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A B S T R A C T

European forests contribute to climate change mitigation by sequestering carbon, conserving biodiversity, and enhancing water retention. However, climate-induced 
disturbances such as fires, windthrows, droughts, and pest outbreaks underscore the need for stronger forest monitoring systems. National Forest Inventories (NFIs) 
serve as the primary source of forest data and information in Europe. Yet, inconsistencies in timing, coverage, methodologies, and data quality highlight the need for 
a more harmonized and spatially detailed approach. Critically, predicting forest variables directly from satellite data remains challenging, mainly due to the dif
ficulties in aligning remote sensing with ground data. Meanwhile, the operational use of airborne laser scanning (ALS) data is limited by high costs, infrequent 
updates, and inconsistent coverage from different sensors and flight conditions. This study presents a novel approach relying on fully connected neural networks to 
integrate Landsat satellite time series and forest disturbance and recovery metrics with ALS data to predict forest height metrics, which can then be used to accurately 
predict critical forest variables, such as growing stock volume (GSV) and stand basal area (BA). The method was tested across five ecologically and geographically 
diverse European forest regions: Tuscany (Italy), the Netherlands, the Canton of Grisons (Switzerland), Białowieża Forest (Poland), and the Vindelälven-Juhttátahkka 
Biosphere Reserve (Sweden). ALS forest height metrics were predicted with R2 values ranging from 0.47 to 0.68. Then, based on field data, forest height metrics were 
used to predict GSV (R2 

= 0.78) and BA (R2 
= 0.69). Our method addresses the issue of limited spatial and temporal availability of ALS data by predicting ALS- 

derived height metrics using Landsat time series. This study examines the challenges of combining satellite and NFI data, building on the premise that satellite 
data can be effectively used to predict forest height metrics derived from ALS, which in turn can be used to accurately quantify several forest variables. The methods 
presented here support scalable and cost-effective forest monitoring by providing the spatially and temporally detailed information needed to implement climate- 
smart forestry.

1. Introduction

Forests cover more than one-third of the European land area (FISE, 
2021) and provide a wide range of beneficial effects to the environment 
and citizens (Orsi et al., 2020), such as climate change mitigation 
(Petersson et al., 2022), carbon storage (Fahey et al., 2010), biodiversity 
conservation (Burrascano et al., 2023), and water retention (Ellison 
et al., 2017). Nevertheless, in the past decades, European forests expe
rienced an increase in natural disturbances, possibly related to global 

warming (Palahí et al., 2021) and future scenarios forecast a serious 
increase in windthrow, fires, and insect attacks (Forzieri et al., 2021). 
Applying international policies to monitor, manage, and protect Euro
pean forests against climate change and related threats is more pivotal 
than ever.

In this context, harmonized forest information is needed for inter
national conventions involving forests, such as the United Nations 
Framework Convention on Climate Change and the Convention on 
Biological Diversity at the pan-European level. A large part of the 
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required information is also crucial for supporting existing environ
mental policies in the EU, including the Sixth Environment Action 
Programme (Withana et al., 2010), the EU Biodiversity Strategy 
(Hermoso et al., 2022), the Habitats (European Commission, 1992), and 
Birds (European Commission, 1979) directives, the Thematic Strategy 
for Air Pollution (Skinner, 2006), the Nitrates Directive (Brouwer and 
Hellegers, 1996), the Water Framework Directive (European Commis
sion, 2009), the Forest Action Plan, the EU Timber Regulation (Saunders 
and Reeve, 2014), and the Renewable Energy Directive (Schöpe, 2008). 
In 2023 such a need resulted in the proposal for a new regulation from 
the Directorate-General for the Environment of the European Commis
sion “On a monitoring framework for resilient European forests” (COM 
(2023)728, November 22, 2023) aimed at setting up a comprehensive 
and high-quality forest monitoring system that covers all forests and 
other wooded land in the EU based on remotely sensed and ground data.

Currently, the ground component of forest monitoring is provided by 
the National Forest Inventories (NFIs), which serve as the primary data 
source for official statistics on European forests. Despite their valuable 
contributions, NFIs have relatively high costs, standardization issues, 
infrequent updates, and data access restrictions (Gessler et al., 2024). An 
effective European forest monitoring system should provide regularly 
updated, harmonized, reliable, wall-to-wall, and easy-to-use informa
tion on the state of forest ecosystems and the products and services they 
deliver, as well as monitor biodiversity and sustainable forest manage
ment practices within emerging bioeconomy markets. NFIs alone do not 
satisfy all these requirements.

In recent years, the availability of remotely sensed data has increased 
substantially (Wulder and Coops, 2014). Along with advances in cloud 
computing (Gomes et al., 2020; Gorelick et al., 2017), this has enabled 
the application of more sophisticated algorithms over larger areas 
(Francini et al., 2022b), critical to retrieve information on forest struc
tures and dynamics (Matasci et al., 2018b). However, while a huge 
amount of satellite data is freely available for the whole globe and with 
high spatial and temporal resolutions, predicting forest variables 
directly from optical data is challenging and often results in low accu
racy, mainly due to i) the signal saturation effects because of the optical 
sensors’ limited capability to retrieve information in densely vegetated 
areas (Avitabile et al., 2012; Healey et al., 2020) and ii) the incapability 
of medium resolution optical data in measuring the 3D structure of the 
forest and the related features (Su et al., 2016). In addition, the spatial 
resolution of satellite data is usually too coarse to properly compare 
pixels and ground data obtained from NFIs, since a pixel can only 
partially overlap with the ground plot (Francini et al., 2024). This last 
issue is amplified by the imprecision of ground plot coordinates and by 
model predictions based on remotely sensed data, which can be inac
curate for individual pixels (Chirici et al., 2020; McRoberts and Tomppo, 
2007).

On the other hand, airborne laser scanner (ALS) technological ad
vancements have revolutionized forest structure data capture, tran
sitioning from experimental to operational use due to decreasing costs 
and increased availability of sensors (Nelson, 2013). Overall, ALS 
complements field measurements and optical data by providing 
three-dimensional (3D) forest structure information (Puliti et al., 2018; 
Ståhl et al., 2016). Indeed, ALS data have been proven highly effective 
for estimating growing stock volume (GSV) (Næsset, E. 1997, Næsset, E. 
2002; Bolton et al., 2020; Breidenbach et al., 2010; Cartus et al., 2012), 
aboveground biomass (Almeida et al., 2021; Margolis et al., 2015; 
Mascaro et al., 2011; Næsset and Gobakken, 2008), measuring height 
metrics (Næsset, 1997b, 2002; Villikka et al., 2012; Alvites et al., 2025), 
habitat (Müller and Brandl, 2009), tree species (Gong et al., 2024; Ørka 
et al., 2009, 2010; Shi et al., 2018) and tree species diversity (Almeida 
et al., 2021; Erfanifard et al., 2024; Davies and Asner, 2014), and 
quantifying forest ecosystem services (Vauhkonen, 2018; Van Stan et al., 
2017). Despite their huge potential and the key role they could play in 
European forest monitoring, ALS data are available only for limited 
study areas and do not cover all EU forests. ALS acquisitions remain 

expensive compared to other data sources and are thus updated rarely. 
Finally, ALS data are acquired by different sensors and collected during 
flights performed at various altitudes and in different years. As a result, 
only a portion of European forests are covered by ALS data, with ac
quisitions spread randomly over several years and with different point 
densities complicating the task of harmonization and resulting in critical 
information gaps. In summary, each data stream (satellite, ALS, and NFI) 
presents limitations in monitoring European forests when used alone, 
but larger potential lies in their combination (Matasci et al., 2018).

