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ARTICLE INFO ABSTRACT

Keywords: The availability of reliable ground-truth data is one of the main bottlenecks for improving high-resolution forest
Foresf resource maPl_’i“g attribute maps from Earth observation data. This is underpinned by the European Union (EU) Forest Strategy for
Satellite remote sensing 2030 that underscores the need for harmonized, cross-border forest resource assessments that integrate both

Earth observation

Deep learning remote sensing and field-based National Forest Inventory (NFI) data. However, confidentiality constraints on NFI

Distributed modelling plot coordinates present a significant barrier to aligning these datasets, thereby limiting the development of

National forest inventory unified forest monitoring systems that can fully leverage the potential of Earth Observation data. To overcome

Data privacy these data-sharing limitations we explored the effectiveness of a privacy-enhancing technique, known as
Federated Learning (FL), that is a form of distributed computing aimed at preserving the privacy and confi-
dentiality of data owned by different organizations. This methodology has been tested for the collaborative
modelling and mapping of forest timber volume across four European countries: Norway, Sweden, Finland, and
Italy.

We employed a time-series convolutional neural network (CNN) architecture tailored to integrate 40 years of
Landsat or 7 years of Sentinel imagery and terrain variables with harmonized NFI data from more than 85,000
sample plots. This model architecture was used for the FL approach and compared to traditional country-specific
and centralized modelling strategies.

FL models achieved predictive performances comparable to the traditional models, which proofs the effec-
tiveness of the proposed approach. Centralized or global models showed slightly reduced performance compared
to the national models, highlighting the value of fine-tuning with local ground-truth data.

By aligning with the EU’s forest monitoring objectives, FL facilitates the generation of harmonized models and
maps of forest features, like timber volume and biomass, that are critical to support evidence-based forest policy
and management. The findings underscore the potential of FL to transform collaborative environmental moni-
toring, particularly in domains where data confidentiality and interoperability are critical.

1. Introduction remains one of the main bottlenecks for improving high-resolution
forest attribute maps derived from Earth observation, limiting both
The availability of reliable and representative ground-truth data model performance and uncertainty quantification (Abdi and Wang,
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2026; Fassnacht et al., 2023; Kuronen et al., 2025). This is recognized by
the European Union (EU) Forest Strategy for 2030, which specifies the
needs for a comprehensive forest monitoring framework (European
Commission, 2021). This initiative emphasizes the harmonization of
data collection across member states and their integration with satellite
observations made available for the entire continent by the EU Coper-
nicus program. National governments will be responsible for com-
plementing satellite retrievals with field data collected during National
Forest Inventory (NFI) campaigns, with the objective to ensure compa-
rability between countries and increase spatial resolution and timeliness
of forest statistics. This approach aims to address existing disparities in
data availability, scope and methodologies among NFIs, promoting a
more integrated and coherent forest monitoring across the EU. By
harmonizing NFI data and reporting standards, the EU seeks to enhance
the effectiveness and timeliness of forest monitoring, thereby supporting
sustainable forest management and contributing to broader environ-
mental and climate objectives.

The requirement to integrate remote sensing data (e.g., satellite
imagery) with NFI data presents a unique challenge due to the confi-
dentiality of plot coordinates in many NFI systems. Plot coordinates in
NFIs are often kept confidential to protect landowners' privacy, sensitive
ecological data, and prevent any unintended impact on the monitored
sites due to vandalism, unauthorized exploitation, or experimental
manipulation (US Forest Service, 2023; Schadauer et al., 2024). On the
other hand, the fusion of satellite and ground data requires geospatial
coordinates to accurately extract remote sensing features corresponding
to the same areas where field data is collected. Without access to exact
coordinates, aligning the two data sources is not possible, severely
limiting the integration of field data with remote sensing data. In
particular, the missing fusion of remotely sensed and ground data
complicates the ability to create harmonized spatial datasets that meet
the EU’s needs for comprehensive cross-border forest monitoring.
Addressing these challenges and finding a workable solution is therefore
critical not only to achieving the EU's goal of a unified and actionable
forest monitoring system that relies on both field and remote sensing
data, but also for developing robust models capable of capturing a broad
spatial range, diverse growing conditions, and varying ecological con-
texts across large regions. One approach for solving this issue is imple-
menting a centralized analysis platform where all data are collected and
where models are calibrated on the combined dataset of satellite and
ground information with stringent rules to secure data confidentiality.
For this purpose, first remote sensing data must be linked to field data on
a national level without revealing exact plot coordinates to third parties.
Afterwards, all extracted data is collected in one central place where all
further analyses are conducted (Miettinen et al., 2025). However, this
builds on the trust in the security of the central organization and hard-
ware storing the data. In addition, this approach is exposed to the risk
that plot-coordinates are unveiled from the reverse-engineering of the
extracted remote sensing data.

The limitation of centralized analysis could be addressed with a
federated approach, based on the concept of distributed computing,
where model calibration is performed locally (in this case on country
level) and only calibrated model parameters are shared. Federated
Learning (FL), first introduced by McMahan et al. (2017), is a framework
which enables machine learning approaches on a large, distributed
dataset, without sharing the data itself (Ramirez et al., 2023). While the
centralized approach is based on manual model building on the servers
of analysts, FL is based on automated model building on the servers of
data owners. The centralized approach centralises both data and
computation but increases exposure to privacy risks and requires high
trust in the central authority’s security. The FL workflow, in contrast,
distributes computation and minimises data sharing, offering techno-
logical safeguards for privacy and compliance while still enabling the
integration of diverse datasets for improved modelling across national
boundaries.

