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Executive Summary

Integrative Forest Management (IFM) is a holistic approach that acknowledges the complexity,
individual history and regional characteristics of forest ecosystems and their management,
aiming to integrate nature conservation objectives and the adaptation of our forests to climate
change into sustainable forest management. Theoretically, the increased availability of RS
data may facilitate uptake of IFM by enabling more efficient utilization of forest resources.
High-resolution data may enable managers to find management activities better suited to the
local conditions of the forest

This deliverable report applies several methods for monitoring and assessing indicators of
integrative forest management (IFM) using remote sensing. This has been done using a
combination of field and desk-based feasibility studies focused on the TRANSFORMIT Living
Lab model. Remote sensing technologies have been ranked according to their Technology
Readiness Level (TRL) to help evaluate their capacity to monitor key IFM indicator variables.
The indicators explored here include, but are not limited to, those decided through an intensive
stakeholder engagement process (D5.2). A systematic review (MS16) was used to confirm
the most viable technologies to be taken forward to feasibility studies. These were:
Multispectral and hyperspectral satellite imagery (M/HSI), Airborne laser scanning (ALS),
Airborne multispectral and hyperspectral imagery (AM/HSI), and Terrestrial laser scanning
(TLS).

We apply these technologies to IFM, using the Living Labs as case studies, showing how RS
can be used to calculate several indicator variables, and applied in the context of landscape-
scale monitoring. The objectives of this study are therefore to:

1) Demonstrate the potential of calculating indicators of IFM using RS technology
2) Assess the Technological Readiness Level (TRL) of various RS technologies
3) Evaluate the feasibility of using RS in an evidence-based monitoring protocol for IFM

We implemented a portfolio of RS-based methods on real-world sites in the TRANSFORMIT
Living Labs. RS methods included: assessment of forest type, density and connectivity from
satellite data; production of forest disturbance maps, risk assessment, and temporal analysis
of disturbance patterns; state-of-the-art review of tree species classification technology; an
overview of ALS-based forest inventory; analysis of forest structural complexity using ALS;
dead wood detection demonstration using ALS; habitat tree selection using ALS, and
assessment of the use of TLS for assessments of forest structure.

Overall, all the remote sensing techniques can help to facilitate evidence-based monitoring of
IFM indicator variables by providing cost-effective means of assessing highly complex
ecological and structural traits of forests. The attribution of a TRL score for each combination
of technologies and indicators showed that: ALS was the technology that was better able to
monitor forest inventory, ALS was the best choice for structural complexity metrics, and
satellite-based monitoring showed the highest accuracy for disturbances. For individual tree
structure, TLS was unparalleled.

Calculations, datasets, maps, models and resources have been provided for the Living Lab
partners and Forest Enterprises collaborating in TRANSFORMIT. These include but are not
limited to: an inventory of national LIDAR datasets, a guidance note of the applicability of
satellite data for IFM, plot-level LIDAR metrics for the Zagreb Living Lab and analysis-ready
raster maps of model predictions, TLS-derived forest inventory and structural models from
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Catalunya, as well as several demonstrations of other forms of remote sensing-based analysis
within this document. Key findings for each feasibility study include:

1.

Multispectral and hyperspectral satellite imagery (M/HSI)

By analysing time-series of satellite imagery, we are able to recognise spectral
signature for monitoring disturbance regimes.

Several Europe-wide risk maps have been produced, which enable quantification of
historical disturbance patterns, risk, and damaged forest area.

Satellite platforms show the least data requirements in terms of monitoring, at the
expense of data resolution.

Airborne laser scanning (ALS)

ALS is able to calculate more IFM indicators than any other technology.

ALS-based forest inventory is operationally advanced and is ready to be applied for
IFM monitoring. A combination of low point-density ALS and minimal forest inventory
sample plots can be used to create wall-to-wall maps of forest attributes.

Structural complexity metrics can be readily computed using ALS and should be used
to help identify valuable forest structures for biodiversity, an approach replicable
across many TRANSFORMIT Living Labs where LIDAR and minimal forest inventory
are available.

Airborne multispectral and hyperspectral imagery (AM/HSI)

High-resolution aerial images for dead wood detection and tree species classification
are less available than other data sources but in the future may provide the best
method for high resolution detection of forest damage.

Terrestrial laser scanning (TLS).

TLS can be used to compute tree-level variables and construct 3D models of the forest
environment, but more research is required into accuracy of measurements and
applicability to IFM.

For forest inventory and management, ALS has proved to be more operationally
advanced, however, for the analysis of individual tree structure TLS is far superior.
This may be used for working with tree-related microhabitats, or producing more
accurate biomass models.

Key limitations of the remote sensing approaches include high computational demand for
processing large datasets, and requirement of ground reference data to validate the
predictions. An important next step is to continue to work with the Living Lab partners to
implement different monitoring techniques in real-world scenarios, and establish feasible
monitoring protocols that can be used to assess IFM indicators alongside adaptation
trajectories.

Keywords

Integrative forest management, remote sensing, earth observation, technology readiness level
monitoring, indicators, deadwood, tree species, structural complexity
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1. Introduction
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Figure 1: Graphical abstract including key findings and outputs from Task 5.3.
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1.1 Background

Integrative Forest Management (IFM) is a holistic approach that acknowledges the complexity,
individual history and regional characteristics of forest ecosystems and their management
aiming to integrate nature conservation objectives and the adaptation of our forests to climate
change into sustainable forest management (TRANSFORMIT WP3 Internal Report). IFM is
an approach which aims at the sustainable delivery of multiple forest goods and services from
the same area but at different spatial scales (from the single tree to the stand and landscape
levels). Integrative measures also have different time horizons such as temporary or unlimited
protection of single trees or entire forest areas. Hence, IFM can be seen as a dual strategy
including both, integrative and segregative measures and approaches (Krumm et al., 2020).

Over the last few decades, the growing capability of remote sensing (RS) to derive forest
variables at high-resolution (HR) spatial scales has yielded new methods of characterizing
forest attributes (Fasshacht et al.,, 2024). HR and wall-to-wall data has historically been
expensive and has not met operational needs, but advances in RS have opened new
possibilities for forest management (White et al., 2016). It is also possible for RS to provide
methods for characterizing the horizontal and vertical vegetation structure of forests to assist
with biodiversity assessments (Bottalico et al., 2017; Valbuena et al., 2016). Many studies
have connected Airborne Laser Scanning (ALS) with indicators or components of biodiversity,
such as forest type, successional stage, connectivity, dead wood, forest fauna, and canopy
layering (Toivonen et al., 2023). Furthermore, the number of studies focusing on tree species
classification has increased over the last several decades (Fassnacht et al., 2016), using a
variety of sensors to capture information valuable to both conservationists and forest
managers. This has all made it possible now, more than ever, for RS data to provide
assessments of forest biodiversity and ecosystem services.
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Theoretically, the increased availability of RS data may facilitate uptake of IFM by enabling
more efficient utilization of forest resources. High-resolution data may enable managers to find
management activities better suited to the local conditions of the forest (Pukkala, 2019). At
the same time, RS can provide more detailed information on the structure, composition and
function of the forest so that forest planners and managers can make better and more informed
management decisions (White et al., 2016). This level of detail in forest information is
especially important when addressing the complexity of managing forests for multiple
objectives. This could be, for example, information about the diversity of tree species in a
forest (Fassnacht et al., 2016), forest structure (Maltamo et al., 2023), the density of dead
wood and habitat trees (Huo et al., 2023), or particular forest biodiversity indices (Valbuena et
al., 2016).

Improving our understanding of how RS can be used to support IFM is essential for meeting
the targets of the European Union (EU) Nature Restoration Regulation (NRR) (European
Commission, 2023a) whilst simultaneously ensuring a sustainable supply of timber. These
targets include, for example, those on achieving an increasing trend for standing and lying
deadwood, uneven-aged forests, forest connectivity, abundance of common forest birds, and
stock of organic carbon. Such indicators are important to the New EU Forest Strategy for 2030
(European Commission, 2021). The EU now places great value on strategic forest monitoring,
reporting and data collection, as laid out in the Draft Forest Monitoring Law, which places
greater emphasis on generating high-quality information about the biodiversity and ecosystem
services of the European forest resource (European Commission, 2023b).