Specifically, predicting ALS forest structure data from optical satel
lite data would enable data provision in European areas where ALS data 
is currently unavailable, and would facilitate more frequent updates of 
ALS data. Specifically, having access to comprehensive, wall-to-wall, 
and annual or sub-annual updated ALS data would facilitate the quan
tification of numerous indicators essential for supporting the imple
mentation of optimized management practices and policies for European 
forests in a climate change scenario. Indeed, the integration of satellite, 
ALS, and field inventory data is becoming a key component of modern 
forest monitoring (de Lera Garrido et al., 2023; Liu et al., 2023; Fass
nacht et al., 2024). This multi-source approach combines the broad 
coverage of satellites, the structural detail of ALS, and the accuracy of 
field data to estimate forest attributes such as volume, basal area, and 
canopy height (Matasci et al., 2018a). Some of the methods relying on 
such multi-source data are known as hierarchical modeling frameworks. 
These use ALS data as an intermediate layer between satellite and field 
data (Lang et al., 2022; Schwartz et al., 2023), which has proven 
effective in improving prediction accuracy and in overcoming issues 
associated with satellite-ground data direct combination (Pflugmacher 
et al., 2014; Miettinen et al., 2025). Indeed, ALS data cover larger areas 
than ground plots and enable the calculation of height metrics in remote 
or inaccessible areas and at a more compatible spatial resolution than 
ground data, which facilitates integration with satellite data (Zald et al., 
2016; Wulder and Coops, 2014; Wulder et al., 2012a; Matasci et al., 
2018b).

Critically, recent advancements in deep learning and data fusion 
further enhance the predictive power of satellite-ALS-ground data hi
erarchical methods (Tolan et al., 2024; Fogel et al., 2024), with fully 
connected neural networks (FCNNs) often being a first choice for 
modeling forest characteristics such as GSV (Hawryło et al., 2020), or 
supporting forest management and planning through the automatic 
classification of high-resolution satellite imagery (D’Amico et al., 
2021a). In particular, FCNNs have proven particularly effective for 
simultaneously predicting multiple correlated continuous variables due 
to their ability to capture complex relationships and share informative 
representations across tasks (Caruana, 1997; Zhang et al., 2019). On the 
other hand, such models have not been applied so far to predict forest 
height metrics measured by ALS from Landsat data. Also, while Landsat 
time series enables us to accurately retrieve critical information on 
forest disturbances (Kennedy et al., 2010; Hansen et al., 2013; Hermo
silla et al., 2015) and recovery (White et al., 2016; 2018), and while such 
information are expected to be a critical junction point between optical 
satellite and forest structure variables (Matasci et al., 2018), such path is 
underexplored, with any relevant application in the EU context.

By leveraging recent advances in FCNN-based multivariate modeling 
(Tolan et al., 2024), state-of-the-art pixel compositing techniques 
(Francini et al., 2024), and long-term Landsat-based disturbance 
(Hermosilla et al., 2015) and recovery metrics (White et al., 2016), this 
study proposes a novel two-step approach to integrate satellite and ALS 
data for forest monitoring. Specifically, we demonstrate across five 
ecologically and geographically very diverse European regions that 
sparse and heterogeneous ALS and ground datasets can be effectively 
combined with dense satellite time series to predict forest height met
rics. These predicted height metrics are then used to estimate GSV and 
basal area (BA) through a second FCNN. This hierarchical framework 
not only addresses the lack of consistent ALS coverage but also provides 
a scalable pathway for harmonized forest structural mapping across 
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national and regional boundaries.

2. Test areas

The study was carried out in five areas of Europe representing very 
different ecosystems and climate conditions, and for which we collected 
and processed NFI or ground data, ALS data, and satellite data: (i) the 
Vindelälven-Juhttátahkka Biosphere Reserve (Sweden), (ii) the entire 
country of The Netherlands, (iii) the Białowieża forest (Poland), (iv) the 
Canton of Grisons (Switzerland), and (v) the Tuscany Italian adminis
trative region (Fig. 1).

The Vindelälven-Juhttátahkka Biosphere Reserve is located in 
northern Sweden and spans an area of approximately 13,000 km2, with a 
forest area of around 7900 km2, accounting for 53 % of the entire 

reserve. The reserve spans alpine, inland, and coastal regions, with 
forests dominated by Scots pine and Norway spruce. In the Netherlands, 
the forested area is approximately 3700 km2, accounting for 11 % of the 
total land area, and features a relatively diverse species distribution 
resulting from differences in forest history, site conditions, and changes 
in species preferences over time. The Białowieża Forest is situated be
tween Poland and Belarus; however, this study focuses on the 592 km2 

area that belongs solely to Poland. The Canton of Grisons in Switzerland 
is characterized by an elevation range of 253–4048 m and by large 
geographical and topographical variability. It covers 7105 km2 of the 
Aplin arc and contains 2100 km2 of forests. Lastly, Tuscany (23,000 
km2) is situated in central Italy and encompasses approximately 11,000 
km2 of forests over a territory that ranges from the sea to mountains of 
2000 m.

Fig. 1. – Spatial distribution across biogeographic regions (EEA, 2016) of the study areas: (i) Vindelälven-Juhttátahkka Biosphere Reserve (Sweden), (ii) The Netherlands, (iii) 
the Białowieża Forest (Poland), (iv) Canton of Grisons (Switzerland), (v) Tuscany (Italy).
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To properly test the applicability of our method at the European 
level, these study areas encompass diverse biogeographic regions, 
varying climate conditions (Fig. 1), a range of forest species, and 
different forest management regimes (Table 1).

3. Data

3.1. Determination of forest areas

To map forested areas, we utilized local forest maps validated by 
local authorities. These forest maps were created using various methods, 
but are all grounded in the FAO definition, which is employed to 
generate official forest area statistics in Europe based on NFIs 
(McRoberts et al., 2009). According to the FAO definition, temporary 
unstocked forests are classified as forests in these masks. To match the 
spatial resolution of the Landsat imagery used in this study, all forest 
masks were resampled to a spatial resolution of 30 m and harmonized 
into binary forest/no-forest masks. For more information on these masks 
and relevant references, see the forest mask column in Table 1.