FL has previously been applied for tasks on mobile devices (Bonawitz
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et al., 2019), in medical research (e.g. Adnan et al., 2022; Casella et al.,
2023; Gupta et al., 2023), and in environmental sciences in the context
of air quality (Le et al., 2022), and weather forecasting (Chen et al.,
2023). Moreno-Alvarez et al. (2024) reviewed federated learning
methodologies for remote sensing data with a specific focus on crowd-
sourced high-resolution optical remote sensing (RS) applications. They
found that FL is an effective approach for RS related tasks, which can
generalize well even with heterogenous local datasets and privacy re-
quirements. Gallios et al. (2026) utilized FL with Sentinel-2 satellite data
to map soil characteristics at the farm scale throughout Brazil. Poudel
et al. (2025) demonstrated the methodological potential of FL for
deforestation detection, referencing the publicly available Global Forest
Change dataset and employing Sentinel-2 imagery for prediction.
However, their approach relied exclusively on remotely sensed inputs
and did not integrate any field-based reference measurements. In
contrast, our study enables collaborative cross-border modelling be-
tween four countries while retaining the confidentiality of sensitive plot-
level NFI data, thereby addressing the practical challenge of integrating
field and remote sensing information without compromising landowner
privacy or national data security.

A wide range of machine learning approaches have been successfully
applied to RS tasks, each offering specific advantages depending on the
nature of the data and the classification problem. Among these, con-
volutional neural networks (CNNs) are widely used for image processing
because they effectively learn spatial feature hierarchies (LeCun et al.,
2015; Prince, 2025). CNNs work well with sequential data and can be
effectively integrated into FL frameworks. Several studies confirm that
these methods effectively extract temporal patterns from satellite image
time series in a data-driven way (Miller et al., 2024; Pelletier et al.,
2019; Perbet et al., 2024; Zhong et al., 2019).

This article presents a method using FL in combination with NFI data
and time series RS data to model forest timber volume, while ensuring
confidentiality of critical information. Rather than focusing on the
highest-performing model, it highlights FL's advantages in generating
large-scale maps by combining sensitive NFI with RS data, and compares
this with centralized methods. The study maps tree volume across
Norway, Sweden, Finland, and Italy, demonstrating a workflow that
enables cross-border NFI-RS modelling without compromising plot-
coordinate privacy — a common barrier in centralized studies. This FL
approach addresses challenges of limited ground-truth data in forest
resource mapping (e.g. Papucci et al., 2026). The main contributions of
this work are:

e the initial use of FL for collaborative modelling in the field of forest
resource assessment, specifically integrating sensitive NFI data with
RS time series across multiple countries, without compromising field
sample plot locations

e demonstrating a scalable framework for harmonising and integrating

ground-based NFI data with satellite observations, addressing the

challenges of data confidentiality and interoperability across Nor-
way, Sweden, Finland, and Italy

alignment with the EU’s Forest Strategy and Member States re-

quirements by offering a technological pathway for bottom-up,

harmonised, high-resolution, and timely forest resource mapping
for evidence-based policy and sustainable forest management.

2. Materials

In the following we describe the input data in sections 2.1 and 2.2,
and data pre-processing in section 2.3. Modelling will be described in
section 3. These steps are graphically depicted in Fig. 1 steps 1-4. The
modelling approaches (individual, centralized, and federated) are
separately explained and depicted in section 3.1 and Fig. 4.
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Fig. 1. Overview of processing steps. 1. Data consisting of Remote sensing (RS) based data (Landsat, Sentinel 1 and Sentinel 2, terrain data) and NFI data (timber
volume). 2. Data pre-processing. 3. Model training and evaluation. 4. Model prediction and mapping. FL = Federated Learning.

2.1. National forest inventory (NFI) field data

We used harmonized data from the sample plots of the NFIs of four
European countries: Norway, Sweden, Finland, and Italy (Fig. 2).

NFI field surveys were conducted according to national procedures
and designs vary from country to country. These are described in detail
for Norway in Breidenbach et al. (2020), for Sweden in Fridman et al.
(2014), for Finland in Korhonen et al. (2024), and for Italy in Fattorini
et al. (2006), Gasparini et al. (2022), and D’Amico et al. (2025).

Plot-level timber volume (growing stock) from these NFIs were
harmonized following detailed definitions and instructions (nFIESTA,
2024), assuring consistent data across all countries. Timber volume
was defined as the above-ground volume of living trees with a minimum
dbh of 7 cm, including all parts of the stem from the stump up to a
diameter of 7 cm and including all branches with a minimum diameter
of 7 cm. It was not possible for Finland to include the branch volume.
The omission of branch volume in Finland may lead to a slight under-
estimation of total timber volume relative to countries including

: - Study area

Fig. 2. Study area comprising Norway, Sweden, Finland, and Italy.
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branches, but this effect is expected to be small given that branches
typically comprise a modest proportion of stand-level volume, especially
considering the prevailing tree species groups and tree dimensions in
Finland. A total of 85,199 sample plots measured in the years between
2017-2023 and located inside forest defined according to the interna-
tional forest definition (FAO, 2023) were used in this study (Table 1,
Table 2).

2.2. Remote sensing data

Remote sensing data consisted of a time series of 40 years of Landsat
images collected between the years 1984-2023, 7 years of Sentinel 1 and
Sentinel 2 images collected between the years 2017-2023, and addi-
tionally terrain variables including elevation, slope and aspect. Landsat
and Sentinel satellite data were processed to generate annual composites
suitable for multi-temporal analysis.

For Sentinel-2 (2017-2023), annual medoid composites were created
from a total number of 119,346 images acquired between June and
October, applying a 70% cloud cover threshold to limit location errors
caused by excessive cloud contamination (Francini et al., 2023; Kennedy
et al., 2018). Each composite was created at 10 m resolution including
surface reflectance from the red, green, blue, near-infrared (NIR), and
short-wave infrared band 2 (SWIR2), and derived spectral indices such
as the Normalized Difference Vegetation Index (NDVI), Enhanced
Vegetation Index (EVI), Normalized Burn Ratio (NBR), Moisture Stress
Index (MSI), Normalized Difference Moisture Index (NDMI), and Tas-
seled Cap Brightness (TCB), Greenness (TCG), and Wetness (TCW)
(Parisi et al., 2023).

Sentinel-1 data (2017-2024) were processed separately for
ascending and descending orbits. Annual median composites were
computed from a total number of 76,132 ascending and 75,534
descending images (Mullissa et al., 2021), both for the VV and VH po-
larization bands at 10-meter resolution.