1.2 Research objectives

The purpose of this report is to assess the feasibility of utilising RS technologies for monitoring
implementation of the IFM approach across various spatial and temporal scales. In MS16
(Parry et al., 2024), we completed a literature review of the use of RS for assessing the
condition of forests according to the broad principles of IFM. Now, we take this further by using
the TRANSFORMIT Living Labs as case studies, showing how RS can be used to calculate
several indicators of IFM (which have been established through a process of stakeholder
consultation; MS15 (Linser, 2025), and applied in the context of monitoring at different scales.
The obijectives of this study are therefore to:

1. Demonstrate the potential of calculating indicators of IFM using RS technology
2. Assess the Technological Readiness Level (TRL) of various RS technologies
3. Evaluate the feasibility of using RS in an evidence-based monitoring protocol for IFM

1.3 Statement of compliance with proposal and grant

agreement

Our overall agreement within this task was to: develop data procedures for the identified IFM
indicators and to develop a feasible monitoring approach that serves the requirements of IFM
implementation and management at the local scale and the reporting at national and EU-level
scales to inform policy makers and stakeholders.

Below we state the proposed key actions and how we have complied in the Deliverable:

e A data acquisition procedure is developed to obtain essential data for key indicator
variables that could not be collected in Task 5.2 (MS15).
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o In Milestone 15 we established which technologies were most feasible for
obtaining essential data for indicator variables, and were overall most feasible
for monitoring IFM. This has been taken forward in this deliverable report into
feasibility studies using data from the Living Labs.

We will deliver information useful for practical management, decision-making and as
input for modelling and the toolbox in WP6 (D5.3).

o Here we have discussed the practical implications for monitoring IFM, and how
this data should be used in decision-making. Datasets are available as input
for modelling and as case studies for the toolbox.

We will explore how the forest structure terrestrial inventory variables can be
captured by EO/RS to facilitate upscaling to the landscape level.

o We have presented several case studies to show how forest structure can be
assessed, and how biodiversity assessments can be completed at the
landscape scale. See especially our feasibility study on forest structural
complexity using ALS.

EO/RS data generation and supplementary in-situ measurements need to be
conductible and feasible so that the respective indicators can be upscaled to sites
outside the LLs.

o Here we rank technologies according to their TRL (i.e., their feasibility for
monitoring respective indicators for Forest Enterprises. This gives an
evidence-based assessment of their potential for upscaling in other areas.
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2. Methods

This study builds on work completed in other WP5 tasks, including indicator screening
(completed alongside D5.1 (Linser and Dabic, 2024), and a systematic literature review
(MS16, Parry et al., 2024). Figure 2 describes the resource inputs required to deliver these
work items, and the outputs that have already been delivered.

Inputs Indicator screening Outputs
= Initial screening to determine which
‘ Expert review of indicator pool ‘ of the full list of indicators are

feasible to capture using RS

Second screening to  determine
which are wviable with publicly
avallable data and which would
require field campaigns

This stage was completed in line with T5.1, and
was used to identify indicators (from the full list)
that could be viable with RS

‘TS.]. Identification of potential indicators

‘ Stakeholder engagement with LLs ‘ “:‘

l Systematic review

= Systematic review of how RS can
‘ be applied to the core objectives
of IFM ibiodiversity conservation,
resilience, provision of forest
ecosystem services, and climate
change mitigation)
|dentification of most viable
technologies to take forward into
feasibility studies

‘ Systematic literature review

This stage was completed alongside T5.2, and led
to MS16. A full systematic review was completed
of how RS is currently applied to the core
objectives of IFM

‘ Assessment of publicly available data ‘

‘ Data review with LLs and consolidation ‘

l ¥ « Calculation of selected indicators
‘ Data analysis and GIS mapping ‘ using RS technology
This stage led to D5.3: Dataset of selected IFM « Real world case studies from the
indicators derived from remote sensing TRANSFORMIT Living Labs
F technologies. This was structured as a series of « |dentification of feasible
‘_ Calculation of indicators ‘ feasibilif;' studies, which are used to facilitate technologies and how they can be
evidence-based maonitoring. applied to monitoring IFM
+ Recommendations for an EU-wide
‘ Ranking of technologies’ TRL ‘ evidence-based monitoring
protocol
TRANSF I |

Figure 2: Work package development. Inputs of the project team into three strands of T5.3 — indicator
screening, systematic review, and feasibility studies.

The indicator screening process completed in WP5 has resulted in 17 core IFM indicators
(Linser et al., 2025). As outlined in Figure 2, those indicators feasible for monitoring using RS
were screened from the initial pool. The systematic review (MS16) then confirmed the most
viable technologies to be taken forward to feasibility studies. These are given in Table 1.

Table 1. Feasibility studies, their platforms, sensors, typical resolutions obtained. Detailed definitions of
these can be found in Lillesand & Kiefer, (2015).

Feasibility study Platform Sensor Resolution

VT ol IR Space-borne satellite  Multispectral / Spatial: 5m —100 m
hyperspectral hyperspectral

satellite  imagery Temporal: days — weeks

(M/HSI)

Airborne EEE Airborne  plane / Light detection and Spatial: 0.1 m—5m

scanning (ALS) unmanned aerial ranging
vehicle Temporal: hours -

months
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Airborne Airborne  plane / Multispectral / Spatial: 0.1 m—-10m
(IS =laic-1NEU M unmanned aerial hyperspectral

hyperspectral vehicle Temporal: days
imagery (AM/HSI) months

Terrestrial EEE® Ground-based Light detection and Spatial: 0.1 mm—5cm
scanning (TLS) equipment ranging

Temporal: minutes
hours

2.1 Feasibility studies

We based feasibility studies on data acquired in all seven Living Labs involved in the
TRANSFORMIT project (Figure 3). These feasibility studies allowed us to rank the
technologies used according to their TRL (European Commission, 2017), in so far as they can
be used for monitoring IFM. Since 2014, the TRL scale has become part of the EU Horizon
2020 Work Programmes and in many countries and regions of Europe has been widely
adopted in the context of Research, Development and Innovation investments (European
Commission, 2017). We give official descriptions of each TRL ranking (1 — 9) in the appendix.
In essence it described the current capabilities of a given technology, its availability to market

or industry, and its overall readiness for applications to a given context (in this case monitoring
IFM indicator variables).

Living Labs l \

Stynarintermediate Alps

& Catalunya
Central Bohemia °

® Lapland

® leslandes
@ Basel Canton
® Zagred

0 100 200 300 400 km
[ . .

Figure 3. Location of the seven TRANSFORMIT Living Labs used as study areas for the purpose of this
Deliverable.
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Figure 4. Concept of technology readiness levels (TRL), adapted from European Commission (2017).

By “monitoring IFM”, we mean the capabilities of various technologies in assessing indicators
of integrative forest management practices, that is, practices that integrate different societal
goals into forest management. A TRL of 1 would be given for a technology for which basic
principles are observed in this context, but for which there is little or no readiness for
application to IFM. A TRL of 9 would be given for a technology which is already being applied
in operational settings (for example, by forest management companies or Government
agencies). A feasibility study is completed for each RS technology. For each technology,
several indicators are investigated (Table 2, B). We provide a separate TRL for each indicator.
Unigue methodologies (Table 2, C) have been developed for each indicator, and have been
designed to showcase a broad range of RS technologies, whilst highlighting challenges and
opportunities. Either raw data, processed data, or technical reports have been produced for
each feasibility study (Table 2, D) in various formats (Table 2, E).

In these studies, we are trying to evaluate the feasibility of using different RS-based
techniques for assessing different indicators of IFM. The steps in the feasibility study process
are as follows: first we establish the technology context and the current capabilities based on
existing research literature. Then, we establish our chosen method for calculating the
indicator, whilst also providing some context and reasoning for the chosen indicator. We then
describe the data to be used in the feasibility study. Then, we make calculations of the
indicator, and present this in tables, figures and maps. Finally, we evaluate the process and
consequent feasibility of monitoring, including consideration of potential gaps in the data. This
results in a TRL.

To assign rankings, we used the TRL assessment tool. For some feasibility studies, where
data availability is limited, we have provided a state-of-the-art review of the capabilities of the
technology. Table 2 shows what is contained in this report for each technology/indicator,
including the Living Lab(s) for which they have been applied. Following completion of the
feasibility studies, TRL rankings were given based on the findings. Full descriptions of the
indicators listed here can be viewed in Deliverable 5.2.