3.2. Landsat data

In this study, we used Landsat imagery, which provides compre
hensive coverage of the Earth’s surface at a 30-m resolution of multi
spectral optical data. Although the more recent Copernicus Sentinel 
constellation is providing novel data, and while this data will play a 
crucial role in forest monitoring, the Landsat consistent, continuous, and 
long (since 1984) acquisitions make it one of the most valuable sources 
of information for long-term forest disturbance monitoring (Coppin and 
Bauer, 1996; Wulder et al., 2022) and forest disturbance detection 
(Borghi et al., 2021; Hansen et al., 2013; Hermosilla et al., 2015; Ken
nedy et al., 2010). Landsat provides near-nadir observations at medium 
spatial (30 m) and temporal (8–18 days) resolutions.

In this study, we used Landsat imagery acquired between 1984 and 
2022, belonging to the most updated dataset (Landsat Collection 2) as 
provided by Google Earth Engine (GEE), a cloud-based platform with 
high-performance and planetary-scale computing resources for pro
cessing vast geospatial datasets (Gorelick et al., 2017).

3.3. Airborne laser scanning data

For each study area, we collected available canopy height models 
(CHMs) at different spatial resolutions. All of them were produced due to 
the difference between the digital surface model and the digital terrain 
model. As a result of discrepancies in flight altitudes and acquisition 
years across the five study areas, point densities of ALS data used to 

construct the CHMs were different (Table 2). These very different CHMs 
simulate the real availability of ALS data in Europe and, in this study, 
were harmonized at a later stage by constructing ALS plots (see section 
4.4).

3.4. Ground data

Ground data used in the study were mostly derived from NFIs, which 
differed in plot dimensions and measured metrics (Table 3). Further, we 
identified relevant differences in the minimum diameter for measure
ment, the minimum branch diameter for inclusion in GSV calculation, 
and in the number of measured heights per plot, for which we provide 
detailed information in Annex D.

4. Methodology

We characterized the forest’s historical (1985–2022) spectral 
behavior, mapped forest disturbances, predicted forest 3D structure, 
and, finally, predicted key forest variables. The methodology is articu
lated in several steps (Fig. 2), and each step requires different input 
parameters that were calibrated for each of the five study areas 
(Table C.1 in annex C).

4.1. Best available pixel mosaicking and spectral indices

To produce yearly cloud-free mosaics of Landsat scenes, we used the 
best available pixel (BAP) compositing algorithm. The key elements of 
the BAP methodology are summarized below, while a more detailed 
description of the approach and the criteria it relies on can be found in 
Griffiths et al. (2013) and White et al. (2014).

Using the BAP, the “best” pixels from those available in a pre-defined 
time window are selected based on four scoring functions which rank 
observations based on: i) acquisition sensor, ii) proximity of acquisition 
date to the target date (based on the day of the year -DOY), iii) distance 
to the cloud or cloud shadows (Griffiths et al., 2013; Foga et al., 2017), 
and iv) atmospheric opacity (Schmidt et al., 2013). The sensor scoring 
function serves to mitigate the impact of spatial gaps associated with 
Landsat-7 ETM + scan line corrector-off data. Thus, a lower sensor score 
is assigned to all pixels acquired by Landsat 7 after 2003-May-31, while 
all Landsat 8 pixels and Landsat 7 pixels acquired before 2003-May-31 
receive the full sensor score.

In this study, the target date coincided with the central date of the 
periods used for constructing the composites in each study area (White 
et al., 2014). Due to seasonality, consequent cloud coverage, and im
agery availability, the periods and the target date used to construct the 
composites change depending on the study area (Table C.1). According 
to the BAP algorithm, pixels of images acquired closer to the target date 
are scored higher and are therefore preferentially selected.Table 1 

Summary information on test areas.

Study area Forest mask Forest 
area

Main tree species

(i) Vindelälven- 
Juhttátahkka 
Biosphere Reserve, 
SE

10 m, 2017–2019, 
(Nilsson et al., 
2017).

7896 
km2

Picea abies, Pinus 
sylvestris, Betula pendula

(ii) The Netherlands 25 m, 2017Arets 
et al. (2019)

3700 
km2

Pinus sylvestris, Quercus 
sp.

(iii) Białowieża 
forest, PL

Vector (Forest 
Data Bank, 2024)

592 km2 Alnus glutinosa, Carpinus 
betulus, Picea abies, Pinus 
sylvestris, Betula spp., 
Quercus spp.

(iv) Canton of 
Grisons, CH

10 m, 2021 (
Ginzler and Hobi, 
2015)

2100 
km2

Picea abies, Pinus 
sylvestris, Larix decidua, 
Fagus sylvatica, Fraxinus 
excelsior,

(v) Tuscany, IT 23 m, 2012–2018 
(D’Amico et al., 
2021b)

11,000 
km2

Quercus spp., Pinus 
pinaster, Pinus nigra

Table 2 
Summary information on ALS data used in this study.

Study area Area 
(km2)

Density 
(pts 
m− 2)

Flight altitude 
(m)

year CHM 
resolution 
(m)

(i) Vindelälven- 
Juhttátahkka 
Biosphere 
Reserve, SE

14870 1–2 3000 2018 2

(ii) Białowieża 
Forest, PL

590 19 844–890 2019 1

(iii) The 
Netherlands

560 16 ~1000, but 
varies due to 
local 
restrictions)

2017 0.5

(iv) Canton of 
Grisons, CH

720 15–20 1500–3200 2021 0.5

(v) Tuscany, IT 4740 1.6 1050–1300 2008 1
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Through the BAP algorithm, we obtained cloud-free mosaics for all 
Landsat bands for all the study areas and each year between 1984 and 
2022. Such data were then used to produce images of the following 
spectral indices (Lillesand et al., 2015): (i) normalized difference vege
tation index (NDVI), (ii) normalized burned ratio (NBR), (iii) Enhanced 
Vegetation Index (EVI), and (iv) Tasseled Cap Brightness, Wetness, 
Greenness, and Angle (TCB, TCW, TCG, TCA). The codes for imple
menting the BAP algorithm and calculating spectral indices are available 
on both GitHub (https://github.com/saveriofrancini/bap) and Google 
Earth Engine (https://code.earthengine.google.com/?accept_repo=user 
s/sfrancini/bap), while a procedure to assess the BAP outputs is pro
vided in Francini et al. (2023b).

