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Abstract

Remote sensing (RS) provides abundant and diverse data for Earth Ob-
servation (EO) applications. Machine learning leverages the available
data through deep neural networks and specialized architectures. How-
ever, increasing model complexity often compromises its interpretability,
which is crucial for many EO applications that monitor sensitive human
activities or support natural disaster response efforts. This thesis con-
tributes to advancing the interpretability and explainability of complex
AI models for various RS applications, with a specific focus on agricul-
tural activities.
Our work employs eXplainable AI (XAI) methods to address two

main objective for understanding and improving the model predictions
within EO applications. First, we focus on XAI for Justificationwhere
the model behavior is justified by analyzing how different input features
contribute to the outputs. The explanation of individual predictions are
leveraged and aggregated to provide a broader understanding of the
model’s behavior. We apply and evaluate existing model-agnostic and
model-specific methods, while also developing new techniques when
necessary. We further explore how multi-task learning can further en-
hance the explainability of predictions.
Second, we apply XAI for Improvement based on insights from our

prior model justification results. On one hand, we identify the features
that are necessary and sufficient for accurate modeling across differ-
ent contexts. On the other hand, we focus on optimizing the selection
and design of vegetation indices, a key component in EO analysis and
modeling.
We benchmark our explainability objectives across multiple datasets,

covering a range of tasks in EO. We particularly focus on multi-modal
datasets, commonly used in EO, to mitigate the research gap regarding
the explanation of complex multi-modal networks. The results demon-
strate that our approach effectively explains the models by verifying
that the model reasoning aligns with expert knowledge. Additionally,
our experiments on vegetation indices and the optimization of models
through feature reduction yielded promising results, and contributed to
enhanced overall model performance and interpretability.
Overall, this thesis provides a thorough examination of the inter-

pretability of MLmodels under complexmodeling scenarios. It leverages
various explainability tools and objectives to justify model predictions
and improve the modeling strategy and performance. This work con-
tributes an important building block towardsmore transparent and better
performing ML models designed for EO applications.
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Introduction 1
1.1 MOTIVATION

1.1.1 Important role of Machine Learning in Earth Observation

As of May 1st, 2025, more than 8,000 active satellites are orbiting Earth Abundance of
satellites and satellite
data

across low, medium and geosynchronous orbits, as reported by the satel-
lites tracking website Orbit Now 1. Approximately 90% of these satellites
are designed for communications and Earth Observation (EO)missions 2.
EO satellites continuously collect and store large amounts of data, much
of which is transmitted to ground servers for downstream tasks such
as weather forecasting, agricultural monitoring, urban planning, and
environmental change tracking. While commercial and military satellite
data are typically restricted from public use or available only through
commercial licensing, government-operated and open-data satellites are
made fully open-access, serving as invaluable resources for interdisci-
plinary research. However, satellite imagery is far more complex than
ordinary photographs taken with our personal cameras, due to factors
such as spectral resolution, radiometric calibration, and atmospheric
interference.
The diversity and large volume of Remote Sensing (RS) data neces- Machine-based

processing of satellite
data

sitates machine-based processing. Machine Learning (ML) and Deep
Learning (DL) techniques have been increasingly used in recent years
to optimize the processing of satellite-derived data and enhance model
performance for various downstream tasks [312]. This synergy is a
perfect match: while ML thrives on large datasets, RS is inherently data-
abundant. The continuous growing research in computer vision and
natural language processing is inspiring practitioners in RS and EO, en-
couraging the development of methods to maximize the potential of the
available satellite-derived data.

1.1.2 Interpretability between Classical ML and Advanced DL

DL has a history of impressive achievements in the last two decades, Impressive
performance of deep
learning

spanning computer vision, reinforcement learning, generative models,
and the ongoing rise of large language models. And yet, we might just
be scratching the surface of the wonders DL can achieve. The potential of
DL has also attracted researchers in RS, eager to claim their share of the
cake. As the unique characteristics of satellite data raise new challenges
for modeling tasks, deep networks is being leveraged to address these
scientific challenges.
Despite their glamorous history of breaking records in model perfor- Lack of interpretability

in deep networks
1https://orbit.ing-now.com/
2https://www.ucs.org/resources/satellite-database
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mance, sometimes even beyond human-level accuracy, deep networks
are often complex architectures that behave like black boxes. Their depth,
width, and perplexing structures operate at a high level of abstraction.
It is no longer easily possible for humans to track the reasoning process
and patterns learned by the model. The complexity of deep networks
has enabled significant gains in prediction accuracy, yet it often comes at
the cost of model transparency and interpretability.

To illustrate the interpretability gap between classical ML models andExamples of
interpretable ML

models
deep networks in DL, let us consider some models generally recognized
as easily understandable [141, 88, 116]. Linear regression models learn
weights that directly indicate how much each feature contributes, pos-
itively or negatively, to the prediction. A decision tree has a graphical
structure and typically uses only a subset of the input features (rather
than all). These aspects, among other, provides both a global understand-
ing of the tree, by examining the splitting rules it has learned, and a local
explanation of individual predictions, by tracing the path and rules a
sample follows to reach its prediction leaf. A linear support vector machine
(SVM) can be interpreted through its decision boundary, represented by
a hyperplane in the feature space. The hyperplane’s weights reflect the
significance of each feature in class separation, while the support vectors
(i.e. data points closest to the decision boundary) offer a clear visual
justification for the placement of this hyperplane.

In contrast, increasing the network’s depth and/or complexity progres-Decrease of
interpretability in

more complex models
sively challenges interpretability. Random forests (RFs) combine multiple
decision trees and aggregate their predictions, averaging them for regres-
sion tasks or taking the majority vote for classification tasks. Interpreting
each tree and understanding how they collectively contribute to predic-
tions becomes increasingly difficult as the number of sub-trees grows.
Kernel-based SVMs, which map input samples into a new space (i.e. the
kernel space) to define the decision boundary, also reduce interpretability
by introducing non-linearities between the input and boundary spaces.
Multilayer perceptrons (MLPs), which behave like linear regressors when
containing only a single layer, quickly lose interpretability as the number
of layers (depth) and neurons (width) increases, compounded by the
non-linear activation functions applied between layers. Similarly, neural
networks extendMLPswith complex architectures composed of intricately
entangled blocks, further intensifying the interpretability challenge.
If model performance improves, why should we still be concerned

about interpretability? There are indeed several reasons to strive for a
fair balance between performance and interpretability. In practice, DLWhy care about

interpretability
alongside accuracy?

models are trained to be deployed in larger systems for a wide range of
applications. During the deployment phase, new data samples are fed
to the model, and its capacity to generalize to this new data is crucial
to ensure that the model maintains similar performance to what was
achieved on the training samples. A key factor contributing to themodel’s
generalizability is the correctness of the reasoning process it has learned
to map inputs to their corresponding outputs. Interpreting the model
allows us to verify whether this reasoning process aligns with domain
knowledge or common sense. When combinedwith performancemetrics,
interpretability ensures that the model is making the right decisions for
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the right reasons. If inconsistencies with domain knowledge are found,
this suggests that the model is susceptible to failure when processing
new, unseen data. It also provides valuable feedback forML practitioners
to refine the model, ensuring that its reasoning is more robust and in
line with the correct understanding required for the task.
Interpretability is also essential for the end user of the Artificial In- The end-user right for

a justificationtelligence (AI) system: users should be able to request justifications
for model predictions at any time. Black-box models, by nature, fail to
provide such justifications. On the other hand, interpretability ensures
that the model can meet these requests and comply with legal require-
ments. In fact, the European AI Act, effective as of August 2024, took
years of preparation to establish a regulatory framework to protect the
constitutional and fundamental rights of European citizens with respect
to AI systems. The first clause in Article 86: Right to Explanation of
Individual Decision-Making states:„ Any affected person subject to a decision which is taken by the

deployer on the basis of the output from a high-risk AI system [...]
shall have the right to obtain from the deployer clear and meaningful
explanations of the role of the AI system in the decision-making

procedure and the main elements of the decision taken.

1.1.3 Role of Interpretability in Earth Observation

While high-risk systems are particularly subject to strict regulations to en- Critical applications
in Earth Observationsure a safe, ethical and trustworthy deployment and usage of AI, RS data

is also essentially used in a range of critical applications. Governments
use satellite data for border surveillance and to monitor activities in con-
flict zones, such as illegal fishing or mining. Environmental monitoring
also benefits greatly from RS data, enabling the detection of oil spills in
oceans, tracking extreme weather events like heatwaves and droughts,
andmanaging natural disasters, including floods, earthquakes, and wild-
fires. By identifying and monitoring these events, satellite-derived data
helps coordinate relief efforts and supports decision-making in response
to crises.

Agriculture is another domainwhere RS data plays a crucial role. Satel-
lite data helps track threats to crop yields from factors such as droughts,
floods, and outbreaks of disease and pests. It also assists in monitoring
crop types and quantifying agricultural production, enabling better plan-
ning for resource allocation, export and import strategies, and market
stabilization. Most importantly, RS data supports efforts to ensure food
security —an issue of growing global concern, as highlighted by its sec-
ond rank in the Sustainable Development Goals (SGDs):„ Sustainable Development Goal 2

End hunger, achieve food security and improved nutrition and
promote sustainable agriculture.
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1.1.4 Limitations of Existing Explainability Techniques

EXplainable AI (XAI) research has seen exponential growth in the past
two decades. The methods developed have primarily focused on com-Explainability

between computer
vision and earth
observation tasks

puter vision and natural language tasks, often involving Red-Green-Blue
(RGB) images and sequential textual data, which are typically processed
by unimodal models (i.e., models that handle a single input modality).
However, transferring these methods to RS presents multiple challenges
due to the unique characteristics of satellite-derived data. Satellite im-
agery differs significantly fromnatural images in terms of spectral, spatial,
and temporal resolutions, making it distinct from typical computer vision
benchmark datasets. Moreover, the satellite-derived data is inherently
mutlimodal and frequently necessitate advanced data fusion techniques
and sophisticated model architectures. These distinctive aspects make it
challenging to directly transfer existing interpretability and explainability
techniques from traditional domains to EO applications.
This thesis aims to bridge the gap between the existing literature on

interpretable DL and RS applications. We evaluate and adapt existing
methods to meet the complex requirements and modeling challenges
posed by satellite-derived data. In an effort to close the ML loop, we
also explore how the outcomes of these explanations can be leveraged to
improve feature engineering and enhance modeling strategies.

1.2 RESEARCH QUESTION

The main objective of this thesis is to enhance the interpretability of deep
networks deployed for EO applications. Building upon the existing body
of research in XAI and the wide range of interpretability tools it offers,
this work addresses the following main research question:

How can the interpretability of deep networks
be enhanced for EO applications?

