land-use survey 

Land cover, land 
use, vegetation and 
soil observations 

Systematic 
field obser-
vations and 
photo-
graphs 

Trait; Struc-
ture; Taxon-
omy; Socio-
economics 

EU-wide sam-
pling network; 
periodic 

Europe 
European 
Forest Fire 
Information 

European 
Commis-
sion/JRC 

Monitoring and 
assessment of 
forest fires 

Fire danger, active 
fires, burnt areas and 
fire impacts 

Satellite ob-
servations, 

Genesis; 
Structure; 
Function 

Europe and 
neighbouring 
regions; near-
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System 
(EFFIS) 

meteorolog-
ical and na-
tional data 

real-time to an-
nual 

Global 

Global For-
est Re-
sources As-
sessment 
(FRA) 

FAO 

Harmonised 
global assess-
ment of forest 
resources and 
management 

Forest area and 
change, biomass, 
carbon, disturb-
ances, management, 
ownership and des-
ignated functions 

National re-
porting, 
NFIs and 
comple-
mentary RS 
information 

Genesis; 
Structure; 
Taxonomy; 
Function; So-
cio-econom-
ics 

Global; five-
year reporting 
cycle 

Global 

FRA Remote 
Sensing Sur-
vey (FRA 
RSS) 

FAO 

Consistent as-
sessment of 
global forest 
and land-use 
change 

Forest area change, 
deforestation, affor-
estation and land-
use transitions 

Systematic 
satellite-
based sam-
ple assess-
ment 

Genesis; 
Structure 

Global sample-
based assess-
ment; linked to 
FRA cycles 

Global/n
ational 

National For-
est Monitor-
ing Systems 
(NFMS) 

National au-
thorities/FAO 
support 

National moni-
toring of forest 
extent, change 
and carbon, 
particularly for 
REDD+ 

Forest area and 
change, biomass, 
carbon stocks and 
degradation 

Forest in-
ventories, 
RS and na-
tional da-
tasets 

Genesis; 
Structure; 
Function 

Country-spe-
cific; repeated 
monitoring 

Global 
Global For-
est Watch 
(GFW) 

World Re-
sources Insti-
tute and part-
ners 

Near-real-time 
forest change 
and disturbance 
information 

Forest-cover loss, 
disturbance alerts, 
fires and selected 
carbon indicators 

Multi-
source satel-
lite observa-
tions and 
derived 
products 

Genesis; 
Structure; 
Function 

Global; annual 
to near-real-
time depend-
ing on product 

Global 

Global Wild-
fire Infor-
mation Sys-
tem (GWIS) 

European 
Commis-
sion/JRC 

Global wildfire 
information 
and monitoring 

Active fires, burnt 
area, fire danger and 
emissions 

Satellite and 
meteorolog-
ical obser-
vations 

Genesis; 
Function 

Global; near-
real-time and 
historical 

Table A4. Key indicators for the six Forest Land Use Intensity (F-LUI) indicator families and repre-
sentative references. 

F-LUI Indicator Fam-
ily Key F-LUI Indicator 

Main Relevance to F-
LUI 

Principal Observa-
tion/Data Source 

Representative Refer-
ence Already Included 
in the Manuscript 

Trait Leaf Area Index (LAI) 

Canopy foliage quan-
tity, light interception 
and responses to thin-
ning, harvesting and 
regeneration 

Multispectral/hyper-
spectral RS; LiDAR; 
field measurements 

[52] 

Trait Leaf chlorophyll con-
tent (Cab) 

Photosynthetic condi-
tion, vegetation vitality 
and biochemical re-
sponse to changing re-
source availability 

Multispectral and hy-
perspectral RS; red-
edge spectroscopy 

[60] 

Trait Leaf nitrogen content 
(LNC) 

Nutrient status, photo-
synthetic capacity and 
resource-acquisition 
strategy 

Imaging spectroscopy; 
radiative-transfer in-
version 

[54] 

Trait Leaf and canopy water 
content (LWC/CWC) 

Hydraulic status, 
drought response and 

SWIR/hyperspectral 
and multispectral RS 

[64] 
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physiological effects of 
stand modification 

Trait Phenological traits 

Timing and duration of 
canopy activity and 
management-related 
changes in species and 
stand development 

Multitemporal Senti-
nel-1/-2; phenological 
time series 

[99] 

Genesis Disturbance history 

Timing, magnitude 
and recurrence of an-
thropogenic and natu-
ral forest change 

Long-term Land-
sat/Sentinel time series; 
change detection 

[68] 

Genesis Harvest and thinning 
history 

Frequency, severity 
and recurrence of bio-
mass-removal inter-
ventions 

Repeated inventories; 
multitemporal RS; har-
vest records 

[147] 

Genesis 
Regeneration and re-
covery dynamics 

Rate, direction and 
completeness of forest 
recovery following dis-
turbance or manage-
ment 