4.2. Despiking algorithm

To reduce noisy or corrupted pixels coming from unscreened clouds, 
cloud shadows, haze, or smoke, we used a despiking algorithm (Kennedy 
et al., 2010), based on the analysis of each pixel time series, indepen
dently for each one of the six Landsat spectral bands (Hermosilla et al., 
2015). Specifically, a pixel was flagged as noise if (i) the difference 
between the spectral value in the year under consideration (e.g., 2000) 
and the average of the previous and subsequent years (e.g., 1999 and 
2001) exceeded a despiking threshold (Table C.1) in half or more of the 
Landsat bands considered AND (ii) the value of the spike detected in that 

band was greater than 100. Where the spike is the absolute difference 
between pixel values in the year of analysis and the average between 
previous and subsequent years. Finally, detected spikes were filled 
through linear interpolation of band values in the previous and subse
quent years (Francini et al., 2023a).

The despiking algorithm was applied to all images between 1985 and 
2021. Because the despiking algorithm required imagery of previous and 
subsequent years, it was not applied to the images belonging to the start 
(1984) and end (2022) years of the time series.

4.3. Temporal segmentation and change metrics calculation

While due to the saturation issue, optical data present some chal
lenges in predicting 3D forest structure, optical data is known to be very 
effective in mapping forest disturbances, which, in turn, are expected to 
be very informative in predicting biomass and forest structure.

To calculate temporal change metrics from Landsat BAP composites, 
a time-series temporal segmentation process was used (Keogh et al., 
2004). These algorithms increase the signal-to-noise ratio by removing 
redundant information while detecting meaningful segments and 
breakpoints in the time series. A breakpoint signifies a shift in the 
temporal evolution of a pixel’s values over time. To detect these 
breakpoints, we analyzed the time series of the Normalized Burn Ratio 
(NBR; Key and Benson, 2006), a metric recognized for its sensitivity and 
reliability in identifying disturbance events in forest environments 
(Kennedy et al., 2010). Our temporal segmentation method is based on a 
refined version of the Sliding Window and Bottom-Up algorithm (Keogh 
et al., 2001). First, for each pixel time series, the finest possible 
approximation was created by merging all pairs of adjacent points. In 
this way, the time series is represented as a set of N-1 segments, where N 
is the number of valid observations for that pixel. Second, we calculate 
the cost of merging each pair of adjacent segments. Then, we remove the 
breakpoint between the two segments that can be merged with the lower 
cost. Where the cost is calculated as the average absolute difference (in 
terms of NBR) between the new eventual segment and all of the original 
existing vertices. The second step is then repeated until the number of 
segments OR the RMSE does not exceed their thresholds (maximum 
segments and maximum RMSE, respectively, Table C.1). Pre-change, 

Table 3 
Summary information on ground data.

Study area N◦

plots
Year Plot 

radius 
(m)

Average 
volume (m3 

ha− 1)

(i) Vindelälven- 
Juhttátahkka Biosphere 
Reserve, SE

1072 2007–2021 7 102

(ii) Białowieża Forest, PL 672 2015 12.62 469
2017
2019

(iii) The Netherlands 1398 2013 5–20 224
(iv) Canton of Grisons, CH 900 2017 12.62 354
(v) Tuscany, IT 707 2005 13 136

Fig. 2. Methodology workflow. Top, a schematic representation of the data used and steps implemented to obtain forest height metrics maps by combining satellite 
and ALS data. Bottom, the model was implemented to link forest height metrics with growing stock volume and basal area.
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change, and post-change temporal metrics provide information on 
change year, magnitude, persistence, and rate.

. Several details on temporal feature calculation can be found in 
Hermosilla et al. (2015). A detailed description and references for the 
temporal change metrics used in the study can be found in Annex A.

For each pixel and year of analysis, for each one of the six bands 
(blue, green, red, NIR, SWIR, SWIR 2) and eight spectral indices 
considered (NDVI, NBR, EVI, TCB, TCG, TCW, TCA, DOY), we analyzed 
the temporal trajectories by calculating a set of three temporal change 
metrics. Pre- and post-variations were calculated to characterize the 
change events as well as pre-and post-change conditions to calculate the 
following temporal change metrics: the year in which the greatest 
disturbance of the time series occurred, the magnitude of that distur
bance, and the total number of breakpoints detected in the time series by 
the temporal segmentation algorithm.

This metric was not considered in previous studies but can provide 
important insights as, depending on the year and imagery availability, a 
pixel can be acquired in slightly different periods (e.g., June or August), 
and thus different phenological conditions. For each year, also the 
numbers of years to previous and subsequent breakpoints were calcu
lated, giving insights into (i) forest disturbance duration, and (ii) the rate 
of changes to subsequent years.

As a result of this step, we obtained a set of 33 change metrics which, 
along with the spectral bands (6), indices (7), and the additional DOY 
band calculated using BAP (see Section 4.1), form a total of 48 predictors 
to be related with ALS forest height (see Table 1 in Annex A for further 
details).

4.4. ALS plots construction

ALS plots are defined areas of a fixed radius or size for which ALS 
metrics and statistics are calculated. Critically, ALS plots can be 

established to acquire relevant forest information while reducing costs 
associated with ground reference data acquisition over large areas 
(Andersen, 2009). Within this study, we propose to use data from ALS as 
a surrogate for data obtained in plots during fieldwork and to provide a 
spatially extensive and detailed source of forest attribute information. 
We constructed ALS plots as squares with 30-m sides to match the size of 
Landsat pixels – our ALS reference dataset consists of all Landsat-sized 
pixels within the ALS-covered areas. The forest height metrics we 
calculated for each ALS plot are the tree height mean and deciles. More 
details on the procedure for constructing the ALS plots are provided by 
Matasci et al. (2018b).

4.5. Fully connected neural network: forest height metrics and forest 
structure prediction

Deep learning models were used in this study in two different steps: 
first, to predict tree height metrics from Landsat data, and second, to 
predict forest variables (e.g., GSV and BA) from forest height metrics 
measured on the ground.

Neural networks and deep learning models can return multiple 
response variables at once. Deep learning models consist of a series of 
stacked layers composed of nodes that facilitate learning through suc
cessive representations of the input data (Heaton, 2018). Here, we 
exploited fully connected neural networks (FCNN), i.e., neural networks 
in which all nodes or neurons in one layer are connected to the nodes in 
the next layer. The data are transformed in each layer using weights, 
which are specific parameters that link the nodes of subsequent layers 
(Hawryło et al., 2020). The FCNN hyperparameters setting was per
formed using a trial-and-error approach, which resulted in the config
uration shown in Fig. 3.