Table 1. Outputs contained in this Deliverable report, including A) the technology applied to Living Labs, B) the indicator(s) assessed, C) the overall methods
applies, D) resulting data uploaded to a secure repository, and E) the format of the data

A. Technology B. Indicator C. Methods E. Data format

D. Resulting data

Multispectral and | Disturbed or damaged | Sentinel time series analysis | Disturbance maps XISx/Tiff
hyperspectral satellite | forest area for selected Living Labs
imagery Disturbance maps for each | Spectral indices for disturbed
Living Lab areas
Forest connectivity Forest connectivity | Forest connectivity | Tiff/xIsx
assessment using Sentinel | assessment, based on Small
data Woody Features 2018 (raster
5 m) for all Living Labs,
Europe, 3-yearly, May 2023;
and Forest Type 2018 (raster
10 m) for all Living Labs,
Europe, 3-yearly, Oct. 2020
Management intensity Sentinel time series analysis | Spectral indices indicating | xIsx
for selected Living Labs past management history
Airborne laser | Stand density Overview of the use of | ALS-based forest | Report
scanning Canopy layering national ALS data for the | management inventory
Dominant trees purposes of forest inventory review
Volume and biomass
Bi-temporal changes in
forest attributes
Forest structure and | Assessment of structural | Calculated LIDAR metrics | LAS/Tiff/xIsx
planning for the retention | complexity based on high | including structural
of valuable structures in | point density ALS data | complexity
forests (Zagreb Living Lab)
Deadwood Demonstration of dead wood | Dead tree detection | Tiff
detection for Catalunya using | demonstration
ALS; and a review of state-of-
the-art
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Tree species abundance | Calculations of  Shannon | Shannon diversity metric N/A
and distribution Diversity Index for Zagreb
Living Lab
Airborne multispectral | Tree species composition | Review of state-of-the-art | Review of the use of airborne | Report
and hyperspectral using airborne images images for tree species
imagery classification
Terrestrial laser | Individual tree metrics Demonstration of ground- | Processed terrestrial laser | LAS/xIsx
scanning based LiDAR for high- | scanning data, including
resolution mapping of | segmented individual tree
individual trees stems, classified and

normalized point clouds, and
map of tree regions

Calculated of tree variables
from TLS point clouds




2.2 Data availability and field campaigns

The outline of our deliverable is technically: datasets of selected IFM indicators derived from
remote sensing technologies. A summary of which datasets have been used in this study is
available in the Table 2, and these datasets are available in a repository
(https://doi.org/10.5281/zenodo.15585783). The input data was acquired in four different
ways: 1) remote sensing datasets were supplied to us by forest enterprises or consortium
members for us to calculate selected indicators. 2) Other data were collected by SLU for the
purposes of other projects, and could be used in case studies 3) Some additional data was
collected through field campaigns to fill gaps and address the research and management
needs of certain Living Labs. 4) Finally, a large amount of data was publicly available at the
national or even global scale for use in this study.

2.2.1 Field campaigns

In January 2025, SLU completed a fieldwork campaign in the Catalunya Living Lab (Figure 5).
The purpose of this was to use a state-of-the-art terrestrial laser scanner to construct 3D point-
clouds of the forest along an ecological gradient, to represent IFM. These high-resolution
scans are featured below in a case study where individual tree metrics were measured.

2.2.2 Resources for Living Labs

In the supplementary materials we have included several resources available for use by Living
Lab partners. These are on top of the datasets that have been provided. These include a) an
inventory of available national LIDAR data in the Living Lab countries, b) an overview of the
use of different satellite sensors and their applicability to IFM monitoring, and c) a state-of-the-
art review on tree species classification.

Figure 5. Catalunya field campaign: TLS scans were generated from forests to provide detailed 3D
analysis of vegetation structure in different management systems.


https://doi.org/10.5281/zenodo.15585783
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3. Results

The following section has 4 subsections: one per selected RS technology. Each technology is
used to calculate at least one indicator. We first outline the technologies’ research context.
For each indicator we briefly outline the current state of monitoring capabilities. Then, we
assess the feasibility of their use for monitoring IFM by demonstrating these capabilities in the
context of the TRANSFORMIT Living Labs. Following these results, TRL rankings are
displayed in a diagram.

3.1 Multispectral and hyperspectral satellite imagery

Multispectral and hyperspectral satellite imagery are vital tools in forestry for mapping
vegetation types, assessing forest health, monitoring deforestation, and estimating biomass.
Multispectral imagery captures data across a few broad bands (platforms include e.g.,
Landsat, Sentinel-2), supporting large-scale forest cover classification and change detection
(White et al., 2016). Hyperspectral imagery, offering hundreds of narrow bands (platforms
include e.g., EnMAP, PRISMA), enables finer discrimination of tree species, early disease
detection, and assessment of biochemical properties (Fassnacht et al.,, 2016). These
technologies enable repeated, large-scale monitoring but are limited by cloud cover, spatial
resolution, and the need for ground-truthing.

3.1.1 Forest connectivity

Connectivity or fragmentation of forest landscapes can be monitored at the European level by
using satellite imagery such as the Copernicus CORINE Land Cover datasets (Vogt and
Caudullo, 2022).. The Copernicus Forest Type dataset (European Environment Agency, 2020)
provides at pan-European level a forest classification for three thematic classes (all non-forest
areas / broadleaved forest / coniferous forest). This dataset is reported every 3 years. We
combined this with the Small Woody Features dataset (European Environment Agency, 2023),
which is also reported every 3 years. Connectivity can then be measured using the forest area
density (FAD) metric, which is defined as the percentage of area that is forest within a
predefined analysis region (Vogt et al., 2024). One possibility for practitioners and scientists
alike to calculate this metric in a standardised way is to use the Guidos Toolbox (Vogt &
Riitters, 2017).

This method applies a moving window analysis to the foreground of an image (in this case a
forest raster map), and calculates the proportion of the foreground in the window. The window
is then moved across the entire image, hence ‘moving window’. Increasing the size of the
window accounts for the use of a larger observation scale. The FAD method records forest
connectivity at multiple scales and provides a multiscale summary. If the forest area in an
image is too small, the entire area will appear as “intact”, rendering this type of analysis
redundant. Therefore, for the Lapland Living Lab, we calculated FAD for the entire Rovaniemi
region as the Living Lab itself was too small (the entire region appeared as the same
connectivity class).
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Figure 7. Maps of connectivity based on the FAD metric for each of the Living Labs. Barplots (available
for viewing separately) show the shares of connectivity classes at different scales. The aim of the
multiscale approach is to provide different perspectives at which to analyse connectivity, as this will
influence the outcome. The final assessment combines multiple scales to provide an average.

At the landscape-scale this indicator can be monitored efficiently using these datasets. This is
useful for assessing how connected a forest area is to other forest and woody features, as
well as determining which parts of the forest are more fragmented. In Figure 7, dark green
areas of forest indicates areas which are “intact’, that is, less fragmented. Orange — red areas
indicate forest that is “patchy” or more isolated respectively. These areas in the image are
typically associated with smaller woody features, isolated patches of forest, or corridors
between patches.

3.1.2 Disturbed or damaged forest area

At the pan-European level we can investigate disturbance regimes for IFM utilising the
European Forest Disturbance Atlas (Viana-Soto & Senf, 2024), which holds maps of annual
forest disturbances across 38 European countries derived from Landsat satellite data. The
maps are available per country. The maps are updated annually.

The period covered is currently 1985 — 2023 and covers several attributes (Table 4). Landsat
data comes in 30 x 30 m pixels, but this dataset uses a minimum mapping unit of 2700 m? the
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equivalent of 3 Landsat pixels. What this means in practice is that such data is better suited
to large-scale analysis. As such, here, we apply it to the entire Living Lab area. The core
benefit of these pan-European maps is the high spatial coverage and temporal frequency,
making them highly suited to monitoring purposes.

Table 4. Technical specifications for the disturbance maps developed in the European Forest
Disturbance Atlas (Viana-Soto and Senf, 2024).

Attribute Description

Year of disturbance e Contains the year of the most recent disturbance event
in the time-series, the greatest disturbance in terms of
spectral change and stack of annual disturbances
indicating undisturbed (0) and disturbed (1).

Number of disturbances e The number of disturbances layer shows the number
of disturbance events detected within the time-series.
Disturbance severity e The disturbance severity layer indicates the spectral

change in Normalized Burn Ratio (NBR) relative to
pre-disturbance.

Disturbance agents e The disturbance agent layer summarises the
attribution of agents over the full time series. The
causal agents assigned are wind/bark beetle complex
(1), fire (2), harvest (3) and mixed agents (4, where
more than one agent occurred). The stack of
disturbance agents provides annual information on
causal agent assigned.

Disturbance probability e Contains 39 layers (1 for each year) visualising the
probability of an area being disturbed in the given year.

These maps are already processed and analysis-ready. Here we investigate 4 variables
related to the IFM indicator of disturbed or damaged forest area. It is also possible to assess
management intensity using these data, with “harvest” being one of the disturbance agents.
These variables are: a) the cumulative probability of any disturbance occurring, b) the number
of different disturbances occurring, ¢) the cumulative severity of disturbances, and d) the
relative frequency of different disturbance agents. For each of these variables we have
produced maps and accompanying figures, an example of which is given below for the Austria
Living Lab (Figure 8).
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Figure 8. Forest disturbance patterns in the Austria Living Lab, derived from the European Forest
Disturbance Atlas. Probability of disturbance indicates the cumulative likelihood of any disturbance over
all the given years. The number of disturbances reports the number of different disturbances for any
given cell across all years. The severity indicates the cumulative impact of disturbances across all given
years. The wind/beetle and harvest layers indicate the occurrence of these disturbance agents across
all given years.

