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1. ABSTRACT

1 Abstract

Forests play a vital role in mitigating climate change and providing essential ecosystem services such
as carbon sequestration. National Forest Inventory (NFI)s serve as the primary source of forest infor-
mation, providing crucial tree species distribution data for carbon storage estimation and biodiversity
assessments. However, maintaining these inventories requires labor-intensive on-site campaigns by
forestry experts to identify and document tree species. Remote sensing approaches, particularly when
combined with machine learning, o er opportunities to update NFIs more frequently and at larger
scales. While the use of Satellite Image Time Series (SITS) has proven e ective for distinguishing tree
species through seasonal canopy re ectance patterns, current approaches rely primarily on Random
Forest (RF) classi ers with hand-designed features and phenology-based metrics.

Recent advances in Arti cial Intelligence (Al) through deep neural networks o er a complementary
strategy, using learned features from annotated data in an end-to-end fashion. However, while these
approaches show superior results compared to traditional methods, they typically require large anno-
tated datasets and substantial computational resources for training requirements that are particularly
challenging for NFIs. Pre-trained deep learning models address these limitations by leveraging unla-
beled data through self-supervised pre-training and are freely available for use. For example, Masked
Auto Encoder (MAE) enables networks to learn meaningful features by reconstructing masked in-
put time series without requiring ground-truth annotations. These pre-trained models can then be

e ciently ne-tuned with smaller labeled datasets for speci c classi cation tasks.

In this work, we investigate two key research questions: "To what extent do deep features extracted
from a ne-tuned pre-trained model improve tree species classi cation accuracy in NFIs compared to
traditional harmonic and medoid seasonal composite predictors?" and "What is the e ect of domain-
speci ¢ second-stage pre-training on tree species classi cation accuracy?" We evaluate these questions
using three datasets: the Dutch NFI data (an unbalanced set of 1,479 pure species plots grouped into
seven species classes), the Dutch NFI data (an unbalanced set of 1,462 pure species plots with thirteen
species classes) and the Francini dataset (a balanced set of 13,790 pure species plots with sever
classes). We extracted time-series data from Sentinel-1 (S1), Sentinel-2 (S2) and European Centre
for Medium-Range Weather Forecasts Re Analysis v5 (ERA5S) satellites data (January-December
2020) and Shuttle Radar Topography Mission (SRTM) data using Google Earth Engine. Comparing
deep features from the ne-tuned Pretrained Remote Sensing Transformer (Presto) model against
the current state-of-the-art approach using the same RF classi er framework, we found that Presto-
derived features substantially outperformed traditional hand-crafted harmonic and seasonal medoid
features. Interestingly, additional pre-training on unlabeled Dutch forest time series data did not yield
further accuracy improvements.

Our experiments demonstrate that ne-tuning pre-trained deep learning foundation models o ers a
cost-e cient approach for large-scale tree species classi cation in NFIs, despite the limited bene ts
of second-stage pre-training. By leveraging openly available satellite data and pre-trained models,
this approach signi cantly improves classi cation accuracy compared to traditional methods and can
e ectively complement existing forest inventory processes. The results highlight the potential of pre-
trained deep learning models for enhancing the e ciency and scale of forest monitoring applications.
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2 Introduction

Forests play a signi cant role in mitigating climate change, adopting disaster prevention strategies, and
providing ecosystem services, including sequestering carbon dioxideg©@ding wood materials,

and serving as a source of biodiversity (Tomppo et al.,, 2010; FAO, 2020; Francini et al., 2024).
Tree species diversity improves productivity of materials and resistance to natural disturbance (Jactel
et al., 2017). Therefore, monitoring and tracking records of forests including spatial distribution of
tree species are necessary for a sustainable forest management.

National Forest Inventory (NFI)s are the primary source of information for various purposes such as
sustainable forest management, industry investment planning, biodiversity monitoring, and Greenhouse
Gas (GHG) accounting (Tomppo et al., 2010; Bonannella, 2024). The Paris Agreement also requires
the submission of a national carbon inventory, including carbon removals and reductions from forest
lands (UNFCCC, 2015). Spatial tree species distribution information plays an important role in NFls
for various applications such as carbon storage estimation, forest management, and biodiversity as-
sessments (Hermosilla et al., 2022; Blickensdorfer et al., 2024). Additionally, detailed tree species
information is essential for national reports to the Forest Resource Assessment (FRA) of the Food
and Agriculture Organization (FAO) and Forest Europe (M. Schelhaas et al., 2014).

One of the key challenges in managing forest inventory is frequency and scale. Traditional inventory
methods are based on sample-based eld measurements conducted every 5 to 10 years (Tomppo et
al., 2010). Current climate change and land-use changes due to economic growth cannot be captured
in a timely manner using these traditional methods (Bonannella, 2024).