To answer this question, we consider two main objectives of model
interpretability:

1. Justification: Model interpretations provide both local and global
explanations. Local explanations address individual predictions,
offering insight into why a specific decision was made. Global
explanations, on the other hand, uncovers the overall functioning
of the model. Both levels facilitate the justification of the model
behavior, enabling the validation of its reasoning process, and
upholding the right to explanation for end users.

2. Improvement: In an attempt to close the loop between the data pro-
cessing, modeling, and interpreting stages, explanation outcomes
can be harnessed to support the two initial steps, enhancing the
feature engineering and modeling strategies.
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In this context, and within the framework of the two interpretability
goals described above, we address the main research question through
the following three sub-questions and their corresponding objectives:

1. Question: How can existing interpretability techniques explain
ML models designed for EO?
Goals: Evaluate existing techniques on EO models. Identify and
apply a reliable method to justify the model predictions. Validate
the model’s reasoning process against domain knowledge.

2. Question: Can the multimodal nature of RS data be leveraged for
model interpretability?
Goals: Adjust existing techniques for multimodal learning scenar-
ios. Design new methods for intrinsic interpretation. Leverage
multi-task learning to justify model predictions.

3. Question: How can explanation results contribute to improving
the data processing and modeling phase?
Goal: Identify necessary and sufficient features and modalities to
optimize the size of the input space and preserve model perfor-
mance. Use explanation results to efficiently select satellite-derived
indices for the EO task under study.

1.3 CONTRIBUTIONS

This thesis is mainly contributing to the interpretability of ML models
designed for EO applications. Our research acknowledges the unique
characteristics of RS data and their influence on modeling strategies.
Accordingly, we progressively integrate interpretability tools into this
context, adapting them to align with the specific requirements of RS data
while enhancing their utility for EO tasks. Below, we outline the key
contributions of this thesis:

• We systematically review the existing body of literature explaining
ML models across different EO applications. We analyse leading
trends in the usage of explainability techniques among EO practition-
ers, and identify key methodological limitations. This work has been
published in:

: Höhl, A., Obadic, I., Torres, M.Á.F.,Najjar, H., Oliveira, D.,
Akata, Z., Dengel, A. and Zhu, X.X. "Opening the Black Box: A
systematic review on explainable artificial intelligence in remote
sensing". In IEEE Geoscience and Remote Sensing Magazine. 2024.
: Günther, A., Najjar, H., & Dengel, A. "Explainable Multi-
Modal Learning in Remote Sensing: Challenges and Future
Directions". In IEEE Geoscience and Remote Sensing Letters. 2024.

• We evaluate existing interpretability tools on a challenging RS task, fo-
cusing on feature attribution methods. A diverse set of techniques is
selected and applied to the crop yield prediction task, including mul-
tiple input modalities. Both qualitative and quantitative evaluations
are conducted, with the best-performing method used to explain the
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model’s reasoning and validate it against expert knowledge from the
agronomic domain. This work has been published in:

: Najjar, H., Helber, P., Bischke, B., Habelitz, P., Sanchez, C.,
Mena, F., Miranda, M., Pathak, D., Siddamsetty, J., Arenas, D.,
Vollmer, M., Charfuelan, M., Nuske, M., & Dengel A. "Feature
Attribution Methods for Multivariate Time-Series Explainability
in Remote Sensing". In IGARSS 2023-2023 IEEE International
Geoscience and Remote Sensing Symposium. IEEE. California, USA,
2023, pp. 5014-5017.
: Najjar, H., Miranda, M., Nuske, M., Roscher, R., & Dengel, A.
"Explainability of Sub-Field Level Crop Yield Prediction using
Remote Sensing". In IEEE Journal of Selected Topics in Applied
Earth Observations and Remote Sensing. 2025.

• We increase the model complexity by transitioning from early modal-
ity fusion to an intermediate fusion approach, allowing more efficient
encoding of each modality. Given the limited focus on interpretabil-
ity within multimodal learning frameworks in existing literature, we
propose adaptations of existing explainability techniques for this task
and conduct extensive experiments to evaluate their performance.
This work has been published in:

: Mena, F., Pathak, D.,Najjar, H., Sanchez, C., Helber, P., Bis-
chke, B., Habelitz, P., Miranda, M., Siddamsetty, J., Nuske, M.
and Charfuelan, M. "Adaptive fusion of multi-modal remote
sensing data for optimal sub-field crop yield prediction". In
Remote Sensing of Environment. 2025.
: Najjar, H., Pathak, D., Nuske, M., & Dengel, A. "Intrinsic Ex-
plainability of Multimodal Learning for Crop Yield Prediction".
In Computers and Electronics in Agriculture. [under review]

• We leverage the availability of various modalities in typical RS ap-
plications to explore the multi-task learning framework. We use
additional input modalities as auxiliary task, and leverage this setup
to explain themain task. Specifically, we show how the predictions on
the main task can be explained through the auxiliary tasks, revealing
the model behavior as influenced by the complementary variables it
predicts. This work has been published in:

: Najjar, H., Alshbib, B., & Dengel, A. "Can Multitask Learn-
ing Enhance Model Intrinsic Interpretability?". In Joint Euro-
pean Conference on Machine Learning and Knowledge Discovery in
Databases. [under review]

• We bridge the gap between data preparation and model interpreta-
tion by exploiting explanation results to refine the feature engineering
process. Because of the several satellite-derived modalities usually
used and the large number of features they include, we use the feature
attribution results to iteratively identify a sufficient and necessary set
of features. The framework proposed achieves an optimized defini-
tion of the input space while maintaining a good model performance.
This work has been published in:
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: Najjar, H., Nuske, M., Dengel, A. "Data-Centric Machine
Learning for Earth Observation: Necessary and Sufficient Fea-
tures". InMachine Learning and Principles and Practice of Knowledge
Discovery in Databases - International Workshops of ECML PKDD.
Cham: Springer Nature Switzerland. Vilnius, Lithuania, 2024.

• We address RS applications that often rely exclusively on indices for
modeling. Leveraging explanation results, we guide the selection
of appropriate variables from the extensive library of indices in the
literature. This approach improves both model performance and the
interpretability of the input space. This work has been published in:

: Najjar, H., Mena, F., Nuske, M., & Dengel, A. "Xai-Guided
Enhancement of Vegetation Indices for Crop Mapping". In
IGARSS 2024-2024 IEEE International Geoscience and Remote Sens-
ing Symposium. IEEE. Athens, Greece, 2024, pp. 4140-4144.

1.4 THESIS STRUCTURE

Following the previously introduced motivation (Section 1.1), research
questions (Section 1.2), and contributions of the thesis (Section 1.3),
we will elaborate on the background of this work in the next chapter.
Specifically, it describes the role of AI and ML in EO, examines the
value of XAI for EO applications, introduces explainability objectives
and feature attribution techniques, and presents current trends in the
usage of explainability techniques among EO practitioners along with
key methodological limitations.

The remaining chapters of the thesis are divided into two main parts,
which align with the two main objectives of model interpretability which
we will address: justification and improvement.

Part II - XAI for Justification
Chapter 3 evaluate existing interpretability tools on the task of crop yield
prediction, focusing on feature attribution methods and multimodal
learning networks. Post-hoc methods are investigated in Section 3.2,
under the early fusion setup of the input modalities. Ante-hoc (intrinsic)
techniques are explored in Section 3.3, within an intermediate fusion
framework.
Chapter 4 investigates the application of multi-task learning in RS by
exploiting the inherent availability of multiple data modalities. The addi-
tional input modalities are used as auxiliary tasks to enhance the primary
task performance and provide intrinsic model interpretability.

Part III - XAI for Improvement
Chapter 5 bridges the gap between data preparation and model interpre-
tation by employing explanation results to refine the feature engineering
process. Feature attribution results are used to iteratively identify a suffi-
cient and necessary set of features to optimize both model accuracy and
input space efficiency.
Chapter 6 introduces an explanation-driven framework for optimizing
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vegetation index selection in RS applications. The framework uses feature
attribution results to identify the most informative indices from existing
literature.

The thesis is concluded in Part IV with an overall summary and future
work.
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Background 2
2.1 ARTIFICIAL INTELLIGENCE FOR EARTH OBSERVATION

2.1.1 Earth Observation Data

Satellites are launched for a variety of missions, including communica- Satellite missions
tions, earth surface observation, navigation, space science, and technol-
ogy development [167, 297, 93]. Specifically, EO satellites are designed
to monitor and collect data about the Earth’s surface, atmosphere, and
oceans, serving applications in environmental management, agricul-
ture, meteorology, and security. Notable EO missions include Landsat,
MODIS, Copernicus Sentinel, and TerraSAR-X [34].

We can distinguish between twomain types of sensors used in EO satel-
lites: passive and active. Passive sensors measure the energy reflected Passive sensors
or emitted by the Earth’s surface: optical and infrared sensors detect
reflected sunlight, while thermal infrared sensors measure the Earth’s
emitted thermal radiation. Active satellites, such as RAdio Detection Active sensors
And Ranging (RADAR) and Light Detection And Ranging (LiDAR),
emit their own signals and then record the reflected signals to capture
data about the Earth’s surface. These sensors are not dependent on natu-
ral light and can capture information even in dark or cloudy conditions,
making them particularly useful in such challenging environments. In
the following, we describe the main characteristics of the data captured
by each type of sensors:

Spectral resolution. The wavelength range of passive satellites typically Passive satellites
extends from the visible and near-infrared regions to the Short-Wave In-
fraRed (SWIR). Depending on the number of spectral bands used during
the imaging process, we distinguish between three main categories of Spectral categories
passive satellites: panchromatic, with a single broad spectral band, multi-
spectral, with few spectral bands within narrow wavelength ranges, and
hyperspectral, which captures 100 or more contiguous bands for precise
spectrum information. In contrast, active satellites have typically a lim- Active satellites
ited spectral resolution, which consists of characteristics of the emitted
and reflected signals rather than a range of wavelengths.

Spatial resolution. Passive satellites have a wide range of spatial reso- Passive satellites
lutions specific to their missions. For instance, Landsat has moderate
spatial resolution at 30 meters, Sentinel-2 achieves better resolution, cap-
turing some bands at 10 meters, while higher-resolution systems like
WorldView-3 can offer very fine spatial resolution, up to 31 cm [93]. Ac-
tive satellites also vary in spatial resolution based on sensor power and Active satellites
mission objectives: synthetic aperture radar (SAR) satellites like Sentinel-
1 generally have spatial resolutions between 10–20 meters, while LiDAR
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systems onboard satellites often deliver resolutions in the meter range,
with some exceptional satellites, such as ICESat-2, which can achieve
highly detailed vertical precision of up to 2 centimeters for elevation data
[298].