The probability of disturbance is calculated by aggregating the year-on-year probability of
(any) disturbance occurring. This helps to visualise the likelihood of a given area being
disturbed, based on past occurrences. The number of disturbances, on the other hand, helps
to show areas where more than one disturbance has occurred, such as beetle attacks or fire,
followed by salvage logging. Disturbance severity, which is here assessed as spectral change,
is calculated by aggregating the year-on-year severity, and identifying the 99™ percentile of
severity 1985 — 2023. This helps to identify areas that have been more severely impacted by
disturbance over time. Finally, the relative frequency of disturbance agents is calculated by
aggregating the year-on-year frequency of each disturbance type, and dividing by the number
of years. This helps to identify more frequent disturbances over time.

One may want to conduct a temporal analysis by calculating the distribution of disturbances
over time, for example to evaluate whether climate change has increased the frequency of
these events. In Figure 9 for example we compare disturbances across the entire time series
(1985 — 2023) for the Catalunya, France, and Czechia Living Labs. The Y-axis displays the
pixel count, where in this case each pixel represents a 2,700 m? area (0.27 ha). These lines
have been smoothed to demonstrate overall trends rather than pixel counts on every individual
year.
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Figure 9. Time-series analysis of areas impacted by disturbance in the Living labs of Catalunya, France,
and Czechia. Pixel count refers to the number of 0.27 ha pixels in each disturbance type category.

Based on this analysis, it is possible to calculate the indicator of disturbed or damaged forest
area at fairly high spatial and temporal resolution. Map accuracies of the disturbance
classification showed an overall Fl1-score of 0.89, with very low errors (<1 %) for the
undisturbed class and with commission and omission errors for the disturbed class of 17.3%
and 22.5%, respectively (Viana-Soto & Senf, 2024). It should be noted, however, that the
maps and associated data are not very sensitive to non-stand replacing events. They are most
accurate when it comes to disturbances such as clear-cuts and wildfires, where there
appeared to be a change in land cover as a result in disturbance. Another key limitation is the
pixel size, which is quite coarse at 0.27 ha, which means that these data are most useful for
analysis from the stand to the landscape scale.

3.1.2.1 Spectral indices for assessing disturbance regimes

Normalized Burn Ratio (NBR) is a satellite-derived spectral index widely used to assess
wildfire severity and monitor post-fire vegetation recovery. It leverages near-infrared (NIR) and
shortwave-infrared (SWIR) reflectance values, calculated as:

NBR = (NIR - SWIR) / (NIR + SWIR)
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Pre- and post-fire NBR values are differenced (dNBR = NBRpre - NBRpost) to quantify burn
severity. Higher dNBR values indicate greater vegetation loss, aiding in prioritizing areas for
emergency stabilization (Escuin et al., 2008). NBR helps evaluate changes in soil stability,
hydrology, and habitat suitability. Severely burned areas often correlate with increased erosion
risks and delayed regeneration (McLauchlan et al., 2020). Another spectral index used to
assess disturbance regimes is Normalized Difference Vegetation Index (NDVI), defined as:

NDVI = (NIR - R) / (NIR + R)

High NDVI indicates dense, healthy vegetation (e.qg., thriving forests, crops), whilst low NDVI
suggests stressed or sparse vegetation. This is often linked to reduced water availability during
droughts causes plants to lose chlorophyll, lowering NDVI, and during fires, burned vegetation
loses greenness, leading to abrupt NDVI drops. A combination of low NDVI and low NBR can
be used as an indicator of disturbed or damaged forest area, which can be assessed at the
landscape scale. Sudden drops are likely linked to post-fire conditions. Figure 10 shows both
NDVI and NBR for the Catalunya Living Lab.

Mean NDVI & NBRin Catalonia livinglab
August2015- 2024

0.45
0.40
S 035
2 .
2 0.30
2 0.25
a
2 0.20
§ 0.15
s 0.10
0.05
0.00
22. 26. 21. 21. 26. 25. 20. 20. 20. 24,
August August August August August August August August August August
2015 2016 2017 2018 2019 2020 2021 2022 2023 2024
e Mean NDVI 0.22 0.37 0.35 0.35 0.39 0.38 0.25 0.36 0.32 0.36
Mean NBR 0.14 0.23 0.20 0.23 0.24 0.26 0.16 0.20 0.19 0.21
Date
Mean NDVI Mean NBR

Figure 10. NDVI and NBR time series for the Catalunya Living Lab. Mean values are given across the
entire area.

Figure 11 looks at a specific area where a fire took place on 23 August 2017, and uses a
different variable, in this case synthetic aperture radar (SAR) backscatter. Analysis of SAR
temporal backscatter profiles demonstrate significant differences between burnt forest and
grassland (Ban et al., 2020). SAR backscatter may therefore be used as a monitoring tool for
wildfires (Tanase et al., 2010). In Figure 9 we see a significant dip in mean SAR backscatter
directly around the 23 August 2018 fire in Catalunya.
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Figure 11. SAR VH Backscatter for the area impacted by fire in the Catalunya Living Lab.

It is also possible for spectral indices to tell us about past management history. Figure 12
shows the mean NDVI for different compartments in the Zagreb Living Lab with different
planned felling types. If we assume that these areas have been under the same management
regime in the past, we might use NDVI as a broad proxy to differentiate between different
levels of management intensity.
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Figure 12. Mean NDVI for forest sub-compartments in the Zagreb Living Lab under different
management regimes.

For example, in Figure 12 we can see that less intensive management regimes (i.e., selection
cut) do not see as many dips in NDVI as a result of sudden vegetation change, instead, NDVI
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is rising year-on-year, possibly as a result of afforestation after abandonment. Areas in
thinning or regeneration cut management regimes, on the other hand, see greater spikes and
dips in NDVI.

3.2 Airborne multispectral and hyperspectral imagery

Airborne platforms provide higher spatial and spectral resolution imagery than satellites,
essential for detailed forest inventory, species mapping, and health assessment at regional or
stand scales. Airborne multispectral systems (e.g., drones with RGB/NIR cameras) are
effective for canopy structure assessment and phenological monitoring. Airborne
hyperspectral sensors (e.g., AVIRIS, HyMap) enable detection of subtle spectral differences
for species identification and physiological analysis (Dalponte et al., 2012). These systems
balance higher detail with operational costs and smaller coverage areas compared to
satellites.

For the purpose of our feasibility studies, we were not able to obtain high-quality airborne
imagery. These would include, for example, high-quality RGB orthophotos, NIR orthophotos,
drone surveys/imagery, etc. When thinking of our indicators, these would prove most useful
for tasks such as: tree species classification and dead wood detection. Below we report on
recent advancements in the field of Machine Learning (ML) and Deep Learning (DL) for the
purpose of assessing a key IFM indicator: tree species abundance and distribution.

3.2.1 Tree species abundance and distribution

Tree species composition can be detected with different methods, including ML, DL, use of
multi-source data and multi-temporal data. We will describe their use in the next paragraphs:

ML methods are the dominant approach in tree species recognition until recently (Fassnacht
et al., 2016). ML methods rely on specifically designed features. Feature extraction is crucial
for tree species recognition, which requires domain knowledge, expertise, and experiences.
Different feature representations are needed for different data, as the sensing data can be
high-dimensional, and each pixel may contain information from multiple spectral, spatial, and
temporal features. High dimensional data increases the computational complexity. Efficient
feature extraction and selection methods become more and more important to capture critical
features to reduce data dimensionality and computational complexity. Multi-feature fusion
compensates for the deficiency of a single feature, reduces the noise effect, and provides a
rich object description, thus playing an important role to improve the tree recognition accuracy.
Information redundancy and difficulty in obtaining the optimal feature are still challenging for
the processing method, which requires robust feature selection and dimensionality reduction
techniques. An adaptive feature weight combination learning methods need to be investigated
to improve the effectiveness of feature-level fusion. Furthermore, automatic exploration of
complex fusion mechanisms is a new strategy to improve fusion performance and flexibility.

The use of DL methods for tree species recognition has evolved into a mainstream trend in
recent years (Fasshacht et al., 2016). The occlusion problem in forests makes it almost
impossible to achieve full coverage of individual trees. Occlusion refers to the difficulty of
observing or detecting objects (such as trees, understory vegetation, or terrain) due to them
being partially or fully hidden by other objects, typically overlapping tree canopies or dense
vegetation. It not only complicates single-tree extraction, but also pose clear challenges for
DL methods to mine species features in incomplete data. Point cloud data is usually large,
especially in close-range sensing data. DL models require a lot of computational and storage
resources when processing large-scale point cloud data. Therefore, robust down-sampling
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methods for extracting key points that preserve point cloud features are crucial. High
dimensional data, e.g., HS images, have high resolution and contains a large amount
information. Consequently, the parameter numbers and computational complexity significantly
increase for DL models. Therefore, effective key band extraction and data dimensionality
reduction methods need to be proposed, which can reduce the redundancy of data, lower the
application cost, and improve the recognition accuracy. Pixel-based recognition of tree
species in HS images is prone to sample distribution imbalance, e.g., the number of pixels of
some tree species is significantly less than that of other categories. This can lead to
inadequate learning of a few categories, which is susceptible to recognition bias. For the
sample and category imbalance problem, loss functions that are adaptive according to the
number of categories need to be applied.