For Landsat (1984-2023), annual medoid composites were gener-
ated from a total number of 77,061 scenes acquired between May and
September, using the same cloud threshold as for Sentinel-2. Pre-
processing included de-spiking and temporal gap-filling via linear
interpolation. From these composites, the bands blue, green, red, NIR,
SWIR1, and SWIR2 were used, along with a suite of indices: NDVI, EVI,
NBR, Normalized Difference Water Index (NDWI), Normalized Differ-
ence Built-up Index (NDBI), Enhanced Mangrove Vegetation Index
(EMVI), and Tasseled Cap components TCB, TCG, TCW, and the Tasseled
Cap Angle (TCA) (Huete, 2012; Parisi et al., 2023).

For the terrain variables, the Copernicus Global Digital Elevation
Model was used to derive elevation above sea level, aspect, and slope
(Copernicus, 2015). Additionally, the Inspire grid cell coordinate (lower
left corner) of the 1 km by 1 km Inspire grid cell in which an NFI plot was
located was added to the feature set of each plot.

All remote sensing data were available wall-to-wall for the four
countries (Fig. 2) and were used for the features that served as predictors
in the models with F = {F_L, F_S2, F_S1S2} features for Landsat and
terrain, Sentinel 2 and terrain, and Sentinel 1 and Sentinel 2 and terrain,
respectively, and where the number of features were F_ L = 21, F.S2 =

Table 1

Details of NFI data for each of the four countries: number of primary sampling
units (n PSUs), number of sample plots (n plots), minimum, mean, and
maximum timber volume, and years of data collection.

n PSUs n plots Timber volume (m® %) Years of data
collection
mean max
Finland 7,295 40,828 129 1,121 2019 - 2023
Italy 6,671 6,671 173 1,836 2017 - 2020
Norway 10,271 10,271 118 1,158 2019 - 2023
Sweden 5,663 27,429 148 2,543 2017 - 2021
Total 29,900 85,199 137 2,543 2017 - 2023
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18, and F_S1S2 = 22.
2.3. Data pre-processing

During data preprocessing (as described in Step 2 of Fig. 1), all sat-
ellite time series pixels and terrain data intersecting a 100 m? buffer
(radius of 5.64 m) around the center of each NFI field plot were
extracted. This was done by each country using exact plot coordinates.
For each plot and year, weighted means were computed. The pixel
proportions intersecting the circle were used as weights. We chose this
approach because the NFI center may be located close to a pixel border
(Fig. 3 A). Using weighted means of all intersecting pixels best repre-
sents the field plot location. All observations with at least one pixel value
per plot and a minimum of 50% plot coverage were included in the
analysis.

The data were further pre-processed to ensure that the input was
formatted and scaled appropriately for optimal model performance with
a CNN designed to handle time series data. We split the data into three
subsets: training and validation data sets for model training, and a test
data set, which remained unseen by the models and served as an inde-
pendent benchmark for final model evaluation (Prince, 2025). We per-
formed plot-grouped, random splitting ensuring that all observations
from a plot occurred in a single split and that input features for a mea-
surement in year t only use satellite acquisitions at or before t. The
identical training, validation, and test splits were used for all models.
The training and validation datasets consisted of 70% and 15% of the
total data, respectively, while the independent test set accounted for the
remaining 15%. All data were organized chronologically according to
the year of remote sensing acquisition to preserve temporal consistency.
The remote sensing time series data for each plot was concluded in the
same year as the field data collection, ensuring that both datasets were
temporally aligned. The target variable and features representing only
one point in time (terrain features and Inspire grid cell coordinates)
were added to the data. Single missing values within the time series were
interpolated. To complete 40 years of Landsat data for field plots
collected before 2023, missing years at the start (before 1984 for
Landsat, before 2017 for Sentinel) were back-filled with the first valid
observation to standardize input shape. Data dimensions were (1, n
features, t years), where “1” represents a single pixel for each NFI sample
plot (one weighted mean value if multiple pixels intersect); "n features*
includes all variable types such as spectral, terrain, and spatial data; and
”t years“ indicates the number of temporal observations recorded for
each feature (Fig. 3 B).

Furthermore, the Landsat and Sentinel data sets were cut into
different time series lengths T = {T_L, T_S} by cutting years off from the
start of the time series to test the effect of time series length on timber
volume modelling. For Landsat data, the 40-year time series was cut into
shorter lengths such that T_L = {40, 30, 20, 7, 4}, where T L indicates
the time series lengths in years for the Landsat data set. The 7-year
Sentinel time series was cut into one shorter length such that T.S =
{7, 4}. The 4 years correspond to the maximum common time series
length using the common newest field data collected in 2020. This was
done to avoid back-filled data at the beginning of the already relatively
short time series for countries with older NFI data.

Features and target variables were scaled using

w=X"H 6))
c

where x’ is a normalized feature or target variable, x is its unscaled
version, p is the mean and ¢ the standard deviation of the feature vari-
able in question in the training data. After fitting the scaler on the
training data, the scaler was then used to transform all datasets.

3. Methods

In this section we will first describe the modelling approaches
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Table 2
Number of NFI sample plots per country and year.
2017 2018 2019 2020 2021 2022 2023

Finland — — 8,100 8,066 8,184 8,159 8,319
Italy 56 3,953 2,643 19 — —
Norway - - 2,053 2,016 2,043 2,062 2,097
Sweden 5,545 5,464 5,540 5,571 5,309 - -
Total 5,601 9,417 18,336 15,672 15,536 10,221 10,416
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Fig. 3. A: Overlay of the extraction buffer around an NFI field plot with the Landsat (30 m, in blue) and the Sentinel (10 m, in black) grid. B: Data matrix structure for
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individually, and data are collected centrally and a centralized model using a combined data set is fit. This flow of data is often blocked due to data confidentiality
indicated by a stipulated vertical line. B) Federated learning approach, where the data remain with its owner and only model weights are iteratively exchanged
(symbolized by the black circular arrows) with a centralized server training a global model. Local models benefit through the weights of the global model indirectly

from the data of the other countries.

baseline (BL) versus Federated Learning (FL), since this is the main focus
in this article. Afterwards we will describe the specific model architec-
ture, which we used for all models.

