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1 Abstract

Accurate above-ground biomass (AGB) estimation is critical for assessing forest health and
understanding its role in the global carbon cycle. This study shall leverage NASA/IBM’s
Prithvi 2.0, a geospatial foundation model trained on Harmonized Landsat-Sentinel 2 (HLS)
data, to estimate AGB using Sentinel-1 radar and Sentinel-2 multispectral imagery. By
training on data covering different forest biomes, we aim to develop a robust and transferable
model. We shall also investigate the relationship between AGB and land surface temperature
(LST) using ECOSTRESS sensor data to understand forest-climate interactions.

2 Introduction

Above-ground biomass (AGB), defined as the total mass of plant matter above the Earth’s
surface, is one of the most crucial indicators of forest health globally. Large-scale studies of
forests and their impact on the global climate use AGB to quantify changes in landscapes
caused by natural phenomena and human activities. As a vital mediator in the carbon
cycle, a forest’s ability to act as a carbon sink is directly linked to the amount of AGB it
holds(Hailemariam Temesgen and Sessions, 2015).

The past century has witnessed the effects of declining forest cover in the form of accelerated
global warming and climate change. Consequently, accurate estimation and monitoring of
AGB is a key focus of foresters and climate scientists. Although accurate measurement of
tree biomass traditionally requires destructive sampling, cutting down the tree, and weighing
its components, this approach is environmentally harmful and not feasible for large-scale
forest studies(Henry et al., 2010).

To avoid destructive sampling, foresters have developed allometric equations that estimate a
tree’s biomass using measurable attributes such as canopy height, diameter at breast height
(DBH), species, and topographical location(Vorster et al., 2020). These equations have been
the standard methodology for calculating and monitoring forest biomass at the forest level.

In recent decades, forest studies have undergone a profound transformation with the advent
of various remote sensing technologies, including passive sensors such as optical and mul-
tispectral cameras and active sensors such as radar and LiDAR (Gleason and Im, 2011).
When mounted on platforms such as UAVs, aircraft, and satellites, these sensors provide a
suite of technologies to study the Earth at multiple scales. These advances have facilitated
the development of new methodologies for analyzing various forest attributes, including
above-ground biomass (AGB)(Fassnacht et al., 2023).

These methodologies typically involve collecting remotely sensed data, deriving key vege-
tative indices, and applying statistical and machine learning models such as linear regres-
sion, gradient boosting, and random forests(Li et al., 2020),(Luo et al., 2024), (Li et al.,
2024). These approaches paved the way for more advanced deep learning architectures,
including multi-layer perceptrons, convolutional neural networks, and stacked autoencoders
(Parvez Rana and Tokola, 2023), (Ali et al., 2024), (Zhang et al., 2019).

While deep learning architectures have shown promising results, training them from scratch
still requires substantial amounts of reference data and computational resources. Unfortu-
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nately, most Earth observation tasks, including AGB estimation, face significant challenges
due to the scarcity of high-quality reference data(Nagai et al., 2020). To address this limita-
tion, the remote sensing community has increasingly adopted geospatial foundation models
in recent years. These models are not trained for specific tasks; instead, they ingest vast
amounts of input data and learn latent encodings through self-supervised training mecha-
nisms (Jakubik et al., 2023), (Cong et al., 2022), (Tseng et al., 2024) . Once trained, these
models can be fine-tuned for various downstream tasks, such as AGB estimation(Muszynski
et al., 2024).

In this study, we leverage the latest foundation model, Prithvi 2.0, developed by NASA
and IBM, which has been trained on the global Harmonized Landsat-Sentinel 2 (HLS)
dataset(Szwarcman et al., 2024). We propose a fine-tuning architecture (illustrated in Figure
1) that estimates forest biomass using Sentinel-1 radar data and Sentinel-2 multispectral
data. The architecture and training pipeline are discussed in more detail in the next section.

3 Proposed Work

Task 1 - Estimation of above-ground biomass using satellite imagery
The biomass contained in a tree is influenced by several factors, ranging from structural
attributes like canopy height and diameter at breast height (DBH) to environmental vari-
ables such as location and topography, as well as specific characteristics like species and
tree health. Previous studies have demonstrated that spectral signatures captured by mul-
tispectral sensors provide information about tree species and health, while radar data can
effectively infer tree structure and topography.