Multi-source data can provide information that is complementary to each other. Recent studies
(Nezami et al., 2020; Schiefer et al., 2020; Sothe et al., 2020) combined multi-source data.
However, most were based on ML methods. Few studies (Liu et al., 2023) were based on DL
methods. Therefore, DL tree species recognition models from multi-source data has yet to be
sufficiently discussed. The advantages of such models are that they can automatically mine
information that utilizes different data, automatically learn features from large-scale data,
reduce the need for manual feature design, and improve recognition performance and
generalization. Multi-source DL models are usually more complex than ordinary models.
Challenges include the network structure of using different data sources, data/feature fusion
strategy, loss function, etc. Therefore, model design and training should consider the
characteristics of multi-source data and develop algorithms accordingly.

Future research focuses on the fusion of multi-source data (refs.), the use of multi-time-series
data to recognize differences between tree species (e.g., the development of spectral analysis
techniques to construct a database of multi-temporal spectral information of trees), and the
use of deep learning and artificial intelligence techniques to improve the accuracy and
efficiency of recognition.

3.3 Airborne laser scanning

Airborne laser scanning (LIDAR) is widely used to capture three-dimensional forest structure
information, critical for estimating tree height, canopy cover, biomass, and habitat
characteristics. ALS provides precise, large-area measurements of vertical and horizontal
forest structure, supporting accurate forest inventories and carbon stock assessments
(Neesset, 2014). It can penetrate through canopy gaps, allowing mapping of understory
vegetation, although it requires substantial processing and calibration against field plots.

3.3.1 Forest structure

Forest structural heterogeneity is known to be a driver of species richness and other forms of
biodiversity at a range of spatial scales (Stein et al., 2014). ALS systems can capture dense
point data defining both the canopies and ground surface through the point measurements
that penetrate the canopy. This makes it possible to map the horizontal and vertical structure
of forests (White et al., 2016). Therefore, this is a particularly important indicator to assess
using RS. Here we aim to assess forest structural complexity as a measure of the multi-
layered, or “uneven-ness” of forest areas. There are many methods for assessing forest
structural complexity using RS (Bottalico et al., 2017; Toivonen et al., 2023; Valbuena et al.,
2016), several of which rely on using high-quality ALS data to predict structural metrics.
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Here, we present an innovative solution for assessing multi-layered or uneven-aged stands
using a combination of ALS data and field inventory. We utilise ALS data from the Zagreb
Living Lab. The premise is to link LIiDAR metrics to the field inventory, and use this to predict
variables of interest over large areas (Bouvier et al., 2015; Maltamo et al., 2023). In this case,
the plot-based field inventory acquired in Zagreb allows us to determine the range of diameters
per plot and calculate measures of diameter variability (standard deviation and variance). In
the forest management inventory, diameter distributions are captured by recording each tree
per diameter class. We assumed each of these recorded trees to be exactly in the middle of
the diameter class (i.e., for the 0 — 5 cm diameter class, each recorded tree was assumed to
be 2.5 cm). The diameter variability for each plot represents the relative heterogeneity of each
plot in terms of tree size.

The aim was then to create a predictive model which could estimate our attributes of interest
across the entire Living Lab area. In this case, they are: mean diameter, and measures of
diameter variability such as variance and standard deviation. In the case of our indicator (multi-
layered or uneven-aged stands), areas with high variability in mean diameter are associated
with more structurally complex forests, with certain diameter distributions being widely known
as indicators of uneven forest structures (Maltamo, Mehtétalo, et al., 2018). Here we present
a simple approach to modelling mean tree diameter and dispersion of diameters that can be
accomplished with a combination of ALS surveys and minimal forest management inventory.

Figure 13 illustrates the data processing for multi-layered stand identification using RS. First,
circular sample plots containing diameter distributions are overlaid upon ALS tiles. Then, plot-
level metrics, such as canopy cover, leaf area index, and mean of return heights are calculated
from the LIDAR data. These variables are used to predict mean diameter and the dispersion
of diameters using a linear regression model. Wall to wall maps can then be created of these
predictions. It is finally possible to assess those variables of interest for management, for
example in this case the 25% of areas with the highest dispersion of diameters at the pixel
level. This variable is interpreted for 10 m? pixels here. This can function as a means of
informing forest managers which areas have more structurally complex forest and may inform
decisions about nature conservation and management.

These measures of structural complexity are also highly relevant to the indicator: plan for the
retention of valuable structures in forests. This approach can be used to assess areas of high
conservation value, select areas for retention, or assign management strategies where
maintenance of a complex forest structure is a key goal. For the Zagreb Living Lab, these
results have been provided as maps ready for further analysis. This technique is replicable
across any forest.
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Figure 13. Process for describing multi-layered or uneven-aged stands using remote sensing. ALS point
clouds are formed into tiles, and overlaid with circular sampling plots containing information on tree
diameters. LIDAR metrics are calculated for each plot, and a linear regression is used to define the
relationship between these metrics and our plot-level forest variables of interest. This model is then
used to predict both mean diameter, and the variability of diameters at the raster cell level.

3.3.2 Habitat trees

We could take this a step further by zoning in on those areas identified as containing forest
stands with high structural complexity. In this case we take the LIDAR tile with the highest
diameter variability and use it for analysis. Habitat trees are one of the key indicators
established through TRANSFORMIT (D5.2 Linser et al., 2025). Detection of habitat trees is of
course dependent on the Forest Enterprise’s definition of habitat trees, which can vary
between companies. Here, we use the definition: Number of trees/ha which are harmless from
a phytosanitary and safety point of view (for instance, for workers or for visitors, next to hiking
paths) with:

>40 cm DBH (only in boreal forests)
>45 cm DBH
>60 cm DBH
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Another potential definition includes number of trees/ha which will be allowed to reach their
senescence and form tree microhabitats in the future. To support planning for IFM, we might
designate at least 5 habitat trees / ha.

ALS is limited in its capabilities to directly measure individual tree diameter (Maltamo,
Karjalainen, et al., 2018), but this can be estimated with ground reference and allometric
equations. Terrestrial or ground-based methods are far superior for precisely measuring trees
below the canopy. See the below section on TLS for more information. However, ALS is very
capable of measuring crown radius and tree height, which are closely linked to diameter
(Figure 14). So, from LIiDAR, we can readily assess the number of relatively large trees at very
large scales, based on height and crown radius. If a Forest Enterprise is able to provide
species-specific allometric equations, and we know the tree species in a given area, we can
use this RS-based method to estimate the diameter of trees. In place of this however, the
method described above acts as a suitable proxy requiring no field survey.



TRANSFORMIT — Deliverable 5.3

Crown Radius Tree Height

3800
|

2500
|
2000

2000
I

1500
L
2000 2500
L L

Frequency
Freguancy

1500

500
I

2 4 (] a 10 20 30 40 50 B0

Radius (m) Height {m}

CHM with Top 10% Trees

SnEEI0

Crawn Radius [m|

we s w

T T
10 20 ao 40 50

Hesgrt {m)

Figure 14. Process for measuring crown radius and tree height as a means of detecting habitat trees
above certain threshold levels for the two forest characteristics.

3.3.3 Deadwood

Deadwood in forests affects carbon storage, nutrient cycling, and provides valuable habitats
for forest fauna (Harmon et al., 1986). It is a key indicator of biodiversity and IFM more broadly
(D5.2 Linser et al., 2025). RS research focuses on identifying standing dead wood and fallen
(lying) dead wood. ALS can detect and classify deadwood (Toivonen et al., 2023). Optical
remote sensing data (that is, images on the visible and near-infrared sections of the
electromagnetic spectrum), typically obtained using cameras or satellites, are used to
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differentiate living and dead trees (i.e., Butler and Schlaepfer, 2004). Fallen dead trees are
generally detected by identifying linear features, and standing dead trees based on tree
different structure, respect to living trees, as a result of their missing branches and dead
foliage. The detection accuracy for both types of dead wood varies considerably across
studies using ALS, ranging from ~40% to >90% (Toivonen et al., 2023). It is generally more
difficult to identify smaller dead trees (Heinaro et al., 2023) and to identify dead trees in highly
dense stands.