3.1. Modelling approaches

We trained non-federated BL models for each individual country
using each country’s individual data set separately, and a large,
centralized model using the combined data of all countries. These two
model types we call BL models. Subsequently, we fitted federated
models using the FL framework. All models were fitted with the same
data splits, and the same random seeds were set before model training.

3.1.1. Individual and centralized baseline (BL) models

As a baseline and for comparison with the federated approach we
fitted individual country specific models and, in addition, one central-
ized model using a combined data set of all country data sets (Fig. 4 A).
The models were trained using the training and validation data sets, and
the final models were evaluated using the independent test data sets that
were unseen by the model during training. The centralized model was
additionally applied to each country’s independent test dataset indi-
vidually. These models were used as baseline, to which we compared the
results of the federated models.

3.1.2. Federated learning (FL) models
We employed FL using Flower (Beutel et al., 2020). To implement the
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FL models, we employed the four participating countries, each acting as
a client in a cross-silo manner with horizontally partitioned data
(Moreno-Alvarez et al., 2024). A central server orchestrated the training
process by initializing a global model with randomly assigned weights.
This initial model was distributed to all clients, who then performed
local training using their respective datasets. Upon completion of local
training, each client transmitted its updated model weights back to the
central server. The server aggregated these weights to update the global
model, which was subsequently redistributed to all clients. This iterative
process enabled each local model to benefit from the collective knowl-
edge of all clients, without direct data sharing, thereby preserving
confidential field plot coordinates (Fig. 4 B). The training proceeded
through a pre-defined number of rounds (60 FL rounds for the Landsat
and Terrain data set) of communication between the clients and the
server, with the server continuously refining the global model through
successive aggregations. Each client saved the locally fitted models
resulting in customized fine-tuned local models (Fig. 4 B), and the server
saved the global aggregated models. Global validation metrics were
calculated by aggregating the sums of squares of each client.

While FL is normally characterized by decentralized data storage and
communication across multiple remote client devices or servers, we
chose to simulate this setting by hosting all client datasets on a single
server while still treating each client separately. To evaluate the prac-
tical viability of the FL approach, we conducted a real-world test using
two clients, representing Norway and Sweden.

We tested the model aggregation algorithms FedAvg (McMahan
et al., 2017) and FedProx (Li et al., 2020) to address data heterogene-
ity across clients. FedProx introduces a proximal term p to the loss
function, which stabilizes training by mitigating the effects of non-IID
(non-independent and identically distributed) data across clients. We
report results for FedProx with p = 0.05.

3.1.3. Technical implementation of the FL communication

To implement FL in Flower, the central server needs to be reachable
from the internet and listen on two ports (defaulting to 9092 and 9093).
Clients contact the server on these two ports but are never contacted by
the server. Authentication is ensured using certificates that are
exchanged beforehand. More details can be found in the Flower
Framework Documentation (Beutel et al., 2020).

3.2. Model building

Modelling (step 3 in Fig. 1) consisted of building a model architec-
ture and configuring the model by tuning the model’s hyperparameters.
All models were trained including terrain variables, and with various
satellite time series lengths of T years. The same hyperparameters across
all models using the same features and time series lengths were used.

3.2.1. Time series CNN architecture

CNNs have become a widely used approach for processing and
analysing two-dimensional imagery (LeCun et al., 2015; Prince, 2025).
However, they are also well-suited for time series data, particularly
when adapted to capture temporal dependencies (Ismail Fawaz et al.,
2019). CNNs’ ability to extract local patterns through convolutional
operations makes them effective for time series analysis by applying
convolutions along the temporal axis. Several studies have demon-
strated the utility of temporal CNNs for satellite image time series. For
instance, (Pelletier et al., 2019; Perbet et al., 2024) applied temporal
CNNs s for classification tasks, while (Perbet et al., 2024) used them for
forest disturbance detection. In this study, we applied a Time Series CNN
(tCNN) architecture implemented in PyTorch (Paszke et al., 2019) for
timber volume prediction, customized for the given time series dataset.
The architecture treats each plot as a single-pixel multivariate “movie”
through time and learns filters that slide along the temporal axis while
looking across spectral features at once. Early convolutional filters act
like short-window detectors that respond to local patterns, e.g., sudden

International Journal of Applied Earth Observation and Geoinformation 152 (2026) 105452

drops from disturbance, or short-term recovery, whereas deeper layers
(together with pooling) integrate these cues over longer spans to capture
trends and legacy effects. The model takes as input a single-channel
tensor with 21 features and 40 time points per sample plot. The first
convolution spans all features and a temporal window of width 5, pro-
ducing 8 feature maps while preserving the temporal dimension. Max-
pooling reduces the temporal length from 40 to 20. A second convolu-
tion with kernel size (1, 5) increases the number of channels to 16 while
maintaining the temporal dimension. For the maximum time-series
length, adaptive average pooling reduces the representation to (1, 2),
followed by dropout regularization and a fully connected linear output
layer producing one prediction value per sample. This model architec-
ture is detailed in Table 3. This description assumes the case where F =
F.L and T = T_L = 40, but the structure generalises to all datasets and
varying time series lengths.

Batch normalizations after the first and second convolutional layers
for normalizing the activations from the convolutional layers and
enhancing training dynamics by stabilizing the mean and variance of
layer inputs were tested but did not improve the training.

3.2.2. Time series CNN configuration

The model based on Landsat data had F_L = 21 features, the model
based on Sentinel 2 data had F_S2 = 18 features, and the model based on
Sentinel 1 and Sentinel 2 data had F_S1S2 = 22 features. We trained the
tCNN model and optimized its hyper parameters kernel time, pool time,
dropout layer, and weight decay by minimizing pixel-level root mean
squared error (RMSE) of the validation data of a combined data set of all
countries. We performed the hyperparameter tuning for different
models with input data of time series lengths T L and T_S years for
Landsat and for Sentinel data, respectively. The final models use the
mean squared error (MSE) as the loss function, which is suitable for
regression tasks such as predicting continuous variables from time-series
data. Optimization was performed using the Adam optimizer with a
learning rate of 0.001. Overfitting was controlled by incorporating a
dropout layer in the model architecture and by setting a low maximum
epoch limit of 15. Additionally, we monitored validation loss at the end
of each epoch. Training was automatically terminated via an early
stopping mechanism if the validation loss failed to decrease for three
consecutive epochs, at which point the optimal weights were restored.