Temporal resolution. Defined as the frequency of revisiting the same
geolocation, the temporal resolution of passive satellites is influenced byPassive satellites
their orbit, which must be sun-synchronous to ensure consistent lighting
conditions, and the width of their sensor’s field of view. For instance,
Landsat has a 16-days revisit cycle because of its narrow width of 185km.
MODIS, in contrast, ensures a daily global coverage thanks to its very
wide 2,330 kmwidth but at low spatial resolution. Sentinel-2 is composed
of two satellites working in tandem to optimize its revisiting frequency,
which reaches 5-days at the equator, with a 290 km swath width [252].
Active satellites, independent of sunlight, can achieve higher temporalActive satellites
resolutions. Certain missions can even offer revisit intervals as short as
1–3 days in areas of interest, defined as high priority zone.

2.1.2 Earth Observation for Agriculture

Satellite data find applications across diverse fields, including weather
forecasting, environmental monitoring, agriculture, urban planning, and
defense surveillance. Particularly in agriculture, RS data hold great po-RS for Agriculture
tential to transform agricultural practices and support decision-making
processes for various stakeholders, including farmers, agribusinesses,
and organizations involved in the agricultural sector [148, 326]. Along-Smart farming
side AI and other complementary technologies in robotics, RS data plays
a central role in smart farming, which aims at enhancing the efficacy and
profitability of crop production while minimizing inputs in energy and
agrochemicals [143]. Among the many agricultural activities supported
by satellite data, crop identification and crop production are particularly
prominent and are discussed in detail below.

Crop identification, also known as crop classification or crop map-Nomenclature
ping, enables the generation of agricultural maps on regional and larger
scales, facilitating efficient crop management. Reliable and up-to-dateGoals and applications
crop maps play an essential role in guiding resource allocation efforts.
They support balancing water availability with irrigation schemes, adapt-
ing crops to climate change, ensuring crop varieties meet market demand,
monitoring land use changes over time, and promoting sustainable prac-
tices through crop rotations and intercropping, among other strategies
[9]. The task of crop classification can be conducted using both activeSatellite types used for

crop classification and passive satellites. For instance, SAR data help identify characteristics
of the canopy structure, soil surface and water content, while optical
satellites are more reliable for capturing spectral properties such as pig-
ments, flower colouring and Near-InfraRed (NIR) reflectance strength
[237]. These complementary properties enable AI systems to effectively
distinguish and classify crop types.

Crop production, also known as yield estimation or yield prediction,Nomenclature
is the task of estimating the amount of crop in tons per hectare (t/ha).
Depending on the inputs, this task predicts either the potential futureTypes of target values
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yield, defined as the maximum yield achievable under optimal and con-
trolled conditions for a specific crop cultivar, or the actual harvested
yield at the end of the growth season. On one hand, forecasts of crop Yield forecast
yield can support local efforts to enhance agricultural profitability and
inform regional strategies. This can be achieved by comparing estimated
yields with current and future demands, subsequently adjusting import
and export plans, informing market strategies, and contributing to in-
ternational efforts for ensuring global food security. On the other hand,
post-harvest yield estimates play a key role in completing historical yield Post-harvest yield

predictionrecords and addressing potential data gaps. For example, such yield
estimates are particularly valuable for government agencies such as the
United States Department of Agriculture (USDA) and Eurostat, as well
as organizations like the Food and Agriculture Organization (FAO), to
publish agricultural yield data at regional and national levels. Addition-
ally, universities with agricultural research programs rely on historical
yield records to assess the impact of weather and other factors on crop
yields. Satellite data providers also benefit from such yield estimates,
as they can incorporate them into agricultural data offerings alongside
primary satellite imagery.

Table 2.1 summarizes the features extracted from various satellite
missions and highlights their applications in the crop identification and
yield prediction literature.

2.1.3 From Classical to Advanced Machine Learning

As early as in the 1960s, the first computer-based processing systems for Computer-based
processingRS applications emerged [175, 92]. Building on these early implementa-

tions, researchers explored in detail the potential of this field, discussing
prospective uses and applications of AI in RS [174, 78]. In practice, the
earliest machine-based systems applied in this domain were rule-based Expert systems
systems, manually configured by experts based on domain knowledge,
commonly referred to as expert systems [114, 339, 159, 303]. Subsequently,
various traditional ML models were adopted. Among these were k- Traditional ML
nearest neighbors (k-NNs) [305, 250, 83], decision trees (DTs) [216, 121,
90, 56], maximum likelihood [216, 121, 90],mostly used for classification
tasks, and linear regressors [89, 247, 193, 54, 28, 152] and regression trees
[214, 223, 57, 180], primarily for regression tasks. To address the chal-
lenges posed by high-dimensional satellite data, such as hyperspectral Neural networks
imagery, and to better model complex, nonlinear relationships, neural
networks (NNs) became widely used [128, 327, 70, 25, 18, 265], followed
by the SVMs from the late 1990s onwards [242, 20, 61, 37, 38]. Support vector

machinesOn account of the increasing availability of satellite data and advance-
ments in algorithms, novel techniques were adopted in the 2000s. No-
tably, ensemble-based approaches gained significant attention in EO Ensemble-based

modelingapplications, due to their robustness in handling noise and mitigating
overfitting issues [40, 41, 104]. Prominent methods included bagging
[36, 40, 107], boosting [36, 40, 107, 23, 41, 325], and RFs [239, 107, 177, 41,
325]. Other specialized models were also designed to address specific Specialized models
tasks, including target detection [264, 292, 185], change monitoring [197,
322, 153], and anomaly detection [172, 24, 71].

2.1 Artificial Intelligence for Earth Observation 13



Ta
b.

2.
1.

:
Sa

tel
lit
em

iss
io
ns

us
ed

in
cr
op

m
ap

pi
ng

an
d
yi
eld

es
tim

at
io
n.

(T
he

lis
ti
n
no

te
xh

au
sti

ve
.)

Se
ns

or
M

iss
io
ns

Ag
ric

ul
tu
ra
lT

as
k

Sa
te
lli
te
-d
er
iv
ed

fe
at
ur

es
St
ud

y
O
pt
ica

l
La

nd
sa
t-5

-7
-8

Co
rn
/s
oy

be
an

cr
op

m
ap

pi
ng

N
IR

,S
W

IR
1,

SW
IR

2b
an

ds
an

d
GC

VI
in
de

x
Cl

av
er
ie

et
al.

[5
1]

La
nd

sa
t-8

Co
tto

n
yi
eld

pr
ed

ict
io
n

N
DV

I,
SR

,N
IR

,G
re
en

-N
DV

I,
GI

,W
I,
an

d
SB

I
H
ag

hv
er
di

et
al.

[1
19

]
M
OD

IS
So

yb
ea
ns

/s
tra

w
be

rri
es

yi
eld

pr
ed

ict
io
n

su
rfa

ce
re
fle

cta
nc

ea
nd

lan
d
su

rfa
ce

tem
pe

ra
tu
re

Ga
stl

ie
ta

l.[
99

]

Se
nt
in
el-

2
Ri
ce

yi
eld

pr
ed

ict
io
n

sp
ec
tra

lb
an

ds
an

d
clo

ud
m
as
k

So
n
et

al.
[2
79

]
Se

nt
in
el-

2
Co

rn
yi
eld

pr
ed

ict
io
n

vi
sib

le
(B

2,B
3,B

4)
,n

ea
ri
nf
ra
re
d
(B

8)
,r
ed

-e
dg

e(
B5

,B
6,B

7)
an

d
sh

or
tw

av
ei

nf
ra
re
d
(B

11
,B
12
)b

an
ds

,a
nd

Gr
ee
n-
N
DV

I,
N
DR

E,
an

d
N
DW

Ii
nd

ice
s

De
slo

ire
se

ta
l.[

59
]

Se
nt
in
el-

2
Cr

op
m
ap

pi
ng

vi
sib

le
(B

2,B
3,B

4)
,n

ea
ri
nf
ra
re
d(

B8
)b

an
ds

an
dN

DV
Iin

de
x

Be
lg
iu

an
d
Cs

ill
ik

[2
7]

Pl
éia

de
s

W
in
te
r
ce
re
als

/
oi
lse

ed
ra
pe

cr
op

m
ap

pi
ng

vi
sib

le
an

d
ne

ar
in
fra

re
d
ba

nd
s

Va
ud

ou
re

ta
l.[

31
7]

W
or
ld
Vi
ew

-2
W

he
at

yi
eld

pr
ed

ict
io
n

8-
ba

nd
m
ul
tis

pe
ctr

al
an

d
ap

an
ch

ro
m
at
ic
im

ag
es

Ta
tta

ris
et

al.
[2
96

]
SA

R/
Li
-

DA
R

Te
rra

SA
R-
X,

RA
DA

RS
AT

-2
Co

rn
/s
oy

be
an

cr
op

m
ap

pi
ng

lin
ea
rp

ol
ar
iza

tio
ns

(H
H
,V

V,
VH

/H
V)

M
cN

air
n
et

al.
[2
08

]

AL
OS

/P
OL

SA
R

Cr
op

m
ap

pi
ng

of
be

an
s,
be

ets
,

gr
as
se
s,

m
aiz

e,
po

ta
to

an
d

w
he

at

H
H

po
lar

iza
tio

ns
So

no
be

et
al.

[2
80

]

Se
nt
in
el-

1A
Co

rn
/s
oy

be
an

/w
he

at
yi
eld

pr
ed

ict
io
n

VH
,V

V,
VH

/V
V,

an
d
ra
da

ri
nd

ice
s

H
as
he

m
ie

ta
l.[

12
2]

Ra
da

rs
at
-2

Ri
ce

yi
eld

pr
ed

ict
io
n

H
H
,H

V
po

lar
iza

tio
ns

Zh
an

ge
ta

l.[
34

6]



The 2010s marked a paradigm shift with the rise of DL, which trans-Deep learning
formed conventional image processing approaches, particularly through
the adoption of convolutional neural networks (CNNs). Although firstConvolutional neural

networks introduced in 1989 [178], CNNs gained widespread recognition in 2012
with the AlexNet architecture [169]. These networks significantly opti-
mized the feature engineering techniques by efficiently extracting fea-
tures from raw data, overcoming the requirement of domain expertise for
manual feature design [184]. In RS, CNNs were applied to various tasks
such as land cover classification [266, 171, 137, 342], object/cloud detec-
tion [49, 58, 273, 270, 335], and image segmentation [157, 48, 291, 235].
Temporal data was also blessed by the introduction of recurrent neuralRecurrent neural

networks networks (RNNs), which proved particularly effective for forecasting
tasks in weather prediction [263, 274, 6], agriculture monitoring [334,
207, 103], and object/cloud detection [49, 58, 273, 335, 270] tasks. The
adoption of transfer learning further enhanced RS tasks by leveragingTransfer learning
models pre-trained on different geographical regions or general-purpose
computer vision tasks. This approach improved model performance
and mitigated limitations in labeled satellite data [323, 262, 245, 206, 338,
347].
Since the late 2010s until now, advancements in DL have been in- Unsupervised

learning,
Transformers,
Generative AI

creasingly applied to EO applications, with a focus on addressing chal-
lenges such as reducing reliance on labeled data through semi- and
self-supervised learning [135, 133, 156, 182, 319, 324], analyzing long
time series with Transformer models [44, 43, 80, 343, 205, 64], and using
generative models for certain tasks, including image translation [313,
183, 166], multisensor data fusion [45, 331, 66] and spatial resolution
enhancement [149, 309, 310].