Remote sensing helps improve and update NFIs (Francini et al., 2024; Hermosilla et al., 2022).
Satellite sensors capture information about Earth every few days to several weeks, allowing us to
monitor Earth's condition more frequently and extensively, even in remote areas. However, the global
coverage and complex data volumes in remote sensing make human visual interpretation impractical
for large-scale analysis.

Machine learning techniques have achieved signi cant improvements in Earth observations, including
tree species classi cation, particularly when using multiple timestamps of images over large areas
(Blickensdorfer et al., 2024; Francini et al., 2024; Hermosilla et al., 2022). The RF algorithm is one
of the most popular machine learning algorithms for tree species classi cation due to its robustness,
interpretability, and ability to handle high-dimensional data (Breiman, 2001). However, RF models
require well-designed input features engineering, and this selection of appropriate features is crucial
for model performance (Heaton, 2016). These choices depend on domain knowledge and target area
characteristics such as climate and tree species variety, and often fail to include all necessary features
(Ahlswede et al., 2022).

In the context of NFIs, several state-of-the-art machine learning models utilizing RF have emerged
(Hermosilla et al., 2022; Blickensdorfer et al., 2024; Francini et al., 2024). These current methods for
tree species classi cation rely on country-speci ¢ knowledge for input features, parameter settings,
and high-quality data. However, scaling these methods to other countries at a national level presents
challenges due to cost constraints and data availability limitations. Furthermore, deep learning models,
which generally require large datasets to enhance performance, have remained largely unexplored for
national-level tree species classi cation, primarily due to the limited size of available training datasets.
These constraints collectively hinder the transferability of existing methods across di erent regions
or countries.

Deep learning models such as transformer architectures (Vaswani et al., 2023) have been recently
introduced for forest monitoring, including tree species classi cation. This adoption is driven by
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2. INTRODUCTION

increasing interest in multimodal and time-series data fusion in Remote Sensing (RS), enabled by
the availability of big data and advancements in deep learning models (J. Li et al., 2022). Deep
learning models can capture complex patterns in input data and create deep features that can be
used for downstream tasks with classi ers and regressors including RF (Basu et al., 2015). While
recent studies have achieved success in regional-scale tree species classi cation using high-quality
labeled data, signi cant gaps remain in large-scale classi cations (Fassnacht et al., 2016) for NFlIs
due to limited labeled data availability and high computational cost for training.

Freely available pre-trained models, trained on large unlabeled datasets containing millions of pixels
or images, have emerged as powerful tools for various downstream tasks. These models can achieve
comparable or superior accuracy to traditional state-of-the-art machine learning approaches through
ne-tuning without computationally expensive pre-training (Bommasani et al., 2022). Self-supervised
learning, where models are trained without labels, has gained particular attention in RS applications
(Wang et al., 2022). Using self-supervised learning as a model backbone with ne-tuning on limited
labeled data has demonstrated signi cant accuracy improvements (Yu et al., 2022), particularly in
time-series analysis tasks, while requiring less inductive bias (Dosovitskiy et al., 2021). The rapid
growth of both labeled and unlabeled datasets for RS (Gorelick et al., 2017; Ahlswede et al., 2023)
has enabled the development of various pre-trained models for tasks including tree classi cation (Lu
et al., 2024). However, research comparing performance between ne-tuned pre-trained models and
traditional approaches for tree species classi cation in NFIs remains limited.

The second stage of pre-training, where pre-trained models are re-trained on domain-speci ¢ data
and/or speci c tasks, has been shown to improve performance in downstream tasks such as Natural
Language Processing (Gururangan et al., 2020) and image-based object identi cation (Ma et al.,

2023). However, the impact of domain-speci ¢ pre-training on pixel-level tree species classi cation

in NFls using unlabeled tree plot data has not been explored.

This research aims to evaluate the e ectiveness of deep features from freely available ne-tuned pre-
trained models compared with existing feature engineering, and explore the impact of domain-speci ¢
pretraining for tree species classi cation through two key questions:

A

RQ1: To what extent do deep features extracted from the ne-tuned time-series pre-trained
model improve pixel-level tree species classi cation accuracy in NFIs when compared to tradi-
tional harmonic and medoid seasonal composite predictors (Francini et al., 2024)?

N

RQ2: Can additional domain-speci ¢ second-stage pretraining with unlabeled forest plots data
in the Netherlands improve accuracy for pixel-level tree species classi cation?

The overall process ow in this study is described in gure 1.
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Figure 1:Overall process ow from data collection to model comparison.

3 Data

3.1 Study area

This study focuses on forests in the Netherlands, which were described in the annual GHG accounting
report (Arets et al.,, 2023). According to the latest National Forest Inventory 7, forests covered
363,801 hain 2021, corresponding to 11% of the land use in the Netherlands (M. J. Schelhaas et al.,
2022) and comprising approximately 36.4 million 10x10m pixels.