3.3. Model evaluation

We selected the overall best performing global FL model, and for
each client the best performing local FL model based on validation loss.
Subsequently, we produced model predictions for the independent test
datasets using the following models: i) individual, country specific BL
models applied to the corresponding country-specific test data sets (in-
dividual BL models in Fig. 4 A), ii) the centralized BL model applied to
the combined country test data set (Centralized BL model in Fig. 4 A), iii)
the centralized BL model applied to each country-specific test data set,
iv) the local FL models, and v) the global FL model applied to the cor-
responding country-specific test data sets (Fig. 4 B). The coefficient of
determination (R2) and RMSE were calculated, and the relative RMSE
was obtained by dividing the RMSE by the mean of the actual, observed

Table 3
Time series CNN model architecture, shown for F = F_L and T = T_L = 40. This
structure applies to all datasets and time series lengths.

Layer Kernel/Unit Output shape

1 Input — 1, 21, 40)

2 Convolution 1 8 filters x kernel size (21, 5) (8,1, 40)

3 Max-Pool kernel size (1, 2), stride 2 (8,1, 20)

4 Convolution 2 16 filters x kernel size (1, 5) (16, 1, 20)

5 Adaptive Avg Pool output size (1, 2) (16,1, 2)

6 Dropout - (16,1, 2)

7 Dense (linear output) 32-1 (€8]
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values and multiplying by 100. All metrics were calculated at plot level.
These results were compared across models to assess their performances.

We performed the same steps and analyses for the datasets composed
of Landsat data, Sentinel 2, and Sentinel 1 and 2 data.

3.4. Model predictions and mapping

For applying the models and creating prediction maps (step 4 in
Fig. 1), we used the final local FL models to create wall-to-wall predic-
tion maps of timber volume for the countries. We generated predictions
for the Landsat and terrain-based models, and for the Sentinel and
terrain-based models.

4. Results
4.1. Full time series

The results of the model predictions using test data are illustrated in
the plots of observed versus predicted timber volume using the Landsat
data for the 40-year time series (Fig. 5). For the individual BL models
using the full 40-year time series of satellite data, RMSE values ranged
from 72-109 m®/ha (62%—75%, R% 44-55). The centralized BL model
applied to the country-specific data sets performed slightly worse than
the individual BL models trained for each country, with RMSE values
ranging from 1%—13% higher and lower R2 values. The local FL models
performed for each country comparable to the individual BL models
with RMSE values ranging from 72—110 m®/ha (56%—74%). The global
FL model performed comparably to the individual and centralized BL
and local FL models in Sweden and Finland but showed reduced accu-
racy in Norway and Italy. Overall, the results showed that the local FL
models achieve similar performance as the BL models across all coun-
tries. In Norway, the global FL model performed slightly worse, and in
Italy, both the centralized BL and the global FL models performed
slightly worse than the other models. The accuracy metrics of all models
are presented in Table 4.

We compared global validation loss for each client using FedAvg and
FedProx (Fig. 6). In Scandinavia (Norway, Sweden, Finland), both al-
gorithms showed similar results. For Italy in southern Europe with
different growing conditions varying from Mediterranean to Alpine
climates and diverse tree species, FedProx was stabilizing after round 40
and outperformed FedAvg.

The average round processing time for FedProx was with 47.255.2 s
longer than for FedAvg with 42.0 s average round processing time. Local
average training time was 7.9 s, 14.2 s, 15.8 s, and 6.1 s for Norway,
Sweden, Finland, and Italy, respectively.

Fig. 7 shows how loss changes over 60 FL rounds in the four countries
using FedProx. The training loss, validation losses (last and best epochs),
and global model loss before local training are plotted. Across all
countries, global model validation loss drops sharply at first, then levels
off as models converge. Norway and Sweden show steady training loss
reductions, with validation losses just above training loss, while the
global model always performs worse than locally adapted models. In
Finland, all losses quickly converge to low values, indicating stable
learning. Italy displays a strong need for local training, as the global
model consistently performs worse, though improves slightly after
round 40. In Finland and Italy, the training loss remains higher than the
validation loss, which may be explained by the FedProx proximal pen-
alty being included in the training objective or by the fact that the re-
ported training loss is averaged over all local batches and epochs within
a round, thus also reflecting earlier and less well-adapted model states
before local improvement from the incoming global model. Overall,
most improvement occurs early, with country-specific benefits from
local adaptation, especially for Italy.

The communication overhead in federated learning was calculated
based on the 1537 trainable parameters of the time series CNN used for
Landsat and terrain data (F_L = 21 input features, T_L = 40 time steps).

International Journal of Applied Earth Observation and Geoinformation 152 (2026) 105452

With 32-bit floats, a full model transmission is 6148 bytes. Each client
sends and receives this amount per round, totalling 12,296 bytes. With
four clients, each round incurs 49,184 bytes; over 60 rounds, cumulative
exchange reaches about 2.95 MB (Table 5). This estimate excludes minor
additional overheads from protocol metadata and evaluation metrics.
Overall, the approach's communication demand (2.95 MB) is minimal
and scalable to larger setups. A real-world trial involving Norwegian and
Swedish clients was completed successfully.