2.1.4 Multimodal Learning

The diverse types of sensors launched into space over recent decades
collect data that vary significantly in their characteristics. As a result, in Satellite data diversity
practice, data frommultiple sources are used together to achieve a specific
task. Within the context of ML, the field of multimodal learning focuses Multimodal learning
on optimizing architectural design and computational approaches to
facilitate the fusion of multiple modalities, thereby enhancing model
performance. In this thesis, the term multimodal learning refers to any
learning process that integrates data from multiple sources, combining
them at some stage to produce final predictions. For EO tasks, these
modalities may consist exclusively of satellite-derived data or may also
include metadata or in-situ sensing data relevant to the task. Neverthe-
less, surface reflectance remains themost commonly used type of satellite
data in multimodal learning, often complemented by SAR data [212].
We distinguish between four primary types of multimodal learning Fusion types

techniques based on the stage at which the fusion of different modali-
ties occurs: early, intermediate, late, and hybrid fusion. In early fusion,
the modalities are combined before being supplied to the ML model. Early fusion
For spatial and/or temporal data, this approach may require additional
pre-processing steps to align the spatial and temporal resolutions of the
modalities. However, models originally designed for a single modal-
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ity can often be applied directly in this context, and typically require
minimal to no modifications. In intermediate fusion, the modalities areIntermediate fusion
initially processed individually by separate networks, commonly referred
to as encoders, and are often projected into a shared representation space.
These representations are then combined and processed by an additional
network, referred to as the task head. The intermediate fusion can be
implemented using various techniques, including simple concatenation,
weighted average, element-wise product, maximum pooling, attention-
based mechanisms, or gated mechanism [321, 15, 212]. In late fusion,
the modalities are also processed independently, but their respectiveLate fusion
encoders are trained directly on the target outputs. The individual pre-
dictions are subsequently combined to produce the final output using
techniques such as maximum pooling, majority voting, or weighted av-
eraging [321]. Additionally, uncertainty estimation can be employed to
prioritize the most confident predictions [120, 332]. Finally, the hybrid
fusion integrates elements of the aforementioned fusion strategies. ForHybrid fusion
instance, modalities can be processed using a two-branch architecture,
where one branch employs early fusion while the other follows an in-
termediate fusion approach. The outputs of these branches are then
combined using techniques from the late fusion paradigm to produce
the final prediction.
While all the aforementioned fusion techniques have been applied inComparison of fusion

techniques RS, there is no general consensus on a single technique that consistently
delivers superior performance. However, most comparative studies indi-
cate that intermediate fusion generally outperforms early and late fusion.Intermediate fusion

outperformance Among the notable studies supporting this conclusion, [134] investi-
gates two land cover and land use datasets, one combining hyperspectral
data with LiDAR, and another using multispectral and SAR data, [97]
combines satellite imagery form Sentinel-1 and Sentinel-2 missions for
classification and segmentation tasks, [84] integrates optical and SAR
data for deforestation detection, [283] combines arbitrary numbers of
RGB aerial images for urban land use mapping, and [47] investigates
two land cover and land use datasets, one including hyperspectral data
with LiDAR, and another combining multispectral data and elevation
maps.

2.2 EXPLAINABILITY FOR EARTH OBSERVATION

2.2.1 Terminology

Within the domain of transparent AI , numerous terms and notions haveTransparent AI
been introduced in the last decade to define different aspects of solving
algorithmic opacity. Among these, interpretability and explainability areInterpretability &

Explainability frequently cited as key approaches to achieving model transparency. Ta-
ble 2.2 collects certain definitions of the terms transparency, interpretability,
and explainability from the literature, revealing a lack of consensus on
their precise conceptual delineation [52, 285, 281]. In practice, however,
transparency typically refers to the degree of clarity regarding the com-Common usage
ponents and functioning of a model, whereas the terms interpretability
and explainability are often used interchangeably [31, 215]. In this the-
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sis, we adopt the definitions proposed by Palacio et al. [240], following Adopted definitions
their comprehensive review of a large collection of definitions from the
literature:„Definition: An explanation is the process of describing one or

more facts, such that it facilitates the understanding of aspects
related to said facts (by a human consumer).„Definition: Interpretation is the assignment of meaning (to an
explanation).

Accordingly, when a distinction is made in this thesis between both
terms, explanations will refer to the output of the XAI method used (e.g.
feature attributions or heatmaps), while interpretation will refer to the
meaning and insights derived from analyzing the explanation output
and their implications on understanding the model.
Another aspect of the XAI taxonomy is the common distinction be-

tween black-box and white-box models. White-box models, also known as white-box models
transparent or intrinsically interpretable models, "provide their own expla-
nations, which are faithful to what the model actually computes" [258].
These models are often associated with ante-hoc explainability, referring
to the explanation readiness as a component of the model’s design and
nature. In contrast, black-box models are too complex for any human to Black-box models
comprehend. While the model architecture and learning process may
be understood by the modeling engineer, the patterns and reasoning
processes learned by the model remain opaque [258, 72]. In such cases,
we often also talk about post-hoc explainability, referring to explainability
methods applied to opaque models after their design [281]. Among
post-hoc explanation methods, further distinctions are made between
model-agnostic methods and model-specific methods. This difference is Model-agnostic vs.

model-specificrelative to the applicability of the methods, whether they can be ap-
plied to any ML model or are tailored to specific algorithm classes or
architectures.

A further distinction in XAI methodologies concerns the explanatory Local vs. global
explanationsscope, categorized as either local or global. Conventionally, local explana-

tions analyze individual predictions to reveal the rationale behind specific
model decisions, while global explanations seek to elucidate the complete
reasoning framework of the model’s inference process [318, 281, 72].

2.2.2 Explainability Objectives

Within the context of building transparent AI systems, XAI provides
tools to achieve multiple objectives. Researchers and practitioners in the XAI Objectives in

literaturefield have identified and described various goals for model explainability
[123, 3, 68]. In this thesis, we focus on two primary objectives: justification
and improvement.
Justification consists of revealing the reasoning behind a decision XAI for justification

made by the AI model [3]. This objective has been referred to as the
"need for reasoning" by Hassija et al. [123] and "scientific understanding"
by Doshi-Velez and Kim [68]. It primarily benefits end-users who seek to
comprehend the rationale behind specific model outcomes. Justification
methods are typical local explanation methods, explaining individual
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Tab. 2.2.: XAI nomenclature in the literature.

Transparency "clearly describing the model structure, equations, parameter val-
ues, and assumptions to enable interested parties to understand
the model"

[74]

"level to which a system provides information about its internal
workings or structure"

[304]

"the opposite of opacity or blackbox-ness. It connotes some sense
of understanding the mechanism by which the model works."

[188]

"the processes that extract model parameters from training data
and generate labels from testing data can be described and moti-
vated by the approach designer"

[255]

Interpretability “the mapping of an abstract concept (e.g. a predicted class) into
a domain that the human can make sense of.”

[222]

"the extraction of relevant knowledge from a machine-learning
model concerning relationships either contained in data or
learned by the model"

[227]

aims to “present some of the properties of an ML model in terms
understandable to a human”

[255]

Explainability "the collection of features of the interpretable domain, that have
contributed for a given example to produce a decision (e.g. clas-
sification or regression)."

[222]

"level to which a system can provide clarification for the cause of
its decisions/outputs"

[304]

"providing a way to improve the understanding of the user,
whomever they may be."

[52]

"any information that can help the user understand and commu-
nicate why a model exhibits some pattern of decision-making and
how individual decisions come about."

[251]
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predictions. This is because end-users are generally more concerned
with understanding specific cases they encounter rather than the broader
mechanics of the model’s reasoning. Popular techniques for providing Common XAI

methodsjustifications include feature attribution methods, which identify the
input variables or regions of an input image that most influenced the
model’s prediction. Additional methods include counterfactual expla-
nations, which indicate how an input could be modified to achieve a
desired alternative outcome [224, 115].

Improvement represents a golden end-goal inAI andMLdevelopment XAI for improvement
[3]. This objective has also been referred to as the "need for advance-
ment" in [123]. Through the justifications of individual predictions and
the understanding of the general model reasoning, XAI implementation
enables practitioners to identify weaknesses and biases in the model that
may hinder optimal performance. Through the effective use of explana-
tion results, practitioners can adjust both the data processing pipeline
and the modeling stage, and subsequently, enhance the performance of
the AI system. While various explanation techniques can be employed
to achieve this objective, the data-centric paradigm in ML offers a par- Data-centric ML
ticularly robust framework for incorporating explainability insights into
the data preparation stage, to indirectly improve the system outcomes
[202, 256].
Additional XAI objectives have been identified in the literature and Other XAI objectives

achieved in real-word applications. These include the discovery of new
laws in biology, physics, and chemistry [3, 123, 255], the control of model
predictions to ensure safety and reasonable outcomes [3, 68], and the
alignment with fairness and ethical guidelines of AI systems [123, 68].
All these objectives, including the justification and improvement, have Usage in EO
been achieved through XAI for EO applications, as demonstrated by the
examples in Table 2.3.

2.2.3 Feature Attribution Methods

A common approach of model explainability consists of assigning a score Definition
for each feature to quantify its relevance to the model [222]. These scores
can also indicate the degree to which a feature supports or opposes a
predicted label [234, 352], or measure a feature’s saliency, defined as its
capacity to cause a significant response or influence on themodel’s output
[251]. Feature attributions are either global or local: when practitioners Global vs. local

attributionsaim to understand the general relationships present in a dataset and how
these are captured by a model, they rely on dataset-level interpretations
that estimate global feature scores. These scores represent the overall
contribution of individual features to the model’s predictions across
the dataset [227]. In practice, however, practitioners investigate local
explanations, which focus on individual predictions and estimate feature
importance scores specific to the corresponding input sample. Despite
the methodological differences between global and local approaches,
prediction-level (local)methods can be aggregated to derive dataset-level
(global) insights [76, 30, 147]. In this thesis, the term feature attribution
will refer to local explanations, unless otherwise indicated. Feature
attribution methods can be further classified into two primary categories, Mechanism types of

attribution methods
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Tab. 2.3.: Examples of RS studies achieving different objectives of XAI.