Activation functions are used in neural networks to merge multiple 
inputs and to decide if a neuron can be fired or not (Nwankpa et al., 

Fig. 3. Fully connected neural network (FCNN) configuration. The first neural network (panel A) is trained with ALS data to predict forest height metrics from 
Landsat predictors while the second one is trained with ground data (panel B) to predict growing stock volume and basal area from the predicted forest 
height metrics.
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2018). The first activation function used in this study is the Rectified 
Linear Unit (ReLU) function (Eq. (1)), which sets to 0 negative values. 

f(x)=max(0, x)= {xi, if xi ≥0 0, if xi < 0 (1) 

ReLU returns 0 if the input (x) value is smaller than or equal to 0; 
otherwise, it returns x. Second, a hyperbolic tangent (Tanh) function 
(Eq. (2)) was used. Tanh is an S-shaped curve passing through the origin 
that, in this case, modifies the positive values produced by ReLU, 
returning a rapid increase for small values and an asymptotic flattening 
to 1 for large ones. 

f(x)=
(

ex − e− x

ex + e− x

)

(2) 

To prevent overfitting and to ensure model generalizability, we used 
the dropout layer’s function that serves to randomly discard some nodes 
(in our case 10 %) from the network during each training session. 
Because each training sub-network is different, it is possible to prevent 
the FCNN from overfitting the training data, to improve the general
ization and its ability (Srivastava et al., 2014). The network was trained 
for 10k epochs using the mean square error loss function and the 
RMSprop optimizer, implemented in the TensorFlow (https://www. 
tensorflow.org/) and Keras (https://keras.io/) APIs.

Both neural networks (Fig. 3) were trained using 60 % of the data, 
while 20 % of the data was used to evaluate the loss function and decide 
when to stop training the network. The remaining 20 % served as never- 
seen-before data that was not in any way exploited by the model and 
that can be thus used to assess model performance. Accuracy was 
calculated for both models (that predicting forest height metrics and 
that predicting GSV and BA) in terms of Pearson correlation coefficient 
and root mean square error, calculated independently for each predicted 
variable.

More details on the procedure to implement, train, validate, and test 
the FCNN are provided by D’Amico et al. (2021a) while codes and main 
functions are provided along with the TensorFlow R package (https 
://tensorflow.rstudio.com/).

For each study area, the number of observations used in the first 
neural network – that for predicting forest height metrics – varied 
depending on the number of available ALS plots, while for the second 
network – that predicting GSV and BA based on forest height metrics 
measured in the ground – it varied based on the number of available 
plots.

5. Results

As a result of the BAP compositing algorithm application, we ob
tained time series (1984–2022) of pan-European pixel-based cloud-free 
Landsat composites (for each one of the six bands and eight spectral 
indices). Through the temporal segmentation process, BAP composites 
were used to calculate the temporal change metrics over the five study 
areas (Fig. 4).

Using the BAP yearly mosaics bands, spectral indices, and temporal 
change metrics (for a total of 46 Landsat-derived predictors, see Annex 
A), we accurately modeled ALS height metrics for the five study areas. 
Fig. 5 shows the comparison between the forest height metrics calcu
lated from the ALS data available and the forest height metrics predicted 
using the FCNN in the Vindelälven-Juhttátahkka Biosphere Reserve 
(Sweden) while the results obtained for the other four study areas are 
available in Annex B. For each scatter plot, both the RMSE and the R2 

calculated over the test datasets are reported. For comparison purposes, 
the latter is shown for each study area and metric in Fig. 6. Results show 
R2 ranging between 0.53 and 0.72 and RMSE values ranging between 
2.2 and 5.7 m.

According to Fig. 6, the greatest accuracy was reached for the study 
area in Sweden, followed by Białowieża and the Netherlands, and 
finally, Tuscany and Switzerland. The average R2 for Tuscany and 

Switzerland were 0.5 and 0.47, encouraging accuracies compared to 
similar studies (Hettema et al., 2022; Potapov et al., 2021).

To demonstrate the usefulness of the predicted forest height metrics, 
we combined forest height metrics measured on the ground with the 
respective GSV and BA at the plot level. Results for the Vindelälven- 
Juhttátahkka Biosphere Reserve are in Fig. 7, while results for all the 
other study areas are in Annex B, Figs. 1b–4b. Across the five areas, the 
average R2 for GSV was 0.8, while for BA it was 0.78 (Fig. 8).

6. Discussion

This study demonstrates the potential of integrating Landsat imagery 
and derived forest disturbance and recovery metrics with ALS data and 
ground-based measurements into a scalable framework for forest 
monitoring, building on and integrating ideas and methods from pre
vious knowledge (Matasci et al., 2018, White et al., 2014, D’Amico et al., 
2022; Gregoire et al., 2016). The combination of these datasets ad
dresses the limitations of traditional NFIs, which are often constrained 
by high costs, infrequent updates, and variability in standardization. By 
leveraging remote sensing data and advanced algorithms such FCNNs, 
this study offers an efficient method for generating wall-to-wall essential 
and comparable forest structure information, supporting sustainable 
forest management practices.

The integration of optical satellite data and ALS-derived metrics 
provides substantial advancements in forest monitoring. In this study, 
long-time series of Landsat data were used accurately to predict ALS- 
derived height metrics and, in turn, forest structural variables such as 
GSV and BA. Across the five study areas, height metrics were predicted 
with R2 values ranging from 0.47 (Canton of Grisons) to 0.68 (Sweden), 
with such differences in accuracy mainly related to diverse data quality 
as discussed later in this section. This achievement highlights the po
tential to estimate forest characteristics even in remote or inaccessible 
regions, despite the availability of ALS data (Puliti et al., 2018; Saarela 
et al., 2016, 2018).

Importantly, in this study, we used fully connected neural networks 
(FCNN) to simultaneously predict multiple continuous variables that are 
strongly correlated, that is, the forest height percentiles or GSV and BA. 
This approach is grounded in the multi-task learning (MTL) paradigm, 
where a single model learns shared representations to improve gener
alization across tasks (Caruana, 1997). When output variables are 
correlated, FCNNs and MTL offer clear advantages over training inde
pendent models: they reduce the risk of overfitting, make more efficient 
use of the data, and exploit inter-variable dependencies to enhance 
overall predictive performance (Reichstein et al., 2019; Ayzel et al., 
2019). Although more computationally demanding (Delgado-Fernández 
et al., 2014), FCNNs also scale better for multi-output regression 
compared to alternative models such as Random Forests (Breidenbach 
et al., 2010), due to parameter sharing and end-to-end optimization 
(Zhou et al., 2002; Zhang et al., 2019; Du et al., 2021; Fan et al., 2024; 
Omoniyi and Sims, 2024, Seely et al., 2025). The use of FCNNs in the 
joint modeling of multiple correlated variables has been shown to 
enhance prediction stability and generalizability (Schwartz et al., 2023; 
Liu et al., 2023; de Lera Garrido et al., 2023). Together, these studies 
reinforce the importance of integrating multi-source data within flex
ible, multivariate modeling frameworks like FCNNs. The accuracy we 
obtained is indeed promising compared to previous studies.