4.1.1. Effect of time series length

RMSE, RMSE%, and R2 metrics were used to evaluate prediction
accuracy across different time series lengths. For Sweden, Finland, and
Italy, model performance improved with increasing time series length
until 20 years. Increasing the time series length to 30 or 40 years
resulted in little improvement or even a slight decrease in accuracy
(Fig. 8). Both the individual BL and local FL models exhibited gains in
accuracy with longer time series. However, this effect could not be
observed in Norway. The local FL models benefitted from longer time
series, with RMSE gains between the 40-year and the 4-year models of
1%, 7%, 5%, 7% for Norway, Sweden, Finland, and Italy, respectively.
The gains of the 20-year models compared to the 4-year models were
2%, 5%, 5%, 8% for Norway, Sweden, Finland, and Italy, respectively.
The global FL model with the same time series length showed similar
performance in Sweden and Finland. Accuracy gains in the global FL
model with longer time series in Italy was small. For the models based on
Sentinel data, these trends were similar but not as pronounced due to the
shorter time series (results not shown).

4.1.2. Bias

Bias was calculated as predicted minus observed values of the test
data sets. The overall bias of the local FL models (40 years Landsat) was
8.26, 0.91, —1.38, and —1.82 for the four counties Norway, Sweden,
Finland, and Italy, respectively. Similar values were obtained for the
individual BL models. Overall bias of the global FL. models was generally
larger. Similar patterns were observed for the models based on the other
data sets (Table 6).

4.1.3. Timber volume maps

In Fig. 9 we present an overview with Landsat based predictions, and
two close-ups of our prediction maps together with corresponding sat-
ellite images. The first close-up shows Landsat based predictions and
RGB in southern Norway around the Norwegian and Swedish border.
The second close-up shows Sentinel based predictions and RGB in north-
central Italy.

5. Discussion

This study demonstrates the potential of FL as a viable and privacy-
preserving approach for forest resource modelling and monitoring with
the combination of field plot and remotely sensed data, which has not
been explored in previous studies in this manner. The main advance-
ment here is not a new deep learning module, but rather a modelling
workflow that allows cross-border NFI-RS learning without revealing
plot coordinates, which is a common restriction that often hinders
centralized international research (Papucci et al., 2026). Our findings
show that local FL models can achieve predictive performance compa-
rable to centralized models across the participating countries. This is an
important result, as it highlights FL’s capacity to address data confi-
dentiality concerns related to field plot coordinates, while maintaining
model accuracy across countries.

5.1. Comparison with previous work
Our results are consistent with those of Miettinen et al. (2025), who

produced Pan-European forest maps using a combination of satellite-
based earth observation data and NFI plots using the centralized
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Fig. 5. Observed (y-axis) versus predicted (x-axis) timber volume [m®/ha] of the Time Series CNN models using the Landsat and terrain data, including RMSE (RMSE
%) and R? values. Rows represent the results for each individual country and for all country data combined (centralized) in the bottom row. Columns: Individual
baseline (BL) (40y): models fitted using 40 years of country specific remote sensing data and centralized model fitted with combined data; Centralized BL (40y): the
centralized model fitted with the combined country data (from column 1 bottom row) and applied to 40 years of country specific remote sensing data; last two
columns: Results of the local and global Federated Learning (FL) models using 40 years of remote sensing data.
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Table 4

Accuracy metrics for time series models based on 40 years of Landsat, 7 years of
Sentinel 2, and 7 years of Sentinel 1 and 2 data. Results are presented for the four
countries Norway (NO), Sweden (SE), Finland (FI), and Italy (IT), and addi-
tionally for the combined data set labelled ‘Centralized’. RMSE values are pre-
sented in m®/ha (relative RMSE in %).

Baseline Federated Learning
Country Individual Centralized  Local Global
40 years Landsat and terrain data
NO RMSE (%) 88 (75%) 89 (76%) 87 (74%) 96 (82%)
R2 0.44 0.41 0.44 0.33
SE RMSE (%) 95 (64%) 97 (65%) 95 (63%) 95 (64%)
R2 0.46 0.44 0.47 0.46
FI RMSE (%) 72 (56%) 75 (58%) 72 (56%) 73 (57%)
R2 0.50 0.47 0.49 0.49
1T RMSE (%) 109 (65%) 130 (78%) 110 (66%) 139 (83%)
R2 0.55 0.36 0.55 0.27
Centralized  RMSE (%) 85 (62%) - - -
R2 0.49 - - -
7 years Sentinel 2 + terrain
NO RMSE (%) 90 (75%) 95 (78%) 91 (75%) 95 (79%)
R2 0.48 0.43 0.48 0.42
SE RMSE (%) 97 (66%) 99 (68%) 96 (66%) 97 (66%)
R2 0.43 0.40 0.44 0.44
FI RMSE (%) 71 (55%) 78 (61%) 72 (56%) 72 (56%)
R2 0.51 0.41 0.50 0.49
IT RMSE (%) 122(70%) 161 (93%) 125(72%) 156 (90%)
R2 0.49 0.11 0.47 0.17
Centralized RMSE (%) 88 (64%) - - -
R2 0.47 - - -
7 years Sentinel 1 and 2, and terrain data
NO RMSE (%) 92 (76%) 94 (78%) 91 (75%) 96 (80%)
R2 0.47 0.44 0.48 0.41
SE RMSE (%) 96 (66%) 99 (68%) 96 (66%) 97 (66%)
R2 0.45 0.41 0.44 0.43
FI RMSE (%) 71 (55%) 76 (59%) 72 (55%) 72 (56%)
R2 0.51 0.44 0.50 0.49
IT RMSE (%) 123 (70%) 156 (90%) 123 (71%) 153 (88%)
R2 0.49 0.17 0.48 0.20
Centralized RMSE (%) 88 (64%) - - -
R2 0.47 - - -
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Fig. 6. Global validation loss for each client using the FedAvg (solid line) and
the FedProx (dashed line, with u=0.05) algorithms. In Italy (IT, in red), FedProx
outperforms FedAvg, while no differences between the two algorithms can be
observed in the Scandinavian countries Norway (NO, in blue), Sweden (SE, in
orange), and Finland (FI, in green).

approach, where all data were collected and stored in one data base.
Using the local FL model, we achieved RMSEs for Norway, Sweden, and
Finland of 72 — 95 m®/ha (56% — 74%), with a combined value of 83
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m3/ha (62%) for these three countries, while Miettinen et al. (2025)
reported RMSEs for timber volume of 76 m3/ha (53%) in the boreal
region (Norway, Sweden, and Finland combined. Using the local FL
model in Italy, we achieved an RMSE of 110 m>/ha (66%), while
Miettinen et al. (2025) in a southern region (southern Germany,
Switzerland, Austria, south-east France, and entire Italy, Area 11 in that
study) reported an RMSE of 178 m®/ha (62%).