Justify [39] Feature attributions are estimated to explain a land use classi-
fication model based on satellite time series. The aim of this
study is to make the model decisions auditable, and align
with the Common Agricultural Policy (CAP).

[161] A human footprint index is estimated using a CNNmodel.
Layer-wise Relevance Propagation (LRP) is subsequently ap-
plied to visualize the relevant features in the satellite input
image, ensuring compliance with existing explainability reg-
ulations and verifying the model’s alignment with domain
knowledge.

[145] An example-based approach is implemented to explain a
satellite image classification task and justify the model’s pre-
dictions. Based on the examples returned by the explanation
method, the end-user can assesswhether the input lies within
the manifold of the training data distribution or not.

Improve [26] Gradient-weighted CAM (Grad-CAM) is applied to explain a
volcanic deformation detectionmodel and identify the causes
of false-positive predictions. The data is then augmented
with targeted scenarios, resulting in an improvement in the
model’s accuracy.

[163] A satellite image classification model is explained by generat-
ing heatmaps atmultiple intermediate layers and aggregating
them. Inconsistent heatmaps across layers are interpreted as
indicators of uncertain explanations. These uncertain results
are reviewed and corrected by an expert supervisor, and the
refined general heatmap is fed back into the model learning
process to improve its performance.

[33] Agradient-based attributionmethod is applied to identify the
most important features for estimating oceanic chlorophyll.
Follow-up experiments demonstrated that using only the
most sensitive bands as inputs to the model outperformed
other baseline models.

Control [259] Saliency method is used to measure temporal importance in
a crop classification task. Comparing results across differ-
ent models facilitated an informed selection of the inference
model based on its ability to rely exclusively on relevant time
steps.

Discover [75] Sensitivity maps are generated to explain a classification
model distinguishing protected areas from anthropogenic
regions. The results are utilized to explore the characteristics
of protected areas and extract scientific insights into defining
the ambiguous concept of wilderness.
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based on the mechanism by which the influence of a feature is estimated:
perturbation-based and backpropagation-based methods.

Perturbation-based methods In order to estimate feature attributions in
a model-agnostic manner, a common approach consists of perturbing the
input features and assessing the impact of these changes on the model’s
prediction. Based on how the perturbation is applied, several methods
have being proposed in the literature. Permutation Importance [35, 86] Permutation

Importancerandomly shuffles the values of a feature across the dataset and mea-
sures the resulting impact on the model’s outcome. The magnitude of
prediction degradation provides an estimate of the feature’s importance.
The Partial Dependence Plot (PDP) [91, 124] visualizes the marginal effect PDP
of a feature on the model’s predictions. By averaging predictions over
all possible values of a feature, the method generates a plot to show
the feature’s influence. PDPs can also extend to combinations of two
or three features, displayed using two- or three-dimensional plots with
a color map to represent model predictions. Unlike PDPs, Individual
Conditional Expectation (ICE) [112] provides local explanations by plot- ICE plots
ting predictions for a single feature value across all samples, with one
curve representing each sample. This setup can however only handle a
single feature per plot. Both PDP and ICE assume feature independence.
To address this limitation, Accumulated Local Effects (ALE) [14] plots ALE plots
evaluate the effect of a feature within small intervals. The method calcu-
lates prediction differences between the interval boundaries and averages
these differences across all data points in the interval. The prediction dif-
ferences are displayed in a plot. ALE is particularly effective in handling
feature dependencies and shows the magnitude and direction of a fea-
ture’s effect. While the aforementioned methods are mainly suitable for
tabular data, Occlusion sensitivity [340] is a perturbation-based method Occlusion sensitivity
suitable for image data. It occludes specific regions of an image (e.g.,
replacing pixel values with gray or black) and measuring the impact on
the model’s predictions. By systematically occluding different regions, a
heatmap can be generated to highlight important elements in the image.
Extensions of this approach modify the occluded patch’s size, shape,
and sampling strategy [349, 181, 87, 353]. Another method similar to
occlusion method, but usually applied on tabular data, is the Shapley val- Shapley values
ues [271], derived from cooperative game theory. This local explanation
method estimates the contribution of each feature to a prediction by com-
puting the marginal contribution of the feature across all possible subsets
of features. While theoretically sound, calculating exact Shapley values
becomes computationally infeasible for datasets with many features due
to the exponential growth in subsets. Sampling-based approximations
are commonly employed to address this limitation [286]. Other solution
derived from a similar concept are proposed in the literature [200, 199,
293, 130].
A subcategory of perturbation-based methods, namely the local ap-

proximation methods, is highlighted in certain studies [251, 132]. Such
techniques explain complex models by training simpler, interpretable
models, such as linear regressors, and using their interpretation to pro-
vide insights into the larger model’s behavior. A well-known variant
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of Shapley values, namely the SHapley Additive exPlanations (SHAP)SHAP
method [200], also referred to as KernelSHAP, decomposes a model’s
prediction into a weighted sum of the input features, where the weights
represent feature attributions. SHAP relies on a perturbation-based ap-
proach to sample input instances and fits a linear model to estimate the
contributions of individual features. Another method which decom-
poses model predictions into additive contributions from input features
is Local Interpretable Model-agnostic Explanation (LIME) [253]. UnlikeLIME
SHAP, LIME samples instances specifically from the local neighborhood
of the input sample in the input space, weighting them based on their
proximity to the input. LIME also offers implementation flexibility to
practitioners, who can choose different types of interpretable models
(e.g., decision trees or sparse linear models) to fit the local neighborhood.
Practitioners can also customize the definition and sampling strategy of
the local neighborhood.

Backpropagation-based methods Another family ofmodel-specificmeth-
ods leverages the internal structure and computation of a model to prop-
agate a signal from the output back to the input and estimate feature
importance scores. Saliency [276] is the most basic form of such meth-Saliency
ods. It computes the gradients of the model’s output with respect to its
input. The resulting gradients indicate how sensitive the prediction is to
changes in each input feature, highlighting both positive and negative
contributions. For classification tasks, this involves evaluating the gra-
dient of each predicted class probability. Input × Gradients (I*G) [275]Input×Gradients
improves upon basic saliency by incorporating the magnitude of the
input features directly into the importance score. It multiplies the input
features element-wise with their corresponding gradients. However, it
shares some of the limitations of saliency, such as sensitivity to noise
in the gradient computation [105] and the saturation problem [294].
Integrated Gradients (IG) [294] addresses these limitations by incorporat-Integrated gradients
ing multiple input values and their gradients. Instead of using a single
gradient, IG accumulates gradients along a path from a user-defined
baseline input (e.g., a zero or neutral input) to the input being explained.
This approach further guarantees certain axioms and desirable proper-
ties in the estimated feature importance. Note that all gradient-based
methods require that the model is differentiable. LRP [21] is another at-LRP
tribution methods based on signal backpropagation, which decomposes
the output prediction into contributions of the individual input features
without using gradients. It propagates the output backward through
the network, adhering to specific conservation rules that ensure the sum
of attributions equals the model output. These rules are adaptable to
different neural network architectures, including convolutional, recur-
rent, and fully connected networks [176, 16, 17, 65, 221]. Class Activation
Mapping (CAM) [348] is another method designed for CNNs with aCAM
specific architecture, where global average pooling is applied at the last
convolutional layer, followed by a linear prediction head. It propagates
the output signal backwards only until the last convolutional layer of
the network, in which the activation maps are weighted and averaged to
generate a heatmap, indicating the regions of the input image most re-
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sponsible for the prediction. To mitigate the limitation of the architecture
of the prediction head, Grad-CAM [267] extends CAM by relying on the Grad-CAM
gradient of the output with respect to the final convolutional layer, using
them to weigh the activation maps and generate visual explanations.
While originally designed for image classification, CAM and Grad-CAM
can also be applied to regression tasks and tabular data.

2.2.4 Implementation in the Literature

Usage and Trends With the increasing adoption of ML and DL in RS, Increasing usage of
XAIthe use of complex models has become more common, driving a cor-

responding rise in the implementation of explainability techniques, as
shown in Figure 2.1. Details of the search query used to generate this
figure are described in Appendix A We conducted an in-depth review
of 207 related papers, published in [132], and the outcome has revealed Systematic review
important trends of the usage of XAI in RS. We summarize the highlights
in the following points:

◦ RS tasks: Approximately 40% of the reviewed papers focus on
three main applications: land cover mapping, agricultural monitor-
ing, and natural hazard monitoring. This observation highlights
the importance of model transparency in the particular context of
land and agricultural activities.

◦ XAI methods: Among the various XAI techniques, SHAP emerges
as themost commonly usedmethod in RS research. We assume this
is attributed to the method’s accessible implementation through
well-documented coding packages and its theoretical grounding
in cooperative game theory, which makes it an easy off-the-shelf
explanation option for most practitioners in this field.

◦ ML models: Due to the imagery nature of satellite data, most
applications use convolutional networks, often paired with model-
specific XAI methods such as CAM and Grad-CAM. Nevertheless,
there are numerous studies which use tabular satellite-derived
data, for which RF are mostly used, along with SHAP attribution
method.