Hudak et al. (2002) used Landsat to predict forest height metrics, 
testing different models and with an R2 up to 0.88 (using regression +
cokriging), but using kriging alone, the R2 was 0.29. Also, the study 
focused on a single and relatively small study area, which facilitates 
accurate model predictions. Staben et al. (2018) used Landsat 5, 7, and 8 
data and RF to predict canopy height metrics with an R2 of 0.49–0.53 
over a study area of 1800 km2. They also analyzed how the R2 varies 
across different forest ecosystems and found a range between 0.32 for 
Eucalyptus and 0.59 for monsoon rainforest. Matasci et al. (2018a) used 
RF-predicted forest height metrics, with an R2 ranging between 0.62 and 
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Fig. 4. Example maps of three forest change metrics (see Annex A for a comprehensive overview of the metrics we calculated). The top, central, and bottom panels 
show, respectively, the year, the magnitude, and the duration of the greatest disturbance that occurred over the study period. Blue polygons are examples of low- 
magnitude disturbances with a duration greater than five years. Green and yellow polygons are examples of forest harvestings with two and one year of duration, 
respectively. Such forest change metrics, and the others presented in Annex A – e.g. the number of years since the last disturbance - are significantly correlated with 
forest height metrics and forest structure variables such as GSV and BA (Matasci et al., 2018).
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Fig. 5. Performance of the model predicting height metrics statistics in the Vindelälven-Juhttátahkka Biosphere Reserve. Mean CHM is the average of CHM values 
within ALS plots, while other panels show different percentiles. Yellow and violet dots indicate, respectively, large and low data point density.
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0.64, while Matasci et al. (2018b) predicted key forest attributes with an 
R2 ranging between 0.49 and 0.62; however, for some areas (Atlantic 
Maritime and Taiga Shield West ecozones), the R2 was lower than 0.3. 
Coops et al. (2021) reviewed a wide range of studies on methods for 
estimating forest attributes from LiDAR data across space and time. They 
reported substantial variation in predictive performance, with R2 values 
ranging from 0.38 to 0.90 for forest height metrics and from 0.25 to 0.72 
for growing stock volume (GSV). However, only a small subset of these 
studies used Landsat data, and most were conducted at local scales with 
highly specific and often non-replicable datasets. Importantly, any of the 
studies mentioned exploit MTL.

Our approach relies on FCNNs and Landsat time series to provide 
harmonized predictions of, first, forest height metrics as acquired by ALS 
and, second, of BA and GSV. Although the characteristics of the input 
CHMs and the accuracy of the prediction of ALS-derived height metrics 
vary consistently across the five European study areas (Annex B), this 
intermediate step was not the final target but part of a broader strategy 
to infer key forest variables from optical satellite data. (Fogel et al., 
2024; Schwartz et al., 2023; Miettinen et al., 2025). Importantly, while 
our study was structured as five independent case studies to evaluate 
model transferability across heterogeneous conditions, future research 
may explore the integration of these datasets for cross-site calibration 
and to better capture continental-scale patterns (Lang et al., 2022; Tolan 
et al., 2024).

The combined use of optical satellite and ALS data enables broader 

applications across various forest types and geographic regions, as our 
results over very different regions and forests indicate. However, chal
lenges remain, particularly in areas with persistent cloud cover or steep 
slopes, which can degrade the quality of optical data and ALS acquisi
tions (D’Amico et al., 2021b). Future efforts should focus on optimizing 
algorithms, such as BAP compositing, and integrating additional data 
sources (e.g., Sentinel satellites) to address these challenges. Further, the 
herein presented model would benefit from a more in-depth analysis and 
automated classification of the different forest disturbances occurring 
across Europe and in our study areas, as they affect biomass and forest 
three-dimensional structure heterogeneously. Herein, several predictors 
of disturbances and recovery were provided to the model to try to infer 
the different impacts that diverse disturbance types may have; however, 
further effort may improve the outcomes. Critically, the quality of ALS 
data can be poor, especially in older datasets with lower resolution or 
outdated acquisition techniques. For example, the lower accuracy 
observed in Tuscany was attributed to the age (2008) and quality 
(average point density of 1.6) of ALS data used for training (Table 2). 
Similarly, complex terrain and high variability in tree height, as seen in 
Switzerland, pose more challenges for accurate modeling. Additionally, 
Landsat data and acquisition frequency limit the temporal resolution of 
predictions to a yearly basis. While the methodology effectively utilizes 
all available Landsat data, future improvements could incorporate 
higher-resolution datasets from newer satellites (e.g., Sentinel-2) to 
improve precision in complex environments and the frequency of data 

Fig. 6. Summary of height metrics prediction performance. For each height metric and study area, the correlation (in terms of R2) between prediction and real value 
is shown. The colored dots show the average R2 for each study area.
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updates (D’Amico et al., 2022; Francini et al., 2020; Fassnacht et al., 
2024; Gregoire et al., 2016).

In this study, the uncertainty of the final predictions was assessed by 
independent validation using field data. Such validation can be a valu
able strategy for assessing uncertainty and comparing it with other 

methods. However, what is critical when using information in decision 
making, e.g., in forest management, or in policy formulation, is the 
uncertainty of the predictions of every individual pixel if the spatial map 
representation is important, or more importantly, the uncertainty of 
predictions (estimates) for larger areas of interest. Such areas can be 

Fig. 7 –. R2 and RMSE of predicted GSV and BA, within the Vindelälven-Juhttátahkka Biosphere Reserve.

Fig. 8. – Summary of the R2 reached in the five study areas for GSV and BA.
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management domains, provinces, nations, or even the entire continent, 
depending on context. The uncertainty of such predictions can hardly be 
inferred from the current analysis. The current application does not 
assume any particular sampling design underlying the collection of field 
data used to train the models. For the future application of the proposed 
methodology, it is reasonable to assume that probabilistic field samples 
will be unavailable, and an opportunistic strategy for accessing field 
training data will be the most realistic option. This means that solutions 
to the inferential problem must be found within the realm of model- 
based inference. For non-parametric techniques such as neural net
works, analytically derived, closed-form estimators of variance do not 
exist. Resampling techniques, such as bootstrapping, have garnered 
substantial interest in recent years within the remote sensing community 
and have shown great promise for statistically rigorous inference in 
natural resource estimates, including biomass and GSV (e.g., Esteban 
et al., 2019; McRoberts et al., 2022). It may be computationally chal
lenging to apply bootstrapping to large spatial domains, as tens of 
thousands, or even more, full replications of the entire modeling and 
prediction chain may be required to achieve stabilization of the esti
mates (McRoberts et al., 2023). The computational challenge may 
become even more complicated if the modeling and prediction chain 
involves several subsequent steps, as in this study, each of which induces 
uncertainty that propagates through the chain to the final estimates. 
Recent research may suggest viable solutions even to that challenge. In a 
recent study by Saarela et al. (2025) it was demonstrated for a hierar
chical inferential problem with two separate and subsequent models 
that the computations could be divided into separate parts. A key effort 
in further developing methodologies, such as those proposed in the 
current study, should focus on providing complete and statistically 
rigorous inference, including methods for handling the computational 
burden in complex, multi-step applications.