Koma et al. (under review) found comparable results for modelling
timber volume in Norway and Finland using Sentinel 1, Sentinel 2, and
PALSAR-2 data and a UNet-based deep learning model. Using only
Sentinel 2 data, they found RMSE ranging from 61% to 73%, bias
ranging from —7.9% to 2.1%, and R? ranging from 0.41 to 0.58.
Combining Sentinel 1, Sentinel 2 and PALSAR data, they reported RMSE
ranging from 57% to 72%, bias ranging from —2.5% to 2.7%, and R>
ranging from 0.42 to 0.63. These results are in line with our findings.

Ceriani et al. (2025) modelled timber volume in mountain forests in
northern Italy using spaceborne sensors and several machine learning
approaches. With Sentinel-2 data alone, they reported RMSE values of
98-139 m®/ha across the tested models. Our results for the whole of
Italy falls within this range.

5.2. Client Contributions and Model Dynamics in Federated Learning

The influence of individual clients on the global FL model is a critical
aspect of system behaviour. Our study highlights several mechanisms
that govern this dynamic: i) choice of aggregation algorithm: using the
FedAvg algorithm for aggregating model weights, client updates are
weighted by the number of local training samples (McMahan et al.,
2017), which naturally reduces the influence of clients with limited
data; FedProx introduces a proximal term to the loss function, which
stabilizes training by mitigating the effects of non-IID data across clients
(Lietal., 2020); ii) local fine-tuning: the ability of clients to fine-tune the
global model locally is important. It allows each client to adapt the
shared model to its specific data distribution, ensuring that useful local
patterns are still captured even if the global model is slightly biased; iii)
fairness and collaborative gains: while FL. may not yield uniform per-
formance improvements for all clients, it fosters fairness by enabling
clients with small or noisy datasets to benefit from the collective
knowledge of the group.

In the present study we observed lower predictive performance of the
global FL model in Norway and Italy. As discussed above, this corre-
sponds to smaller sample sizes in Norway and Italy (6671and 10,271,
respectively) compared to Sweden and Finland (40,828 and 27,429,
respectively). However, additional factors may also have contributed to
these differences. In federated learning, heterogeneity between clients is
known to affect performance of the aggregated global model. Differ-
ences in forest structure, dominant tree species, climatic conditions, and
forest management regimes may have resulted in country-specific
feature-target relationships that deviated from the global average
learned during federated optimization. Differences in spatial and tem-
poral alignment between predictor and target data may also have
contributed to reduced predictive accuracy in some countries. Due to the
weighted aggregation function in FL, the larger clients dominate over
the smaller clients. However, this effect does not hold for the local FL
models, where accuracies comparable to the individual baseline models
were consistently observed.

The aggregation method FedProx did not outperform FedAvg in the
Scandinavian countries of Norway, Sweden, and Finland; however, it
produced better outcomes than FedAvg in Italy. A p value of 0.05 was
applied throughout the experiments. The observed differences between
countries may be related to varying degrees of heterogeneity among
local datasets. In federated learning, FedProx is specifically designed to
mitigate the effects of non-identically distributed (non-IID) data by
constraining local model updates from diverging excessively from the
global model during training. The Italian dataset likely differed more
strongly from the aggregated global data distribution than the
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Fig. 7. Loss over federated learning rounds for Norway (top left), Sweden (top right), Finland (bottom left), and Italy (bottom right). Note different y-axis scales. The
blue curve shows training loss, the green curve shows loss of the last epoch, the red curve shows loss of the best epoch, and the orange curve shows the loss of the

global model before local training.

Table 5
Communication overhead of the 40-years Landsat and Terrain tCNN model with
4 clients and 60 FL rounds.

Communication quantity Calculation Size
Model size per transmission (1537 x 4) bytes 6148 bytes
(float32)

Per client per round (download + (2 x 6148) bytes 12,296
upload) bytes

Total per round for 4 clients (4 x 12,296) bytes 49,184

bytes
Total for 60 rounds and 4 clients (60 x 49,184) bytes ~2,95 MB

Scandinavian datasets due to differences in forest structure, dominant
tree species, climatic conditions, productivity, and forest management
regimes. Furthermore, the smaller sample size may have contributed to
less stable local optimization in Italy. Under such conditions, the prox-
imal regularization term in FedProx may help stabilize training and
reduce excessive local model drift, thereby improving predictive per-
formance. In contrast, the Scandinavian countries likely exhibited more
similar data distributions and ecological conditions, allowing the stan-
dard FedAvg aggregation approach to converge effectively without
additional regularization. In these cases, the FedProx constraint may
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have slightly limited local adaptation to country-specific patterns,
reducing its potential benefit. More generally, reducing the proximal
regularization parameter p tended to benefit larger clients that pre-
dominantly influenced the global optimization process, whereas
increasing u provided advantages to smaller or more heterogeneous
clients by constraining local updates more strongly.

5.3. Implications for forest monitoring

A critical aspect in forest monitoring is the protection of field plot
locations, which is a barrier to fully integrate remote sensing and ground
data (Papucci et al., 2026). These plots are often situated on private land
and are revisited over long time periods. While demands for freely
available NFI data are made (Nabuurs et al., 2022), public disclosure of
their locations could lead to vandalism, unintentional disturbance, bias
in harvesting regimes, or (under)exploitation of sensitive ecological or
economic resources, which could violate landowner privacy and lead to
undermining trust in national inventory programs (US Forest Service,
2023; Schadauer et al., 2024). Maintaining the confidentiality of plot
locations is therefore essential for ensuring the scientific integrity, se-
curity, and continuity of long-term forest monitoring. Our findings
suggest that FL can play a pivotal role in overcoming these criticalities
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Table 6

Overall bias, calculated as predicted minus observed values, for the different
models and corresponding test data sets. Results are presented for the four
countries Norway (NO), Sweden (SE), Finland (FI), and Italy (IT), and addi-
tionally for the combined data set labelled ‘Centralized’.