Feature Attribution for Earth Observation Numerous XAI methods pro-
viding feature attributions are originally designed for computer vision
tasks: the features are the input image pixels, and the resulting attribu- Computer vision
tions are visualized as heatmaps, overlaid on the input image. Conse-
quently, it is common to refer to feature attribution techniques as visual-
ization methods [251, 234, 4]. Feature attributions in computer vision Examples in RS
allow practitioners in RS to easily examine image regions that signif-
icantly influence model predictions, enabling them to assess whether
the model’s reasoning is plausible or biased. Vasu and Savakis [315]
applied CAM methods to explain three different CNN architectures on
three benchmark datasets for land cover mapping, two of which included
aerial images. Gawlikowski et al. [100] investigated the effects of haze
and cloud coverage on a scene classification task. Using Grad-CAM, they
explained misclassifications of a model trained on cloud-free satellite
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Fig. 2.1.: Number of publications of ML and XAI in EO.

images when applied to cloudy images. Oveis et al. [238] used LIME to
assist human decision-making in a target recognition model based on
SAR images. They also developed a metric derived from LIME explana-
tions to measure the reliability of model predictions, and demonstrated
its effectiveness in revealing the model’s strengths and weaknesses. Ge
et al. [102] adjusted and applied Grad-CAM across multiple layers of a
convolution-based segmentation network to perform rice area mapping
using SAR images.
While numerous applications in RS typically use satellite imagery as

inputs, certain tasks transform the satellite data into tabular data. ThisTabular data
transformation can occur either by processing images pixel-wise or by
aggregating image data into single scalar values. Additionally, using
time series of satellite data also diverges from the conventional usage of
XAI in computer vision. Overall, the research focus on XAI for tabular
data is relatively limited compared to imagery data [261]. Among RS
applications that explain models trained on tabular data: Al-Najjar etExamples in RS
al. [7] trained RF and SVMmodels for landslide prediction using time
series of SAR features, vegetation indices derived from multispectral
satellite data, and terrain information. They applied the SHAP method
to evaluate feature importance, analyzing the agreements and differences
in the results between RF and SVM. Aydin and Iban [19] similarly used
RF and ensemble-based tree models for flood susceptibility prediction,
and applied SHAP to identify the most important predictive features.
Zhou et al. [351] predicted soil texture using time series of multispectral
satellite images and terrain elevation data with an SVM model. Their
models were applied to data points (i.e., pixels) rather than complete
images, and SHAP was used to identify the features with the greatest
influence on the model predictions. Andresini et al. [12] compared the
performance of RFs, SVMs, and ensemble-based treemodels formapping
insect infestations in European forests usingmultispectral satellite images
processed pixel-wise. They used SHAP to explain each model, and
compared the results across different models.
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Challenges and Limitations Several limitations in the use of XAI within
RS applications have been identified in our systematic review [132].
For instance, while numerous studies employ ensemble or large tree- Large interpretable

modelsbased models as inherently interpretable, the complexity and size of
such models often surpasses the human capacity to directly investigate
their inner-working. Consequently, these studies often fail to provide
a detailed analysis of the interpretations generated by the models. In
other cases, the selection of XAI methods is often neither justified nor Method selection
motivated. Despite the availability of numerous explanation techniques
in the literature, their results do not necessarily align, highlighting the
importance of a reasoned selection process or prior evaluation of different
methods for the specific task at hand. Furthermore, in some cases, it is Causal interpretations
assumed that the explanations imply causal relationships between inputs
and targets. For instance, when a variable in tabular data is assigned
a high importance score, researchers may conclude that the variable is
a significant causal factor for the predicted event. However, identify-
ing cause-and-effect relationships is beyond the scope and capability of
most XAI techniques, which are designed to evaluate the importance
of variables for the model’s predictions rather than for the underlying
phenomena being studied. A related misleading interpretation of the Anecdotal evidence
explanation results is the reliance on anecdotal evidence; a common
evaluation strategy involves selecting (or cherry-picking) individual
examples that appear plausible to practitioners and align with their in-
tuition. However, many researchers argue that relying on unverified
intuition and anecdotal inspection is not a robust method for validating
model explanations [4, 67, 232, 146, 10, 336]. Instead, quantitative evalu-
ation methods are regarded as more reliable for ensuring the correctness
and robustness of explanations.

2.3 SUMMARY

In this chapter, we introduced key concepts that are important for the
understanding of this thesis.

AI in EO Given the inherently data-rich nature of EO, Section 2.1 exam-
ines AI’s role in this domain while tracing the historical evolution of AI
networks - from traditional ML to modern DL approaches - within EO
applications. This section further discusses the crucial role of multimodal
learning for processing diverse RS data modalities.

Explainability in EO In Section 2.2, we highlight the importance of XAI
in EO research, reviewing both current applications and identified limi-
tations from existing literature.

This summary concludes the background of this thesis. Further back-
ground information and related work are reported at within each chapter
for the specific topic that we consider.
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Multimodal Learning 3
3.1 INTRODUCTION

The diversity and accessibility of data in RS have created opportunities
to apply multimodal learning techniques, enhancing model performance
across various EO tasks. However, not all tasks demand high levels of
complexity. For example, in agronomy, some traits can be accurately Agronomic traits

inferred from remote
sensors

predicted from a single sensor and using basic modeling systems. As
highlighted by Weiss et al. [326], agronomic traits such as typological,
physical, chemical, biological, structural, or geometrical properties can be
inferred from remote sensors at varying levels of complexity, as illustrated
in the graph reproduced in Figure 3.1.

Fig. 3.1.: Levels of complexity involved in predicting certain agronomic traits
from remote sensors observations. The driving factors connecting
the data to the target values are represented in colored boxes. Figure
reproduced from [326].

Yield prediction is a complex task influenced by numerous factors and Yield prediction task
interrelated biophysical processes, as shown in Figure 3.1. To address
this challenge, we design in this chapter multimodal networks that incor-
porate multiple data sources for yield prediction, with a particular focus
on explaining the model’s behavior. Specifically, we employ XAI tech-
niques to justify the model’s decisions by analyzing how input features
and modalities contribute to the final predictions.
In Section 3.2, we begin with a straightforward modeling framework Chapter structure

where input modalities are aligned during pre-processing and treated
as a single modality. This setup aligns with standard architectures for
which XAI methods are typically designed, allowing us to evaluate and
compare various post-hoc feature attribution techniques to reveal the
model’s internal reasoning. In Section 3.3, we explore more advanced
modeling architectures employing intermediate fusion techniques, and
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we leverage the components of Transformer-based architectures to intrin-
sically explain the model.
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3.2 POST-HOC EXPLAINABILITY WITH EARLY MODALITY
FUSION

When using multiple modalities as inputs to achieve a specific task, Ease of explainability
under the early fusion
setup

conducting an early fusion (i.e. input fusion) of the modalities signifi-
cantly facilitates the modeling task, given that any network architecture
designed for a single modality becomes applicable. Consequently, expla-
nationmethods originally designed and tested on single-modal networks
can readily be applied as well. Hence, we begin our experiments regard-
ing the explanation of agricultural tasks under the early fusion setup.
Specifically, we apply and evaluate multiple feature attribution meth-
ods, and leverage the results to explain the challenging task of yield
prediction. Given the high resolution of the input data used, we predict
the yield at the pixel-level. Subsequently, we only consider attribution
methods applicable to multivariate time series.

3.2.1 Attribution Methods

Multiple feature attribution methods were presented in the previous
chapter, Section 2.2.3. We select a representative subset for implementa-
tion in this chapter and use Captum package [165] within the PyTorch
modeling framework [13]. Implementation details are described in the
following.

Let X and X̄ be two input samples, each compromising a single or mul-
tiple modalities fused together. We consider that X̄ is a baseline sample,
whose significance and selection criteria we discuss subsequently. Let i

be an input feature, and xi the value of X at this feature. Given a deep
network f , let ŷ = f(X) be the prediction returned by the model, given
X . The goal of the attribution method is to determine the contribution
ai ∈ R of each input feature i of X to the output ŷ. In the following, we
briefly describe the methods used to estimate the contributions ai.

• Occlusion [340] replaces the value of feature xi by its baseline value
x̄i and compute the difference in output, i.e. ai = f(X)−f(X|xi=x̄i

).
• Saliency [276] returns the gradient of the output with respect to

the input feature xi: ai = ∂ŷ
∂xi

.
• I*G [275] multiplies the input feature value by the gradient of the

output with respect to that feature: ai = xi · ∂ŷ
∂xi

.
• IG [294] approximates the integral of gradients of the model’s

output f(X̄ +α(X −X̄)) with respect to the input X along the path
(straight line) from X̄ to X , i.e. α ∈ [0, 1]. The Gauss-Legendre
quadrature rule [113] is used to approximate the integral, using
100 steps, and the outcome is multiplied by the input (X − X̄) [11].

• GradientShap [200] is a gradient method to approximate Shap-
ley values. It adds Gaussian noise, N (0, 1), to each input sample
multiple times, selects a random point along the path between X̄

and X , and computes the gradient of outputs with respect to those
selected random points. The expected (i.e. average) value of 25
gradients is multiplied by (X − X̄).
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• Shapley Value Sampling (SVS) [286] involves taking each per-
mutation of the input features and adding them one-by-one to the
baseline. The output difference after adding each feature corre-
sponds to its contribution, and these differences are averaged over
all permutations to obtain the attribution. This computationally
intensive process is approximated by sampling 50 random permu-
tations and averaging the marginal contribution of features based
on these permutations.

• LIME [253] trains an interpretable surrogate model by sampling 50
points around X in the input space and using model evaluations at
these points to train a simpler surrogatemodel. Themethod returns
coefficients of the linear model as the attribution values. We use a
linear model trained with L1 prior as regularizer (i.e. the Lasso),
setting α = 0.001 to control regularization strength. Input samples
around X are created by adding a Gaussian noise N (0, 0.01) to X

(at non-padded instances). In the training of the surrogate model,
the samples are weighted according to their similarity to the input
X , which we estimate using an exponential kernel based on L2
norm, with a kernel width of 1.1.

• KernelShap uses LIME framework to approximate Shapley values,
as described in [200, 251]. We set the number of samples of the
original model used to train the surrogate interpretable model to
50.

Attribution baselines Most of the attribution methods require a user-What is a baseline
vector? defined baseline vector X̄ , which can serve different purposes: it is used

by LIME, Occlusion, SVS and KernelShap to replace occluded features
at computation time, and it serves as a starting point from which the
integral in IG and the gradients expectation in GradientShap are com-
puted. In this work, we introduce and compare two distinct baselines for
the attribution methods, which we term the padded baseline and the mean
baseline.
The padded baseline essentially entails a vector that is fully paddedPadded baseline

with the −1 value. Such baseline vector is the same for all inputs X .
Note that we generally use the value −1 to represent the absence of data
during periods outside the crop growth season, or at months between
the seeding and harvesting dates where no satellite data is available (e.g.
because of the clouds).

The mean baseline is computed as the mean vector across the entiretyMean baseline
of the dataset. We further adjust this vector to each input X , by matching
the missing time steps padded with -1 in both X and X̄ , in order to
account for the varying presence of missing satellite data at some early
and/or late time steps within each field. In case this adjustment is notWhy adjust the

baseline? applied, wewould expect scenarios where the occluded value stems from
a missing time step, but is substituted with a high value taken from the
mean vector across thewhole dataset. As a result, a substantial value shift
occurs. This can potentially distort predictions in a misleading manner,
implying a high importance of the occluded feature. By adjusting the
mean baseline vector, any absent feature maintains a consistent padding
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value when subjected to occlusion, resulting in its importance remaining
effectively negligible.

Attribution evaluation We use two evaluation metrics to assess the attri-
bution results and compare differentmethods: the sensitivity and infidelity
metrics [336]. Each score assigns a single value for each data sample to
assess the quality of the computed attribution.