7. Conclusions

This study demonstrates a comprehensive and integrated method
ology using Landsat data and disturbance and recovery predictors to 
derive forest height metrics and key forest variables by relying on multi- 
task FCNNs, which are capable of predicting multiple variables at once. 
The herein introduced approach demonstrates the potential for inte
grating various data sources to facilitate more advanced forest moni
toring, addressing gaps in ALS data availability, and providing scalable 
methods for predicting forest structure over large areas. The approach is 
intended to complement the scarcity of ALS data availability, providing 
a solution for covering estimated ALS data in those European areas 
where frequent updates of ALS data are not available. Indeed, to over
come the challenge of inconsistent ground-based data availability, this 
study demonstrated the pivotal role that the effective integration of 
satellite optical and ALS data could play. The novel approach of inte
grating partial ALS data with wall-to-wall Landsat data via multi-task 
FCNN establishes a replicable methodology that can be expanded to 
predict additional key forest attributes to GSV and BA, such as those 
relevant to biodiversity or those that support the classification of forest 
types. The approach can be considered generalizable, as the experiment 
was conducted in five areas with very different forests and biogeo
graphic conditions, and the model achieved high accuracies in all of 
them. Additionally, several parameters and thresholds of our algorithms 
can be adjusted and adapted to accommodate varying imagery avail
ability due to cloud coverage, different characteristics of forest ecosys
tems, and types of forest disturbance.

In conclusion, this study demonstrates the feasibility of integrating 
satellite and ALS data with ground observations to produce reliable, 
scalable forest structure estimates. The approach supports key forest 
management decisions by enabling consistent and timely monitoring 
across diverse European landscapes. It offers a concrete step toward the 

development of an operational, harmonized forest monitoring frame
work at the continental scale.
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Annex A. 

Table 1 
Set of predictors used for the analysis, consisting of six spectral bands, seven vegetation indices, 33 change metrics, and image acquisition day of year (DOY) calculated 
using the BAP method (Section 4.1)

n Predictors Description Reference

6 a. Spectral Bands ​ ​

1 blue Blue band ​
2 green Green Band ​
3 red Red band ​
4 nir Near Infrared band ​
5 swir1 Shortwave Infrared 1 band ​
6 swir2 Shortwave Infrared 2 band ​

1 DOY Day of the year - Date of acquisition of observed pixel Griffiths et al. (2013)

7 b. Vegetation indexes ​ ​

1 EVI Enhanced Vegetation Index – Optimizes vegetation signal in high biomass regions. (Huete et al., 2002)
2 NBR Normalized Burn Ratio – Highlights burned areas and differentiates burn severity Key and Benson (2006)
3 NDVI Normalized Difference Vegetation Index – Measures vegetation health through light reflection (Huang et al., 2021)
4 TCA Tasseled Cap Angle - Arc tangent formed by Greenness and Brightness Crist and Cicone (1984)
5 TCB Tasseled Cap Brightness – Reflects overall brightness, sensitive to soil
6 TCG Tasseled Cap Greenness – Sensitive to vegetation abundance
7 TCW Tasseled Cap Wetness – Sensitive to soil and plant moisture

33 c. Change Metrics ​ ​

1 nVertices Number of segmented vertices Kennedy et al. (2010)
2 yearsToPreviousVertex Year to precedent segmented vertex ​
3 yearsToSubsequentVertex Year to subsequent segmented vertex ​
4 greatestDisturbanceMagnitude Magnitude value of the greatest disturbance ​
5 greatestDisturbanceYear Year of the greatest disturbance ​
6 preChange_blue Blue band value of the last disturbance occurred ​
7 preChange_green Green band value of the last disturbance occurred ​
8 preChange_red Red band value of the last disturbance occurred ​
9 preChange_nir NIR band value of the last disturbance occurred ​
10 preChange_swir1 SWIR1 value of the last disturbance occurred ​
11 preChange_swir2 SWIR2 value of the last disturbance occurred ​
12 preChange_EVI EVI value of the last disturbance occurred ​
13 preChange_NBR NBR value of the last disturbance occurred ​
14 preChange_NDVI NDVI value of the last disturbance occurred ​
15 preChange_TCA TCA value of the last disturbance occurred ​
16 preChange_TCB TCB value of the last disturbance occurred ​
17 preChange_TCG Last pre-disturbance TCG value ​
18 preChange_TCW TCW value of the last disturbance occurred ​
19 preChange_doy Doy of the last disturbance occurred ​
20 postChange_blue Post-disturbance Blue band ​
21 postChange_green Post-disturbance Green band ​
22 postChange_red Post-disturbance Red band ​
23 postChange_nir Post disturbance NIR ​
24 postChange_swir1 Post-disturbance SWIR1 band ​
25 postChange_swir2 Post-disturbance SWIR2 band ​
26 postChange_EVI Post-disturbance EVI ​
27 postChange_NBR Post-disturbance NBR ​
28 postChange_NDVI Post-disturbance NDVI ​
29 postChange_TCA Post-disturbance TCA ​
30 postChange_TCB Post-disturbance TCB ​
31 postChange_TCG Post-disturbance TCG ​
32 postChange_TCW Post-disturbance TCW ​
33 postChange_doy Day of the year of post-disturbance pixel ​
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Annex B.

Fig. 1b. Performance of the model predicting height metrics statistics in Białowieża Forest (PL).
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Fig. 2b. Performance of the model predicting height metrics statistics in The Netherlands.
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Fig. 3b. Performance of the model predicting height metrics statistics in the Canton of Grisons (CH).
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Fig. 4b. Performance of the model predicting height metrics statistics in Tuscany (IT).
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Fig. 5b. Pearson correlation coefficient (R2) and root mean square error (RMSE) calculated (independently) on predicted growing stock volume and basal area, 
within the Polish study area (Białowieża Forest).

Fig. 6b. Pearson correlation coefficient (R2) and root mean square error (RMSE) calculated (independently) on predicted growing stock volume and basal area, 
within the Dutch study area.
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Fig. 7b. Pearson correlation coefficient (R2) and root mean square error (RMSE) calculated (independently) on predicted growing stock volume and basal area, 
within the Swiss study area (Canton of Grisons).

Fig. 8b. Pearson correlation coefficient (R2) and root mean square error (RMSE) calculated (independently) on predicted growing stock volume and basal area, 
within the Italian study area (Tuscany).
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Annex C. 