Several methods exist for identifying deadwood based on ALS data. One method includes
identifying trees with smaller crown radius and lower heights than average (Huo et al., 2023).
This works in forests where standing deadwood has an unusually narrow drown, typical in
boreal forests. So, we might use the Finland Living Lab as a case study for applying this
methodology. We used nationally available LiDAR data, and processed it with the aim of
identifying particularly narrow and small tree crowns (Figure 15).
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Figure 15. Process for identifying particularly narrow and small trees as a proxy for identifying less
vigorous, and potentially dead trees. Summary statistics (minimum, mean, maximum, and standard
deviation) are given for the heights of individual trees in both Raster 1 (2011) and Raster 2 (2024).

Figure 15 shows the bi-temporal results in Finland for 2011 and 2024. By assessing which
trees are particularly narrow (in the bottom 5% of crown radii) and particularly small (in the
bottom 5% of heights whilst being > 1.3 m) we get some indication of which trees are dead or
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certainly less vigorous. Using bi-temporal data 2011 — 2024 we are able to see areas where
mortality has increased.

Another method is to calculate the intensity values from airborne LIDAR data. Pulse intensity
is the return strength of the laser beam (Wulder et al., 2008), with low intensity indicating low
reflectivity and high intensity indicating high reflectivity. Intensity is also linked to moisture
content, with low values indicating low moisture and vice versa (Polvivaara et al., 2024). We
can use this method where focusing on particularly narrow trees might not apply, for example
in Catalunya, where there are higher proportions of broadleaved trees with larger canopies,
and where we know the forest is less open than the Finland Living Lab. In applying any of
these methods, it is important to consider site-specific contexts such as these.

g Canopy Height Model with Low Intensity Trees
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Figure 16. Process for detecting dead wood directly from an RGB LiDAR point-cloud based on intensity
metrics.

We utilised the regional LIDAR data collected by the Catalan Government (Institut Cartografic
i Geologic de Catalunya, 2024). We investigated one square kilometre where we knew trees
were impacted by drought, and where there were high amounts of standing dead trees. We
know that lower intensity values have been found to be associated with dead trees (Kim et al.,
2009). We used a canopy height model (Figure 16) to identify the crown-tops of the individual
trees in our area of interest, and for these trees calculated the mean intensity. We then
segmented the individual trees using a tree segmentation algorithm (Dalponte & Coomes,
2016). Then, we filtered the segmented trees by an intensity threshold (in this case the lowest
5% mean intensity). This enabled us to detect 537 potentially dead trees using the ALS point
cloud (Figure 16), which could be calibrated using surveys of dead wood to train the model.

Both these methods apply quite large assumptions, which may be questioned in the absence
of high-quality ground reference data (in this case, georeferenced sample plots indicating the
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location and density of deadwood). For detecting deadwood using RS, forest inventory and
surveys will not be replaced, but RS can certainly help to upscale and automate methods of
detection. It is likely that this will be expedited by machine learning and deep learning methods
in the future. If we had ground reference data to validate our intensity data, we could implement
an Al model by training it on the ground reference.

3.3.4 Area-based forest inventory

ALS is used to estimate stand and plot-level tree height over very large areas, and this is
becoming the standard in forest inventory (White et al., 2016). ALS-based plot-level estimates
of basal area, total stem volume, and aboveground biomass typically surpass requirements
for accuracy when compared with field measurements (Brosofske et al., 2014; Bouvier et al.,
2015; White et al., 2016). ALS is also capable of providing estimates of stand age across large
areas (e.g., Racine et al., 2014) using LiDAR-based height metrics. All of these variables
require site inventory data for the calculations used to calibrate and validate the models (White
et al., 2016), typically, circular plots containing data of the variables of interest.

The most operationally advanced method of doing this is using the area-based approach
(ABA). The ABA depends on a statistical relationship between predictor variables (identified
from the vertical distribution of LiDAR returns) and field measurements (White et al., 2016). A
3D point cloud is produced consisting of a range of heights that correspond with all the LiDAR
returns from a given area, and this cloud contains the information required to characterize the
ground and the vertical distribution of the vegetation layers above. The relationship is then
generalized (typically using linear regression analysis) between the ground-based
measurements and the LiDAR returns, and derived predictive models are then applied to the
full area of ALS coverage (Naesset, 2002). This approach has become standardised and
operational for processing ALS data to predict forest inventory attributes. Key advantages
include enhanced scalability over traditional field surveys, reduced operational costs, and the
ability to quantify vertical forest heterogeneity, which is critical for carbon stock assessments
and ecological modelling. However, model accuracy depends on the representativeness of
field calibration data, sensor specifications, and the ecological homogeneity of target
landscapes.

A “gold standard” approach to predict inventory data from ALS over very large areas is the
nationwide forest attribute map of Sweden (Nilsson et al., 2017). In Sweden, the National
Mapping Agency (Lantmateriet) has carried out an airborne laser scanning of almost all of
Sweden for the purpose of creating a new national Digital Elevation Model (DEM). In order to
stimulate activities in the forest sector, especially among private forest owners, increased
availability of up-to-date and accurate spatial information about forest resources was seen as
beneficial by the Swedish government.

The objective of the nationwide forest attribute maps project was to produce and distribute a
nationwide high resolution raster database (12.5 m grid cell size) with key forest variables for
productive forest land by combining ALS data and field data from the Swedish National Forest
Inventory (NFI). The predicted variables were stem volume (m3ha), above ground tree
biomass (ton/ha), basal area (m?/ha), basal-area weighted mean tree height (dm), and basal-
area weighted mean stem diameter (cm). The products are so-called "Analysis Ready Data"
and are used in forestry planning, restoration, forest condition assessment, as well as forest
monitoring, and they constitute an important basis for digitalisation. While testing these maps
It was concluded that the predictions had an accuracy that were at least as good as data
typically used in forest management planning (Nilsson et al., 2017).
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With a combination of ALS survey and sample plot data, it is thus possible to create wall-to-
wall maps of growing stock, harvest volume, and other inventory attributes of interest,
including carbon stocks. An example is the map we created of mean diameter for the Zagreb
Living Lab (Figure 17). This uses a combination of LIDAR metrics and field survey plots to
generate wall-to-wall predications of diameter, and enables us to visualise at the pixel level
areas in the Living Lab where trees are likely to be larger or smaller.
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Figure 17. Wall to wall map of mean diameter generated using a combination of LIDAR and sample
plots containing diameter measurements

With carbon in tree biomass being so linked to their growth and volume, similar RS techniques
can be used to estimate carbon stocks at large scales. ALS is a common method for assessing
the aboveground biomass of forests (Popescu and Hauglin, 2013) and has been cited as the
most accurate method (Asner et al., 2012; Dalponte and Coomes, 2016). It is possible to
mechanistically incorporate allometric equations into methods for mapping forest carbon at
large scales (Asner et al., 2012), and to monitor forest carbon over time using repeated LIiDAR
and field surveys (Hudak et al., 2012). As such this standard for ALS represents a cost-
effective solution for understanding the biomass, growth, and structural characteristics of
forests at very large scales.

Of course, other RS/EO methods exist for quantifying aboveground (AGB) biomass (and thus
carbon stocks) of forests. With TLS it is possible to estimate AGB at the tree and stand level
(Hauglin et al., 2016; Stovall et al., 2017). Passive optical remote sensing systems mounted
on drones, planes or satellites may derive information about AGB via measurement of
vegetation indices, spectral reflectance, and canopy properties (Tian et al., 2023). However,
due to passive optical sensors limited capabilities of penetrating the canopy and observing
vertical forest structure, forest attributes are harder to gauge. In the context of IFM, ALS is
likely the most suitable method due to being more operationally advanced, but multi-source
remote sensing techniques (Hudack et al., 2016) are advancing quickly, along with the
potential to map carbon stocks using satellite imagery (lllarionova et al., 2024).
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3.3.5 Tree species abundance and distribution

ALS may also be used to assess structural diversity in tree species abundance and
distribution, which are measured with entropy indices, such as the Shannon Diversity Index
(Ortiz-Burgos, 2016), and the Gini Coefficient (Valbuena et al., 2016). The former is based on
habitat richness and relative abundance, and measures the average degree of uncertainty in
predicting the species identity of a random individual in a community (Ortiz-Burgos, 2016).
The latter is a statistical measure of inequality, commonly applied in the context of wealth and
income, but also applied to forest structural diversity with good results (Valbuena et al., 2016).
Tree species abundance and distribution is one of the core IFM indicators (D5.2 Linser et al.,
2025). ALS data makes it possible to produce estimates of diversity over very large areas. We
may take, for example, our previous work from the Zagreb Living Lab, where we calculated
LiDAR metrics across the entire area. In Figure 17, we make use of the raster of the Shannon
entropy index for the whole living lab to calculate areas with high complexity (> 0.95; top 5%).
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Figure 17. Map and distribution of entropy values per pixel for the Zagreb Living Lab. High entropy
areas (> 0.95) are highlighted in red.