Overall bias Baseline Federated Learning
Individual Centralized local global

40 years of Landsat and terrain

NO 3.36 —4.50 8.26 19.43

SE —5.38 0.13 0.91 —4.59

FI —2.32 —2.57 -1.38 —1.42

IT —2.40 -1.16 —-1.82 -11.51

Centralized —2.63 - - -

7 years of Sentinel 2 and terrain

NO —4.5 -8.71 -1.31 11.75

SE 0.35 1.57 1.36 —0.82

FI 1.82 —8.29 1.05 5.85

1T —4.51 —5.01 10.02 -11.91

Centralized —1.04 - - -

7 years of Sentinel 1 and 2 and terrain

NO 3.79 —-4.10 -5.75 14.82

SE -1.28 3.02 0.02 —2.33

FI 2.07 -1.29 3.90 8.02

IT —-0.32 0.11 -0.89 —28.68

Centralized -1.90 - - -
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and achieving the objectives of a European Forest Monitoring system.
Furthermore, by enabling secure and collaborative modelling across
national datasets, FL supports the integration of remote sensing and field
data for generating harmonized forest resource maps across large spatial
domains. These outputs are essential for supporting the formulation and
implementation of evidence-based policy related to the forest sector, the
development of forest adaptation plans, the sustainable management,
and international reporting related to climate mitigation and biodiver-
sity conservation.

5.4. Time series lengths and model architecture

Both the individual and local FL models benefitted from longer time
series. This was most obvious for the 40 years Landsat data in Sweden,
Finland, and Italy, where most improvements were observed until a time
series length of 20-30 years. In Norway, there was only little improve-
ment until a time series length of 20 and 30 years for the BL and local FL
models, respectively. In Norway and Italy, RMSE and R? of the global FL
models did not improve with longer time series. This corresponds to the
general poorer performance of the global FL model in these two coun-
tries and might be related to smaller data sets and potentially different
rotating times in forest management practices in these countries. Tree
species and forest structure in the Scandinavian countries Norway,
Sweden, and Finland is similar, and, therefore, are unlikely the reason
for the poorer performance of the global FL. model in Norway compared
to Sweden and Finland.
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Fig. 9. Overview with Landsat based predictions (left panel), and two close-ups of the prediction maps with corresponding satellite images (center and right panel).
The upper close-up represents Landsat based local FL model predictions with corresponding satellite image at the Norway-Sweden border. The lower close-up
represents Sentinel based local FL model predictions with corresponding satellite image.

While we used a Time Series CNN model in the present study, the FL
approach can be used with other model types as well, where model
weights or parameters can be aggregated in a meaningful way. Para-
metric regression models could be used in FL, however, they are sensi-
tive to multicollinearity among predictors, which is particularly
pronounced in multitemporal remote sensing data where spectral
indices are highly correlated. Long short-term memory (LSTM) and
extreme gradient boosting (XGBoost) models are well-suited for
sequential data and should be considered in future studies. However, in
the present case with low temporal resolution, potentially noisy time
series and limited number of samples per country, LSTMs might be less
robust. Extracting remote sensing data in a window around each field
plot and using a model architecture as, for example, a UNet can also be
considered for future studies. Our scope in this study was to test the FL
approach in the context of NFIs and timber volume modelling, and here
the tCNN approach provided an efficient, robust way (Miller et al.,
2024).

5.5. Limitations and implementation constraints

We did not assess the impact of the number of participating countries
on model scalability, nor did we evaluate the generalization of the
model to countries or forest types not included in training. The primary
aim of this study was to enable collaborative modelling among partici-
pating countries while preserving the confidentiality of sensitive NFI
data. Extending the framework to additional countries, including those
without compatible NFI data, is a relevant and interesting avenue for
future work, but was beyond the scope of the present study.

The freely provided FL software implementation (Schumacher,
2026) has been validated between Sweden and Norway. However, due
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to time constraints in this study, all federated learning clients were
simulated on a single server environment, rather than being distributed
across multiple independent institutions or devices. Although we tested
the framework using various devices within the environment, the
implementation did not employ secure aggregation protocols or differ-
ential privacy techniques, which are typically used to enhance formal
privacy guarantees in federated learning frameworks. Consequently,
although this method maintains the confidentiality of raw NFI plot lo-
cations and eliminates direct data sharing, it lacks comprehensive pri-
vacy protection against potential data leakage. The transmission of
model weights from clients to a centralized server may still disclose
sensitive information. However, this can be addressed with the frame-
work of differential privacy (Adnan et al., 2022). Furthermore, the
modelling relied on pre-processed remote sensing data stacks. These
factors should be considered when interpreting the privacy and scal-
ability aspects of the results, and highlight the need for future work to
address secure aggregation and privacy-preserving mechanisms in
operational deployments.

6. Conclusion

This study establishes FL as a scalable, data confidentiality-
preserving solution for forest resource modelling and monitoring.
Local FL models demonstrated predictive performance comparable to
baseline models, while effectively managing heterogenous data across
countries. Our aim was not to find the best performing model for timber
volume prediction, but to demonstrate the applicability of FL for
combining field and remote sensing data while preserving sensitive data.

A European Forest Monitoring System will require harmonized,
cross-border forest assessments while upholding data sovereignty and
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privacy. FL directly supports these goals by enabling collaborative
model training across national datasets without requiring the exchange
of raw data or sensitive geospatial information. This makes FL particu-
larly well-suited for integrating remote sensing and field data across EU
member states, facilitating the generation of harmonized timber volume
and biomass maps. In doing so, FL not only aligns with the EU’s Forest
Monitoring objectives but also strengthens the foundation for evidence-
based forest policy, sustainable management, and international scien-
tific collaboration.
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