In this study, we aim to estimate above-ground biomass (AGB) using globally reaching
wall-to-wall data from satellite sensors onboard Sentinel-1 and Sentinel-2. Our proposed
architecture 1 leverages the geospatial foundation model, Prithvi 2.0, to process multispec-
tral time-series data from Sentinel-2. Trained on 4.2 million global time-series samples from
NASA/ESA’s Harmonized Landsat-Sentinel 2 (HLS) dataset, Prithvi 2.0 incorporates both
temporal and spatial embeddings for satellite imagery. The frozen encoder of Prithvi 2.0
extracts latent representations and features from Sentinel-2 imagery, which are sent through
an untrained decoder.

Parallelly, we process Sentinel-1 time-series imagery using an untrained U-Net architecture
with a temporal attention encoder (U-TAE)(Garnot and Landrieu, 2022), inspired by the
winning model of the Biomassmasters Data Challenge(Nascetti et al., 2023). Then, the
outputs from the two pipelines are concatenated and sent through a single 3X3 convolutional
kernel to get the AGB map. The input for each sensor is limited to four time stamps,
adhering to Prithvi 2.0’s design specifications.

Figure 1: Our proposed architecture
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The use of a foundation model like Prithvi 2.0 alleviates the data-intensive nature of training
deep learning architectures from scratch. By freezing the weights of Prithvi 2.0’s encoder,
the learnable parameters in our model are restricted to the decoder for Prithvi, the U-TAE
network for Sentinel 1and the final 3X3 kernel. However, careful selection of training data
remains crucial. As AGB varies significantly with tree species and environmental biomes,
building a transferable model poses a challenge.

For this study, we utilize three main datasets: the Finland forest benchmark dataset
(Biomassmasters)(Nascetti et al., 2023), the Central Africa–South Asia biomass dataset by
Rodda et al.(Rodda et al., 2024) and GEDI 4A data product for United States (Dubayah
et al., 2022). The first two datasets were developed using allometric equations applied to
tree inventory and LiDAR surveys. Together, they provide AGB maps across diverse envi-
ronmental and geographical regions. Conversely, GEDI is a fullwaveform satellite LiDAR
sensor that provides multiple tree metrices to study forests, including AGB at its footprint
level. These datasets span three different forest biomes — boreal forests in Finland, tropical
forests in Central Africa and South Asia and temperate forests in United States.

Task 2 - Studying the Correlation Between Above-Ground Biomass and Forest
Temperature
Global temperatures have been steadily rising over the past two centuries, a trend strongly
linked to increasing human activity and development. Concurrently, global forest coverage
has been declining, primarily due to land conversion for human settlement and extensive
deforestation for timber. The reduction in forest cover amplifies the concentration of green-
house gases in the atmosphere, further accelerating the rise in global temperatures.

Interestingly, several studies have suggested that increasing temperatures also affect the
health and growth of forests, often quantified by changes in above-ground biomass (AGB)
(Zhao et al., 2019), (Fu and Sun, 2022). Some research have also attempted to model AGB
using land surface temperature (LST) and other environmental factors(Rosas-Chavoya et al.,
2023), (Jiang et al., 2021).

Building upon the AGB estimation model developed in this study, we aim to investigate
the relationship between AGB and LST. Our hypothesis is that LST is influenced by AGB
and visa versa and that this relationship can be utilized to study temperature patterns
across forested regions. To test this hypothesis, we plan to use data collected by NASA
JPL’s ECOSTRESS sensor, which operates aboard the International Space Station (ISS).
ECOSTRESS provides high-resolution measurements of LST and emissivity at a spatial
resolution of 70 meters, offering valuable insights into localized temperature variations in
forested areas.

By combining AGB estimates with LST data, this study aims to contribute to a deeper
understanding of the interactions between forest biomass and temperature, potentially in-
forming strategies for forest conservation and climate change mitigation.

4 Conclusion and Pathway to Climate Impact

In this study, we have proposed a methodology to accurately estimate AGB using open-
source satellite imagery from Sentinel 1 and Sentinel 2. Embracing the rise of foundation
models for geospatial data in last two years, we incorporate NASA/IBM’s latest foundation
model Prithvi 2.0 in our model, to train using the limitedly available biomass data. Our
work here has a direct link to climate impact, providing a scalable and ubiquitously applica-
ble model to estimate biomass, improving our understanding of forests. It has application in
forestry, providing a way to timely monitor AGB, and can also be used by policy makers to
quantify the impact of deforestation activity and restoration policy. Furthermore, our ob-
jective is to explore the potential correlation between AGB and forest temperature patterns
using data from NASA JPL’s ECOSTRESS sensor. Understanding this relationship can
provide critical insights into how forests interact with changing climate conditions, further
supporting strategies for climate change mitigation and adaptation.
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