Multitemporal optical 
RS; LiDAR; inventories [75] 

Genesis Successional trajectory 

Long-term reorganisa-
tion of structural, taxo-
nomic and functional 
forest properties 

Chronosequences; 
long-term RS; field ob-
servations 

[85] 

Genesis 
Land-use and manage-
ment legacy 

Persistent ecological 
imprint of historical 
forest and land-use 
practices 

Historical maps and in-
ventories combined 
with contemporary ob-
servations 

[83] 

Structure 
Horizontal forest 
structure and fragmen-
tation 

Patchiness, edges, con-
nectivity and land-
scape-scale spatial con-
sequences of forest use 

Optical RS; forest 
masks; landscape met-
rics 

[87] 

Structure 
Vertical forest struc-
ture and canopy com-
plexity 

Modification of height, 
layering and three-di-
mensional stand organ-
isation by management 

ALS, TLS, UAV-Li-
DAR, GEDI [95] 

Structure Spatial tree-species 
configuration 

Spatial dominance, 
mixture and arrange-
ment of species pro-
duced by management 
and regeneration 

Sentinel-1/-2; species 
maps; spatial metrics 

[98] 

Structure 
Deadwood amount 
and distribution 

Retention/removal of 
structural legacies and 
habitat elements 

TLS/ALS; UAV; field 
inventory [106] 

Structure Aboveground biomass 
(AGB) 

Cumulative outcome of
growth, mortality, har-
vesting and stand de-
velopment 

GEDI/ALS; SAR; opti-
cal RS; inventories 

[109] 

Taxonomy 
Forest type and bio-
logical forest class 

Differentiation of 
broadleaved, conifer-
ous, mixed and other 

Multitemporal Senti-
nel-2 and complemen-
tary RS 

[111] 
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biologically relevant 
forest types 

Taxonomy Tree-species composi-
tion 

Biological identity and 
management-induced 
changes in dominant 
and associated species 

Sentinel-1/-2; hyper-
spectral RS; inventories [98] 

Taxonomy Taxonomic diversity 

Species richness, domi-
nance and diversity re-
sponses to forest-use 
intensity 

Species maps; spectral-
diversity measures; in-
ventories 

[117] 

Taxonomy 
Forest communities 
and habitat types 

Integrated biological 
response to manage-
ment, succession and 
site conditions 

Multitemporal RS + en-
vironmental and vege-
tation data 

[119] 

Taxonomy Ecological integrity 
and naturalness 

Degree of anthropo-
genic modification rel-
ative to near-natural 
forest conditions 

Integrated RS, frag-
mentation, pressure 
and ecological datasets 

[94] 

Function 
Forest productiv-
ity/GPP 

Photosynthetic carbon 
uptake and productive 
ecosystem performance 

NIRv, SIF, optical time 
series; flux measure-
ments 

[134] 

Function Water cycling and 
evapotranspiration 

Effects of management 
on transpiration, water 
availability and ecosys-
tem water fluxes 

Thermal RS; ECOS-
TRESS; optical/SAR; 
flux measurements 

[140] 

Function 
Carbon storage and se-
questration 

Long-term effects of 
management on bio-
mass and ecosystem 
carbon pools 

LiDAR, SAR, invento-
ries and carbon models [109] 

Function Ecosystem resilience 
and recovery 

Capacity to resist dis-
turbance and recover 
structural and func-
tional properties 

Long-term RS trait tra-
jectories 

[76] 

Function 
Ecosystem multifunc-
tionality 

Simultaneous mainte-
nance of multiple eco-
system functions under 
different land-use in-
tensities 

Integrated ecological, 
biodiversity and func-
tional observations 

[8] 

Socio-economic 
Forest-management 
activity and harvesting 
intensity 

Realised frequency, ex-
tent and severity of 
timber-removal inter-
ventions 

NFI/harvest records 
combined with mul-
titemporal RS 

[147] 

Socio-economic Forest ownership and 
governance 

Institutional context 
determining manage-
ment objectives, re-
strictions and decision-
making 

Cadastral, policy, ad-
ministrative and gov-
ernance data 

[156] 

Socio-economic Forest accessibility 
and infrastructure 

Physical and economic 
accessibility enabling 
forest-management op-
erations 

Road networks, DEMs, 
high-resolution RS and 
administrative data 

[160] 
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Socio-economic 
Forest-management 
regime and spatial 
management pattern 

Long-term organisa-
tion of unmanaged, 
close-to-nature, multi-
functional and produc-
tion-oriented manage-
ment 

RS-derived forest at-
tributes + inventories + 
management infor-
mation 

[166] 

Socio-economic 
Management inputs 
and financial re-
sources 

Resources and man-
agement inputs in-
vested in forest utilisa-
tion and silvicultural 
intervention 

Management, financial, 
operational and inven-
tory data 

[19] 
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