The Gini coefficient has been applied with good results on characterizing canopy structure
attributes in boreal forest ecosystems (Valbuena et al., 2016). Below (Figure 18) we take the
example of the Finland Living Lab, where in-between our ALS surveys in 2011 and 2024 a
number of variable intensity interventions were completed which diversify the canopy structure
to varying degrees. This should be detectable using the Gini coefficient (Valbuena et al.,
2012). We can see from plotting this metric for both years (which was obtainable from national
ALS data) that there are clear differences as a result of different forestry interventions. We
can see higher values in the areas subjected to these interventions.
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Figure 18. Maps of Gini coefficient values in the Finland Living Lab derived from national ALS survey
data.

Other indicators of IFM related to tree species abundance and distribution include: a) the
number of tree species occurring, b) abundance of each species per hectare, and ¢) dominant
tree species (D5.2 Linser et al., 2025). Tree species classification, as described above, is
possible using high-resolution multispectral imagery or very high resolution satellite imagery,
and this naturally requires high quality ground reference data. The use of LIiDAR for tree
species classification is less well-studies, but has potential in the future (Reitberger et al.,
2008).

3.4 Terrestrial laser scanning

Terrestrial laser scanning involves using ground-based LIDAR systems capturing detailed 3D
point clouds of forest plots. TLS provides highly accurate measurements of tree diameters,
stem shapes, branching architecture, and fine-scale forest structure (Liang et al., 2012).
It is particularly valuable for calibrating airborne sensors, validating biomass estimates, and
developing tree-level models, though it remains limited to small spatial extents and is labour-
intensive.

3.4.1 Individual tree structure

For biodiversity conservation in IFM it is important to retain and create valuable forest
structures that can support biodiversity, such as tree-related microhabitats, or TreMs; (Larrieu
et al., 2022). Furthermore, it is important to understand the individual structures of trees,
especially in complex, heterogeneous forests where structures often do not conform to
traditional models. TLS produces dense point clouds describing forest structure beneath the
canopy, in the understorey. Close-range TLS has been found to provide promising and semi-
automated identification of TreMs and individual tree structure using machine learning
(Rehush et al., 2018). However, key factors inhibiting the use of TLS include occlusion (the
presence of other objects between the target object and the scanning device) the quality of
point clouds, spectral information (visible and near-infrared parts of the light spectrum)
sensitivities, and spatial resolution. This final point is very relevant to IFM monitoring. The
spatial resolution of TLS data makes data processing time-consuming; consequently meaning
it is not often done by practitioners in the context of forest inventory (Rehush et al., 2018). This
may limit its applicability for monitoring forest management practices outside of research, but
given the high levels of innovation in this field, should be investigated further.
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TLS allows for the detailed 3D reconstruction of individual tree structure, providing a non-
destructive and accurate way to characterize tree architecture (Bornand et al., 2023). This is
a frontier topic of research, and a full study is beyond the scope of this report. However, for
this feasibility study we identify the potential of using TLS to generate 3D point-clouds of
several plots in the Catalunya Living Lab across a gradient of management regimes, with the
hope that this data might in the future be used for further study. Table 6 describes the
characteristics of the plots measured using TLS in the Catalunya Living Lab, including the plot
name referred to in the rest of the text, and the broad type of management. One complication
is the presence of dense understorey vegetation in some management regimes. This can
make calculation of tree level variables difficult.

Table 6. Characteristics of the plots measured using TLS. These plots were chosen to represent a
gradient of IFM, as well as an unmanaged control area.

Plot name Management

BAUO1 Business as usual plot, mostly Scots pine, having undergone
a thinning management regime

BAUO2 As above

CONTROLO1 An unmanaged control plot with dense vegetation on steep
slopes

IFMO1 Area managed under IFM principles with grants issued for
biodiversity thinnings. Low intensity management

IFM02 As above

MARTELOSCOPEO1 | A marteloscope study design in the satellite demonstration
area, outside of the Living Lab

OAKUNDERO1 A plot consisting mainly of Scots pine with an understorey of
holm oak
THINNINGO1 Area where a thinning is scheduled to take place in 2025

3DFin, a software for automated 3D forest inventories from terrestrial point clouds, has been
found to have particularly accurate results for calculating tree variables across a range of
forests types and structural characteristics with minimal errors (Laino et al., 2024). We initially
processed the point clouds directly using 3DFin. Our plots were 314 m? but the TLS scans
capture more information beyond this boundary. Therefore, we first cut our plots to size. The
processing using 3DFin software is very simple but is computationally demanding. We
completed the analysis on a machine with 64 GB of RAM, but we still needed to first divide
the TLS plot into 4 to overcome memory issues. We processed each ¥ individually and then
combined them for viewing in CloudCompare (CloudCompare (Version 2.X), 2025). The
results varied considerably across different management regimes and sampled plots. Overall
guality of stems segmented using 3DFin was poor. It is likely that for accurate forest inventory
using TLS a more fine-tuned approach will be required.

Due to these low accuracy metrics we instead processed the 3D point-clouds manually in the
R programming language, utilising the TreeLS package (De Conto, 2025). This allows for more
interactive coding, exploration of point-clouds, and custom processing. Whilst this required
more manual programming, it allowed segmenting individual trees and calculating variables,
such as diameter distributions, in a more reliable way (Figure 20). The outputs we have
provided can be readily opened and investigated for further research using the TreelLS
package. Figure 20 contains samples from our analysis, showing how individual trees have
been mapped, as well as diameter distributions for each of these plots. These plots can be
viewed in R using the TreelLS package, but we have also provided .LAS files with stems
segmented, which can be viewed directly in CloudCompare. The next stage of this work will
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be to compare our diameter estimates with field reference data to further calibrate our 3D
models, and allow future analysis of individual tree structures.

Figure 20: TLS point clouds and diameter distributions for two BAU plots and two IFM plots. The BAU
plots are managed under a normal thinning regime. The IFM plots are managed under a low-intensity
thinning regime with extra considerations for biodiversity.

Following model validation, a potential next step is to obtain structural metrics from individual
tree point clouds and their respective quantitative structure models (QSMs; Figure 21) (Terryn
et al., 2020). QSMs are cylinder models which are solely reconstructed using the cartesian
(x,y,z) coordinates of the 3D point cloud data. QSMs can approximate the branching structure,
geometry, and volume of the trees and store geometric and topological properties from which
features can be derived. These models can reveal complex relationships between tree
variables which simple allometric models do not. In the context of IFM, these might be used,
for example, to more accurately assess the biomass of species of interest.

Whilst the use of TLS for analysing individual tree structure in 3D environments is unmatched,
its use for traditional forest inventory is limited due to the trade-off between processing time
and generating results. There are, however, some ways in which analysis of tree structure can
be applied to forest management and modelling, which we will elaborate on in the discussion.
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Figure 21 Individual tree metrics derived from TLS point cloud data. AV = Alpha volume, which is a so-
called alpha shape, a convex hull where the degree of convexity is defined by the value alpha.
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4. Technology Readiness Levels

The TRL rankings given here are based on our holistic review of existing literature, and the
technologies application to our real-world case studies. Figure 22 shows how the rankings
have been assigned, and table 7 summarises their overall data requirements. The implications
of this for IFM monitoring are discussed below. Most of our technologies are between levels 6
— 7. This means they are being demonstrated in either a relevant (6) or operational (7)
environment. Area-based inventory scored highest (8), and is commonly used in the forest
industry for producing estimates of forest inventory variables. Many of the following
technologies at TRL 7 (i.e., satellite assessment of disturbances, or ALS based assessment
of habitat trees) have clear operational applications, but require further product development
for upscaling. If a TRL is between 4 -5, this indicates that further research is required if this
technology is to be used in relevant environments for assessing indicators of IFM.

Technology Readiness Levels (TRL) for IFM Indicators
—>
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TLS - Forest structurefinventory TLS
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Figure 22 Technology readiness levels of remote sensing technologies used in the present study, in so
far as they can be used in the assessment and monitoring of key IFM indicator variables
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In practice these technologies have different levels of capabilities depending on the scale of
the analysis. Satellite imagery is more suited to landscape-scale analysis, whilst TLS is much
more suited to single-tree level analysis. In deciding which technology to apply, consider the
level and type of information needed. Figure 22 displays these technologies absolute TRL
based on their capabilities to calculate a specific indicator. This tells us which indicators are
more ready for assessment using RS. Further analysis can be completed to assess their
relative TRL and scale-dependent capabilities. In Table 7 we outline some of the data
requirements for calculating these indicators using several technologies.

Table 7. Data requirements for calculating IFM indicators using remote sensing technology.