More specifically, given X ∈ RN , an attribution function Φ : F ×RN → Infidelity score
RN , and a meaningful perturbation I ∈ RN with a probability measure
µ, the infidelity of the attribution function Φ for input sample X and
prediction function f is defined as:

INFDµ(Φ, f, X) = EI∼µ

[(
IT Φ(f, X) − (f(X) − f(X − I))

)2]
Sensitivity measures the extent of the attribution change when the Sensitivity score

input is slightly perturbed. It is measured usingMonte-Carlo approxima-
tion by sampling points within an Lp-ball neighborhood of X with radius
r > 0. Formally, for a given perturbation radius r ∈ R+, the sensitivity
metric is defined as the maximal normalized difference in attributions:

SENSr(Φ, f, X) = max
∥X′−X∥≤r

∥Φ(f, X ′) − Φ(f, X)∥
∥Φ(f, X)∥

Overall, the two methods quantify the instability of the attribution of Scores interpretation
an input X by perturbing this input into X ′, computing the attribution
of X ′, and comparing both attributions. The sensitivity score evaluates
the degree to which the explanation is affected when the input is slightly
perturbed, while the infidelity score computes the expected difference
between (i) the dot product of the input perturbation to the explanation
vector {ai}, and (ii) the outcome difference between X and X ′.

Temporal & Spectral attributions Since our processing operates pixel-
wise and incorporates temporal modalities, each input sample contains
two key dimensions: spectral (bands) and temporal (time steps). Let B

denote the number of spectral bands and T the number of time steps. For
any given band b ∈ {1, . . . , B} and time step t ∈ {1, . . . , T}, the attribu-
tion value ab,t ∈ R quantifies feature xb,t’s contribution to the prediction
ŷ. The magnitude and sign of ab,t reflect how strongly and in what di-
rection (increasing or decreasing) the feature influences the prediction.
Importantly, these attributions relate specifically to the model’s output
rather than its loss function - thus, while positive attributions indicate
features that increase ŷ, this does not necessarily correlate with improved
model performance. In this chapter, all attribution results systematically Attributions

processinggo through two types of transformations before any further analysis,
unless otherwise is specified. In the first transformation, denoted ǎb,t,
we normalize the attributions for each pixel such that the sum of abso-
lute values across all features equals 1. The second transformation, âb,t,
which we apply in all the remaining analyses, uses the absolute values
from the first operation. This final representation captures the features’
absolute importance to the model’s prediction - precisely the focus of
our investigation:
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ǎb,t = ab,t∑
b

∑
t |ab,t|

, âb,t = |ǎb,t| . (3.1)

In addition, we can evaluate the spectral attribution SA(X)b of band bSpectral & temporal
aggregates and the temporal attribution TA(X)t of time step t by summing up the

transformed attributions along the temporal or spectral dimension:

SA(X)b =
T∑

t=1
âb,t , TA(X)t =

B∑
b=1

âb,t. (3.2)

Furthermore, the importance of a specific band or time step can be
evaluated on the field level by averaging its attribution scores over all
the pixels from that field, and similarly at the dataset level.

3.2.2 Dataset

In this section, we present the datasets used for yield modeling, describ-
ing the corresponding study sites, the processing of the target yield
values and the characteristics of the input modalities used.

Study Sites

We collected agricultural data from different regions in South AmericaCrop farms location
and Europe, as depicted in Figure 3.2. Specifically, we obtained soybean
crop data from two countries: Argentina and Uruguay, involving 10 and
8 different farms, respectively. In Northern Germany, we collected data
of wheat and rapeseed crop fields, all originating from the same 6 farms.
In Argentina, all soybean farms used in our study are situated in the
northern regions, close to Uruguay, while in Germany, rapeseed and
wheat crops are cultivated in the same farms, located in the northwest
and close to the center of the country.

To gain a comprehensive understanding of the climate conditions andClimate & topographic
properties topography in these regions, we rely on theGlobal Agro-Ecological Zones

(GAEZ) model documentation, specifically for insights into land, wa-
ter 1 and agro-climatic 2 resources [85]. All our study regions share a
sub-tropic climate with moderately cool temperatures. The air is humid
in North Argentina and Uruguay, sub-humid without significant soil or
terrain constraints in German fields near the country’s center, and semi-
arid with notable soil and terrain limitations in northern Germany. The
total number of rain days (days with daily precipitation exceeding 1 mm)
varies across these regions. In North Argentina and Uruguay, it ranges
from 100 to 130 rain days, with annual precipitations averaging around
1900mm and 1000-1900mm, respectively. In Northern Germany, the num-
ber of rain days varies between 160 and 220, with annual precipitations
ranging between 500 and 700mm. The length of the growing season is
approximately 200 days in Germany and extends to 300 days in North
Argentina and Uruguay. Note that the annual precipitation values and
growing period lengths are averaged over the period 1981-2010. As for
the topography of the study sites, the median altitude exhibits significant
1https://gaez-services.fao.org/apps/theme-1/.
2https://gaez-services.fao.org/apps/theme-2/.
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Fig. 3.2.: Geolocations of crop fields in South America and Europe: Argentina
(soybean), Uruguay (soybean) and Germany (wheat and rapeseed).
The buffer sizes are large to preserve data confidentiality. Map gener-
ated using OpenStreetMap data [236] and Plotly python package.

variations. In German fields, altitudes range from 40m in the northwest
to around 250m near the country’s center. In Uruguay, altitudes span
from 30m to 200m, while in Argentina, the altitude variation is relatively
smaller, ranging from 30m to 120m.

Yield Data

In our study, we train ML models to predict crop yield using rasterized Yield datasets
yield maps at 10-meter resolution. These data are organized into four
datasets, as outlined in Table 3.1, with individual fields potentially repre-
sented across multiple years when yield data were collected in different
seasons. Uruguay contributes the largest number of soybean fields, fol-
lowed by Argentina and Germany. The variation in typical field sizes
across countries accounts for the disparity between field counts and pixel
numbers.

The yield data is collected by combine harvesters equipped with yield Yield data collection
monitors, which record georeferenced yield measurements (in t/ha) at
high spatial resolution along harvesting paths. We processed these data
by: (1) rasterizing yield points through averaging within 10×10m grid
cells matching satellite image resolution, (2) applying crop-specific yield
thresholds (15 t/ha for soybean, 10 t/ha for rapeseed, 20 t/ha for wheat)
based on agronomic expertise, and (3) removing outliers via the three-
sigma rule (excluding values beyond ±3 standard deviations from the
mean).
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Tab. 3.1.: Overview of the crop yield datasets.

Dataset Region Crop Type Years # Farms # Fields # Pixels
ARG-S Argentina soybean 2017 − 2022 8 190 1.45M
URG-S Uruguay soybean 2018 − 2022 10 572 1.79M
GER-R Germany rapeseed 2016 − 2022 6 111 0.30M
GER-W Germany wheat 2016 − 2022 6 188 0.31M

Input Modalities

We supply the model mainly with multispectral satellite data, from theSatellite data
Sentinel-2 (S2) mission, and conduct additional experiments adding
more modalities to the network. More specifically, we use the entire
spectral signal of S2 Level-2A data and collect all scenes from seeding
to harvesting. The additional scene classification layer (SCL) layer is
used to identify and omit clouded pixels. Spectral bands with lower
resolutions are upsampled to 10m resolution.

Within the spatial boundaries of each field, we further collect weatherAdditional modalities
data derived from the ECMWF Reanalysis (ERA5) [129], soil data from
SoilGrids in 250m resolution, and digital elevation maps (DEMs) data
from NASA’s Shuttle Radar Topography Mission (SRTM) [82] in 30m
resolution. Weather data is aggregated for each day at field level for
minimum, maximum, and mean temperature and total precipitations.
We use eight soil properties, i.e. cation exchange capacity (cec), volumet-
ric fraction of course fragments (cfvo), nitrogen, soil pH (phh2o), sand,
silt, soil organic carbon (soc), and clay, at depth of 0-5, 5-15, and 15-30
cm. For DEM, in addition to the elevation values, we derived the aspect,
curvature, slope and the Topographic Wetness Index (twi).

All data were resampled to 10m resolution via cubic spline interpola-
tion. Table 3.2 summarizes the complete feature set.

3.2.3 Yield Modeling

Modeling setup

Time Series Modeling To process the data pixel-wise, we create a mul-
tivariate time series for each pixel of the rasterized data maps. For the
temporal sampling, we compare two approaches: raw time-series and
monthly sampling. In the former approach, all the satellite data avail-Full raw time-series
able between seeding and harvesting dates is used. Across the different
datasets, the length of the growth period and the number of available
satellite images depend on the crop type and the latitude coordinate of
the field, which results in different revisit times: countries closer to the
equator have a longer gap between two consecutive satellite images com-
pared to farther countries. Thus, we fix the sequence length to 150 across
all datasets and pad the initial time steps in case of shorter sequences.
In the monthly sampling, the sequence length is fixed to 24 months,Monthly sampling of

the time-series corresponding to two calendar years, such that the harvesting date always
falls in the second year. This strategy is implemented to maintain unique
indices for each month across various fields and years. However, only
data from seeding to harvesting are collected, while the remaining time
steps are padded, as described in [243]. In general, using a uniform
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sequence length further facilitates the processing of the extensive dataset
in mini-batches during model training and validation. When training Temporal processing of

additional modalitieswith additional modalities under the monthly sampling scenario, static
data (i.e. soil and DEM) are duplicated at each time step, while weather
data is monthly aggregated before being stacked to the satellite time
series. The name of each weather variable in Table 3.2 indicates the type
of aggregation it received.

LSTM-based Modeling In order to capture the temporal dependencies
in the data, we use long short-term memory neural network (LSTM)
networks [131] and train a separatemodel for each dataset. In eachmodel,
two LSTM layers are stacked on top of each other, with 128 hidden units
each, and a dropout of 0.3% to prevent overfitting. The output of the last
time step of the second LSTM layer is fed into a sequence of operations:
The first linear layer has 128 neurons, followed by batch normalization
and a ReLU [229] activation function. The second linear layer with 128
input features and a single output feature is then applied to make the
final yield prediction. Model optimisation is based on the mean absolute
error (MAE) loss.

Training For each dataset, we train three models, each under a different
temporal sampling strategy: raw time-series (raw-ts), monthly sampling
(24ts), and monthly sampling with additional data sources (24ts+ads).
The training is conducted under the cross-validation setting using 10
folds, grouped by fields and stratified by farms, to ensures that pixels
from the same field are always grouped in the same fold. To evaluate the
quality of the prediction and the model performance, we use MAE, root
mean square error (RMSE), and the coefficient of determination (R2)
metrics described in Appendix B. In the results, we report validation
metrics averaged across the 10 folds.