Table C.1 
Input parameters needed to (i) calculate BAP (best available pixel) composites, (ii) remove noise from composites, and (iii) apply temporal segmentation to predict and 
characterize forest changes

Input parameters Białowieża Forest, PL The Netherlands Canton of Grisons CH Tuscany, IT Vindelälven-Juhttátahkka Biosphere Reserve, SE

BAP - Best Available Pixel

Start year 1984 1984 1984 1984 1984
End year 2022 2022 2022 2022 2022
Target day 07–01 07–01 07–15 08–01 08–01
Day range 60 60 45 30 30
Cloud threshold 50 70 70 70 70
SLC off penalty 0.3 0.3 0.3 0.3 0.3
Opacity score min 0.2 0.2 0.2 0.2 0.2
Opacity score max 0.3 0.3 0.3 0.3 0.3
Cloud distance max 1500 1500 1500 1500 1500

Remove noise

Despike band threshold 0.65 0.65 0.65 0.65 0.65
Despike n◦ bands 3 3 3 3 3

Temporal segmentation

Index NBR NBR NBR NBR NBR
Despike index threshold 0.85 0.85 0.85 1 1
Max segments 7 7 7 7 7
Max error 45 45 45 45 45
Minimum Mapping Unit 5 5 5 5 5

Annex D. 

D.1 Vindelälven-Juhttátahkka Biosphere Reserve

Swedish NFI plots that intersected with the study area, the Vindelälven-Juhttátahkka Biosphere Reserve, were selected as field reference data. The 
Swedish NFI design for the study region utilizes randomized sampling of a 5 km spaced grid of potential sampling positions (Fridman et al., 2014). For 
each selected position, clusters of 12 or 8 sampling plots with a 7- or 10-m radius are then surveyed for temporary (sampled only once) and permanent 
(returned to every 5 years) plots, respectively. Each cluster of plots, or so-called tract, is arranged in a rectangle with variable side lengths depending 
on the homogeneity of the environment in the region, increasing from 300 to 1800 m with increasing homogeneity. Plot centers are located and 
measured using hand-held GNSS receivers (Garmin GPSMAP 64) providing locations within an accuracy of around 5 m (D’Amico et al., 2024; Nilsson 
et al., 2017). All trees with a DBH greater than 10 cm are callipered in each plot, then a smaller subplot with a 3.5-m radius is used to measure the 
remaining trees with a DBH greater than 4 cm. As well as diameters, species, and heights are collected, allowing GSV prediction with allometric 
regression models (Nilsson et al., 2017).

D.2 Białowieża forest

In the Białowieża forest, 685 monitoring plots were established (in this study, we used 672 plots that contained trees). The monitoring plots have a 
radius of 12.62 m, representing 500 m2 of area. The centers of individual plots were accurately measured using a real-time kinematic receiver or a 
static geodetic class receiver for global navigation satellite systems. The SD = 0.096 m was the result of differential pre-processing of global navigation 
satellite system data. The plots form the basis for multi-year, comprehensive monitoring of the dynamics of the forest stands. More than a dozen 
different biometric characteristics of the trees were measured (including height and DBH). Forest regeneration, i.e., the emergence of a new generation 
of trees, was also inventoried and analyzed. The established monitoring plots represent the entire variability in the habitat and stand conditions of 
Białowieża Forest. Measurements were taken three times, i.e., in 2015, 2017, and 2019. The fieldwork aimed to determine the condition of the forest 
stands and to collect comparative (reference) materials for data acquired using remote sensing methods. Data from field measurements are freely 
available in the Forest Research Institute of Poland.

D.3 The Netherlands

For the Netherlands, NFI data were used as ground reference data. The Dutch NFI design consists of an unaligned systematic grid with one sample 
plot per 100 ha. Sample plots are circular with a variable radius, such that at least 20 trees are included, limited to a range of 5–20 m. All trees on the 
sample plot are callipered, their species are recorded as well as their status (alive, dead standing, or dead lying) and social position. In addition, some 
characteristics of the stand are recorded, including the size class of the stand (<0.1 ha, 01–0.5 ha, >0.5 ha), the main species, and the crown coverage 
of the tree and the shrub layer. The actual plot coordinates may deviate slightly (maximum 20 m) from the coordinates as given by the original grid 
map, due to inaccuracies in the GPS measurements used when the sample plots were established in the field.

For this study, we extracted data from the NFI6 (Schelhaas et al., 2014) from the online database (www.probos.nl/publicaties/overige/109 
4-mfv-2006-nbi-2012), amended with the exact coordinates of the plots. For training purposes, it was important to be sure that the plots and the 
tree species they contain could unambiguously be linked to the spectral signal. We therefore limited our selection to plots for which the main recorded 
species on the plot had a BA share of at least 80 % and was equal to the main species of the stand. Species on the plot may deviate from the main species 
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of the stand due to the presence of groups of admixed species. This resulted in a set of 1398 sample plots with suitable training data.
D.4 Canton of Grisons, Switzerland

The Swiss NFI is a continuous inventory comprising approximately 6617 plots, located on a sample grid spacing of 1.4 km. 900 of these plots belong 
to the Canton of Grisons and were considered in this study. Plots identified as non-forest through photointerpretation of aerial imagery were not 
visited in the field. Sample plots consist of two concentric circles: 200 m2 for trees with diameters at breast height (DBH) between 12 and 36 cm, and 
500 m2 for trees with DBH ≥36 cm, respectively. This results in DBH measurements of approximately 11 trees per plot. To improve stem volume 
estimation, a sub-sample of the tariff trees is randomly selected (approximately two trees per plot), on which tree height and diameter at 7 m are also 
measured. Biomass is predicted for forest plots using allometric models at the single-tree level and then extrapolated to per-hectare values. The 
biomass of each tree is calculated as the sum of the biomass of its stem, large and small branches, foliage, and coarse roots, each of which is calculated 
separately based on the allometric relationship between biomass and the diameter at breast height. Tree biomass is then extrapolated to per-hectare 
biomass using tally tree extrapolation factors, which are defined based on whether the tree belongs to the 200 m2 or 500 m2 plot circle (Brändli and 
Hägeli, 2019).

D.5 Tuscany

The field reference data for Tuscany were obtained from the 2nd Italian NFI (INFC, 2003), which employs a three-phase, non-aligned systematic 
sampling design (Fattorini et al., 2006). Sampling units are randomly placed within 1 × 1 km grid cells to ensure spatial balance (Bocci et al., 2024). In 
the first phase, land use is classified via aerial photos. Then, a subsample is visited in the field to acquire qualitative data on forest type, management, 
and ownership. Finally, in the third phase, a subsample is subject to a quantitative field survey conducted in circular plots (13 m radius, 530 m2) to 
collect biophysical measurements (INFC, 2003). The dataset used in this study is derived from the final phase and is freely available at https://www. 
inventarioforestale.org (Borghetti and Chirici, 2016; Pecchi et al., 2019). Trees GSV was estimated by using species-specific allometric models from 
the NFI, based on tree diameter and height (Tabacchi et al., 2011).

Data availability

Data will be made available on request.
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Lingua, E., Lombardi, F., Málǐs, F., Marchino, L., Marozas, V., Matteucci, G., 
Mattioli, W., Møller, P.F., Müller, J., Németh, C., Ónodi, G., Parisi, F., Perot, T., 
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Topalidou, E., Tøttrup, A.P., Ujházy, K., Veres, K., Verheyen, K., Weisser, W.W., 
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