Technology-indicator TRL Datarequirements

Multispectral or hyperspectral satellite imagery

Connectivity 7 e Public satellite-based products are ready for
landscape-scale analysis with no extra data

Disturbed/damaged forest 7 e Public satellite-based products

area o Reference data for disturbance history

Airborne multispectral or hyperspectral imagery

Tree species abundance and | 6 e High-resolution orthophotos or very high resolution

distribution satellite images

o Reference data to validate species classification

Airborne laser scanning

Forest structure 7 o LiDAR survey combined with field plots

e Field inventory containing tree variables of interest
Habitat trees 7 e LiDAR survey

e Field plots with variables of interest, and reference for

habitat trees

e Classification or definition of habitat trees for reference
Dead wood detection 4 e Very high point density LiDAR

e Dead wood survey for validation and model training
Area-based inventory 8 e Low point density LiDAR

e Field inventory containing tree variables of interest
Tree species abundance and | 6 e Only low pulse density LIDAR required
distribution
Terrestrial laser scanning
Forest structure/inventory 5 e High pulse density LIiDAR

Field inventory for comparison and validation
Allometric models

In this report we have presented several approaches for assessing and monitoring IFM using
RS. In light of our findings and the subsequent TRL rankings, we can now discuss some of
the implications for monitoring IFM. This deliverable represents what is currently possible,
what is currently operationally advanced, and where there is currently the need for more
research. This should be seen as a recommendation for a portfolio of RS technologies that
can be applied for upscaling biodiversity conservation and climate change mitigation in forest
management. These findings also highlight which methods are more technologically
advanced, and pave the way for scoping further implementation to monitoring the key IFM
indicators (D5.2, Linser et al. 2025). Finally, these findings highlight important areas where
future research should be focused.
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5. Discussion and key recommendations

RS technologies can be applied across various spatial scales, which are important to consider
in calculation of indicators. Broadly, we think of: forest landscape, forest stand, and individual
tree scales. Below we summarise some key recommendations from this report at different
scales for applying RS to IFM.

5.1 Forest landscape scale
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Figure 23 Landscape scale analysis of forest disturbance regimes (France)

At the forest landscape scale, satellite imagery is the primary method for extracting forest
variables and assessing ecological indicators. In particular, time-series of satellite images
have proven extremely valuable for making assessments of disturbed or damaged forest area.
There are already some analysis-ready models of past disturbance and severity broken down
by disturbance agents (Viana-Soto & Senf, 2024). Using these as indicators of future disturbance
risk can help forest managers with the tools required to support resilient forests. At the same
time, data provided by Copernicus is available to track forest connectivity, type, cover and
density (European Environment Agency, 2020; Vogt et al., 2024). These can be used to monitor
fragmentation and inform decision-making about restoration. All of these datasets should be
considered in light of their scale and associated uncertainties. This type of analysis is suitable
for landscape-scale planning, and possibly down to the forest patch scale. A key next step for
Forest Enterprises, and even EU Member States, is to determine a protocol for using these
publicly available tools and datasets for assessing forest condition, managing risk from
disturbances, and planning restoration.

At the same time, area based inventory using ALS is ready for deployment using nationwide
LiDAR surveys. If bi-temporal datasets are available these can be used to monitor forest
growth and changes in carbon stocks. National LIDAR programmes can thus support IFM
monitoring by allowing accurate tracking of changes in these key forest variables. In the
absence of these national programmes, surveys can be completed using drones or fixed-wing
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vehicles, depending on the scale. These data can be used in conjunction with NFI data to
produce wall to wall maps of forest attributes at very large scales. At the landscape-scale, this
can assist with planning for retention of valuable forest structures, understanding the structural
complexity of forests, and assist with climate change mitigation by mapping forest biomass.

5.2 Forest stand scale

Figure 24 Stand level analysis using airborne laser scanning (Finland)

For working at the forest stand scale, ALS can support practical forest management by
providing high quality data on forest structure. We have shown here how remote sensing, and
in particular ALS, can be used to assess forest structural complexity. We have developed a
model that reveals a significant relationship between LIDAR metrics and plot-level measures
of diameter variance and mean diameter. We scaled this up to the landscape level by creating
a wall-to-wall model of forest structural complexity, which can be used for the planning of
biodiversity conservation measures. Where LIiDAR data is available, combined with sample
plots containing the tree variables of interest, these products can be readily created. These
support IFM by providing stand-level information about conservation value and complexity.
Further work should be done to understand how structural complexity links with different
Forest Enterprises planning of biodiversity conservation.

Both airborne LIiDAR and airborne multispectral imagery have promising applications for use
in detecting or classifying individual trees. These technologies can be used to detect individual
dead trees, or perform tree species classification. However, excellent ground reference data
and validation is required for these models to achieve satisfactory results. Furthermore, high
guality orthophotos and high point density ALS are rarely available at the level of Forest
Enterprises, and for these applications the need for such data sources increases. This is
especially true for complex forest stands.
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5.3 Individual tree scale

Figure 25 Individual tree level analysis of forest plots (Catalunya)

Individual tree detection using ALS can provide detailed information to support decision-
making. Using innovative techniques, we are able to remotely assess the number of relatively
large trees in the landscape using individual tree detection and crown segmentation methods,
which we have showcased in the results. Using this as a proxy allows forest managers to
make estimates of the number of likely candidates for habitat trees in their forest, scaling up
from the individual tree to the stand level (Huo et al., 2023).

It may also be possible to use individual tree detection to identify likely dead trees. This can
be done using, for example, crown radius and height as a means of identifying less vigorous
trees (Huo et al., 2023). This can also be done using metrics obtained from the LiDAR sensor,
for example pulse intensity (Kim et al., 2009). Both methods present innovative solutions for
assessing deadwood as a proxy of biodiversity, but more research is needed to address the
validity of this approach and to consider site-specific contexts.

TLS represents the current state-of-the-art for analysing individual tree structure, and for
producing 3D models of forest environments. Currently, this equipment is expensive, data
processing computationally intensive, and results at times mixed (Liang et al., 2016). However,
TLS technology is perceived as becoming more operationally friendly with time (Liang et al.,
2016). In the future, this technology may replace manual inventory due to its ability to construct
visualise and measure the forest remotely, and at a high, individual-tree resolution. This level
of resolution may facilitate IFM practices by gathering more data about the forest, but more
research is needed.

It is likely that TLS will be used in the future to complement NFIs to capture more information
about the forest in sampling programmes (Molina-Valero et al., 2022). Furthermore, TLS has
been shown to be capable of generating non-destructive allometric equations for biomass
estimation in natural, heterogeneous forests (Krause et al., 2023; Stovall et al., 2018). For
biodiversity conservation in IFM it is important to retain and create valuable forest structures
that can support biodiversity, such as tree-related microhabitats, or TreMs; (Larrieu et al.,
2022). To apply RS to forest management at the single-tree level it will be necessary for more
innovation to be made with TLS.
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These innovations can be translated into economic benefits for forest management. We might,
for example, use these high-resolution TLS scans to produce QSMs. These can be used to
generate region-specific allometric equations to estimate biomass, which in turn can be used
to overcome errors associated with biomass estimations. This might lead to providing more
accurate assessments of the ecosystem services being generated in schemes based on
payments for ecosystem services (PES). This forms a key part of the goal to incentivize the
integration of biodiversity conservation and other societal goals within forest management, by
providing evidence of the co-benefits associated with IFM.

List of Abbreviations

ABA Area-based Approach

AGB Above-ground Biomass

ALS Airborne Laser Scanning

AM/HI Airborne Multispectral/Hyperspectral
Imagery

EC European Commission

EO Earth Observation

EU European Union

HR High Resolution

IFM Integrative Forest Management

LiDAR Light Detection and Ranging

M/HSI Multispectral/Hyperspectral Satellite
Imagery

NFI National Forest Inventory

NRR Nature Restoration Regulation

PES Payments for Ecosystem Services

QSM Quantitative Structural Model

TLS Terrestrial Laser Scanning

TreMs Tree-related Micro-habitats

TRL Technology Readiness Level
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7. Appendix

Technology readiness levels (TRL)

Rankings are given according to the European Commission (2017).

Where a topic description refers to a TRL, the following definitions apply, unless otherwise
specified:

e TRL 1 - basic principles observed

e TRL 2 — technology concept formulated

e TRL 3 — experimental proof of concept

e TRL 4 —technology validated in lab

e TRL 5 - technology validated in relevant environment (industrially relevant
environment in the case of key enabling technologies)

e TRL 6 — technology demonstrated in relevant environment (industrially relevant
environment in the case of key enabling technologies)

e TRL 7 — system prototype demonstration in operational environment

e TRL 8 — system complete and qualified

e TRL 9 - actual system proven in operational environment (competitive manufacturing
in the case of key enabling technologies; or in space)
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