3.2 National Forest Inventory (NFI) data

Ground truth data were collected through eld measurements at 3,062 plots for the Dutch National
Forest Inventory 6 between 2012 and 2013. Each plot contained a circular area with a variable radius
(5 to 20 m) to ensure inclusion of at least 20 trees (M. J. Schelhaas et al., 2022). These plots
correspond to 1 to 16 pixels atl® 10m resolution.

Due to privacy considerations, the precise coordinates of the plots were obtained under a con den-
tiality agreement with the Dutch government, with the requirement that the data be discarded after
project completion. Prior to data disposal, we utilized the plot center coordinates from the total
3,062 pixel-level data points to extract satellite data at 10x10 m pixel resolution from Google Earth
Engine (GEE) (Gorelick et al., 2017).

The original NFI data contains 19 dominant tree species classes, which we aggregated into 7 classes
to enable comparison with Francini et al., 2024. We selected plots where a single dominant species
represented more than 80% of the Basal Area (BA), which is the cross-sectional area of trees at breast
height. TheCastanea spplominant species class has no samples at this threshold. This selection
process Yyielded 1,479 data points for the aggregated 7 classes classi cation task.

In addition, we noticed that six dominant species classes have less than 10 samples, which may reduce
model performance (Kang et al., 2017), then removed these classes resulting in 1,462 samples with
13 classes for the dominant species classi cation task.

8



3. DATA

3.3 Francini data

We also evaluated our methods using the dataset from Francini et al., 2024, which contains 13,790
data points evenly distributed across the aggregated classes (1,970 points per class). This dataset
originated from the same NFI data but was augmented with additional labeled data points through
visual interpretation of satellite imagery.

3.4 Non-labeled data for pre-training

For the second stage of pre-training, we randomly collected 1 million points coordinates (2.75% of
total forest pixels in the Netherlands) sampled from forest areas identi ed in the Netherlands using
the Dynamic World (DW) land classi cation map (Brown et al., 2022). NFI coordinates with 3,062
plots were attached to this data and total number of non-labeled data is 1,003,062 points. This data
does not have species labels, but it is used to pre-train the model.

3.5 Ground data overview

The overview of all ground data used in this study is shown in table 1.

Table 1: Overview of ground data used in this thesis.

No. No.
Data Type Samples Classes Notes
NFI (7 classes) 1,479 7 Aggregated to 7 classes
NFI (13 classes) 1,462 13 Classes with less than 10 samples removed
Francini data 13,790 7 Augmented with additional labeled data from NFI data
Non-labeled data 1,003,062 - Used for pre-training

In table 2, the number of samples for aggregated 7 species groups and 13 dominant species in the
NFI dataset, and for aggregated 7 species groups in Francini data is shown.

In gure 2, the distribution of the species classes in the NFI dataset, Francini dataset, and non-labeled
data is visualized.

3.6 Satellite data sources

This study implements a comprehensive multi-source RS approach that integrates satellite imagery
with environmental data to characterize forest vegetation both spatially and temporally. The primary
data sources required as model inputs comprise:

" S1 Synthetic-Aperture Radar (SAR) Ground Range Detected (GRD) Data: 6-day
revisit frequency, providing VH and VV polarizations

" S2 Multispectral Data: Top of Atmosphere Re ectance (Level 1C) with 5-10 day revisit
frequency, incorporating 10 spectral bands and Normalized Di erence Vegetation Index (NDVI):

B2-B8, B8A (blue, green, red, redE1-E4, NIR)
B11l, B12 (SWIR1, SWIR2)
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Table 2: Species count and grouping in NFI and Francini datasets.

Aggregated National Forest Inventory (NFI) data Francini
Group : : data
No. samples Dominant Species No. samples No. samples N |
(7 classes) Basal BA 80% 70' lsamp &s
Area (BA) small samples (7 classes)
80% excluded
(19 classes) (13 classes)
Pinus Pinus sylvestris 513 513
603 Pinus pinaster 1 1,970
Other Pinus 89 89
Larix 56 Larix spp 56 56 1,970
Quercus Quercus robur petraea 255 255
288 Other Quercus 33 33 1,970
Beech 58 Fagusspp 58 58 1,970
Populus 72 Populusspp 72 72 1,970
Other Alnus spp 30 30
Broadleaves Betula spp 58 58
Fraxinusspp 40 40
24y CaStaneaspp 0 1,970
Carpinusspp 3
Abies spp 2
Robinia pseudoacacia 7
Other broadleaved 102 102
DarkConifer Pseudotsuga menziesii 90 90
160 Piceaspp 66 66 1,970
Other conifers 4
Total 1,479 1,479 1,462 13,790
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