Model evaluation

We first evaluate the performance of the yield prediction models, where
one model is trained for each dataset and for each sampling and feature
composition setting. The results, based on the evaluation metrics used,
are summarized in Tables 3.3 and 3.4 for the raw and monthly samplings,
respectively.
We conduct the evaluation at both the subfield and field levels. ForField- and

subfield-level
evaluation

the former, we compute each metric for each pixel and then average over
the entire dataset. In the latter case, we first average the predicted and
target yield values over the pixels within each field, before computing the
metrics for each field, and finally averaging over the entire validation set.
Since we train the model using the cross-validation setup, the metrics
reported in Tables 3.3 and 3.4 are the average across the 10 validation
folds. In all our experiments, we consistently observe that the results
at the field level outperform those at the subfield level. This disparity
arises because subfield metrics measure the model’s ability to capture
the in-field variability of yield values. In contrast, on the field level, we
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Tab. 3.3.: Modeling results under the raw time series on all datasets and with
two different training data: satellite bands (S2) or vegetation indices
(VI). The best scores in each dataset are highlighted.

Dataset Bands Field Subfield
MAE R2 RMSE MAE R2 RMSE

ARG-S VI 0.41 0.72 0.55 0.67 0.62 0.90
S2 0.38 0.76 0.52 0.66 0.64 0.88

URG-S VI 0.36 0.77 0.51 0.78 0.41 1.22
S2 0.36 0.75 0.53 0.78 0.41 1.22

GER-R VI 0.71 0.53 0.92 1.04 0.31 1.38
S2 0.61 0.67 0.77 0.98 0.38 1.31

GER-W VI 1.45 0.11 1.79 2.21 0.07 2.84
S2 0.91 0.55 1.27 1.73 0.35 2.38

Tab. 3.4.: Modeling results under themonthly temporal sampling on all datasets
and with three different training data: satellite bands (S2), satellite
bands and additional modalities (S2+ADS) and vegetation indices
(VI). The best scores in each dataset are highlighted.

Dataset Bands Field Subfield
MAE R2 RMSE MAE R2 RMSE

ARG-S
VI 0.46 0.64 0.63 0.74 0.55 0.98
S2 0.4 0.74 0.53 0.69 0.61 0.92

S2+ADS 0.38 0.76 0.51 0.66 0.63 0.89

URG-S
VI 0.44 0.64 0.64 0.82 0.36 1.27
S2 0.4 0.69 0.59 0.8 0.38 1.25

S2+ADS 0.35 0.76 0.52 0.78 0.41 1.23

GER-R
VI 0.62 0.64 0.81 1.02 0.34 1.36
S2 0.6 0.65 0.8 1.01 0.35 1.35

S2+ADS 0.55 0.69 0.75 0.96 0.41 1.29

GER-W
VI 1.31 0.23 1.66 2.07 0.17 2.68
S2 0.91 0.57 1.25 1.79 0.31 2.45

S2+ADS 0.92 0.59 1.22 1.74 0.33 2.41

notice that averaging the individual predictions can more easily and
accurately estimate the average yield per field.

When comparing the R2 results across the different datasets, we note Comparing
performance across
datasets

that the top scores at the field level are generally comparable across the
datasets, except for GER-W, which consistently ranks last by a consider-
able margin. At the subfield level, the results achieved in ARG-S clearly
outperform those in other datasets, regardless of the temporal samplings
used, while GER-W is still not reaching comparable scores. These dispar-
ities may originate from the distinct agronomic characteristics of each
crop. Therefore, it is possible that the input data in our experiments
might be inherently insufficient to capture these unique characteristics
and establish a strong connection with the target yield, resulting in less
accurate predictions. Furthermore, satellite data availability can also
vary from one country to another, influenced by factors such as geolo-
cation and cloud coverage related to the climate in each region [287].
The quality of the yield data collected from different countries may also
further impact the overall results, given that the data providers vary
from a country to another.
Analyzing the impact of enriching the satellite data with additional Impact of adding

modalitiesmodalities, as shown in Table 3.4, reveals an overall improvement in the
results across all datasets. This results also align with comparable studies
[211, 217, 213, 243]. The smallest increase is observed in the Argentina
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dataset, while the most significant impact is seen in the rapeseed dataset
in Germany.
Regarding the influence of using the complete satellite time seriesComparing raw vs.

monthly sampling compared to monthly selection, performance generally improves in most
cases when using the same input modalities. However, the performance
difference is not substantial, suggesting that both sampling methods
capture sufficient patterns from the satellite data to predict crop yield.
Still, raw sampling likely captures a few additional patterns: growth
stages are better represented in the raw sampling, whereas the limited
number of satellite instances in monthly sampling may under-represent
certain stages. Moreover, the magnitude of improvement varies across
datasets, making it difficult to draw a general conclusion applicable to
different environmental contexts. For example, the smallest performance
difference is observed in the German fields, likely due to high cloud
coverage in satellite images caused by Germany’s rainy weather.

3.2.4 Interpretable Features for Interpretable Models

As discussed by Guidotti et al. [116], the process of explaining a modelCrafting meaningful
features through feature attribution methods requires a solid comprehension of

the predictive features being employed. Conventional methodologies
for crop modeling rely on the crafting of features by experts, with the
aim of encapsulating the extensive array of variables recognized as direct
yield drivers. However, when ML and DL models are used, the scenario
changes. Raw information, acknowledged for its potential to serve as a
proxy for crop growth and health, is directly supplied to the network
with minimal to no alterations. In our work, we address this limitation
of explaining ML models in two dimensions: inclusion of vegetation
indices (VIs) and aggregation of the temporal dimension.

Vegetation Indices

With the aim of augmenting the interpretability of the spectral dimen-Substituting raw
bands with VIs sion, we include a set of well-established VIs, frequently used in the

literature for crop classification and yield prediction. Indices merge two
or more spectral bands and generate an index with agronomic relevance,
rendering it more easily interpretable than raw satellite bands. The main
idea is to substitute the original S2 raw bands with pre-calculated in-
dices during the training phase. Subsequently, we evaluate the impact of
this adjustment on the model’s performance, and compare it to training
the model using raw inputs, before concluding on the efficiency of this
method. The full list of indices used and their respective formulas are
summarized in Appendix C.1.
The results are included in Tables 3.4 and 3.3. When replacing theResults & discussion

full spectrum of satellite data with VIs, we observe varying responses.
In the monthly sampling, this change had a minor negative impact in
URG-S and GER-R, but in contrast, it led to a substantial decrease in
scores in ARG-S and GER-W datasets. Notably, in these two datasets, the
R2 score dropped by 10 and 34 percentage points (p.p), respectively, at
the field level. When applying this same operation to raw time series
data, a similar decrease in scores is observed in Germany’s datasets, with
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a 14 p.p drop in rapeseed fields and a 44 p.p drop in wheat fields at the
field level. However, the use of VIs yielded comparable results to the
full satellite spectrum in Argentina and even slightly improved results
at the field level in Uruguay. One potential explanation for these results
might be the need for complex spectral band interactions. Indices usually
map only linear or low-complexity inter-band interactions, while neural
networks are able to learn non-linear and more complex interactions.
Given the overall relatively poor performance achieved by indices-

based models, such models will not be addressed in the explanation
analysis in following sections.

Growth Stages

The second dimension we address to improve features’ interpretability is Aggregating
attributions over
growth stages

the temporal dimension. To gain insights and derive explanations from
crop yield models using time series, we can use different types of domain
knowledge, with particular potential in the different phases that each crop
goes through. Hence, we exploit the principal growth stages of the BBCH
scale for rapeseed and wheat [173], and a modified scale for soybean
[209]. We describe these scales in Appendix C.2. Approximations of the
growth stage periods of each field were used3. Concretely, we first get
the modified attributions âb,t for each explained pixel X at each band b

and time step t. We further define for each growth stage tg a set Tg of
the time steps it covers, then compute the total attribution as follows:

âb,tg
=

∑
t∈Tg

âb,t.

Note that improving the temporal interpretability is applied post Difference between
spectral and temporal
interpretability

model training on the attribution score, in contrast to the spectral in-
terpretability, which can only be applied on the input data, and thus
requires training a separate model. Therefore, the analysis based on
growth stages will be included in subsequent explanation analysis. A
major benefit of this approach is that it overcomes the misalignment
of the seeding and harvesting months between the different fields in
each dataset, which will facilitate the comparison of temporal attribution
results across different fields.

3.2.5 Model Explainability

Evaluation of Attribution Methods

The soybean dataset fromArgentina is used for the evaluation ofmultiple Experimental setup
feature attribution methods, and the data is pre-processed according to
the monthly sampling. To use explainability for scientific insights, higher
model accuracies yield more informative and stable models. Hence, we
specifically interpret the fold with the highest R2 score, and compute the
attribution of all the pixels in the fold-specific validation fields.

3Phenology data was provided by www.xarvio.com, using their in-house developed and
commercially deployed growth stage models.
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Fig. 3.3.: Feature attribution methods comparison results using the mean base-
line and ARG-S dataset. On the left is the spectral importance, and on
the right is the temporal importance.

Attribution scores Using the mean baseline vector, we compute both
spectral and temporal importances, as illustrated in Figure 3.3. We ob-Assessing the

agreement of
attribution methods

serve a consistent pattern in the temporal attributions. Specifically, time
steps before seeding and after harvesting months (approximately from
time step 9 to 16) exhibited low importances, while the first growing
months had a more significant influence, and the late stages were the
most important. However, looking at the spectral importance, it is hard
to decipher an agreement pattern across the feature attribution meth-
ods. This highlights the need for further evaluation tools to assess these
methods better.

Attributions stability In Figure 3.4, we assess the stability of themethodsSensitivity and
Infidelity scores and their robustness against both minor and significant input modifi-

cations. This is quantified using the infidelity and sensitivity scores.
The boxplots show the distributions of both evaluation metrics over the
attributions of all explained samples, when different attribution methods
are used. Our goal is to identify a method for which the attributions
yield low sensitivity and infidelity. The results reveal that most meth-
ods exhibit high sensitivity to minor input perturbations, with only four
methods maintaining flat scores when subjected to significant noise in
the input data, i.e. flat infidelity scores. Notably, SVS stands out as the
sole method that remains robust against both perturbation types.

We further illustrate this characteristic in Figure 3.5 by examining theQualitative
assessment of the

attribution stability
attribution maps (i.e. field-wide attribution scores) of a single feature
for various methods. On the left column, the input values of the satellite
band B08 from March of the second year are visualized on the first map,
along with the reference and predicted yield maps of a field from ARG-S
dataset. The remaining columns contain the attribution maps of the
same feature and field when different methods are used. The blue and
red values distinguish between positive and negative attributions, which
have contributed to either increasing or decreasing the predicted yield
value for each pixel, respectively. We observe that only SVS produces aSVS outperforms

other methods smooth attribution map, in contrast to the other attribution techniques
where the results show pronounced spatial fluctuations. We verified that
this pattern is consistent across the remaining features. Such significant
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Fig. 3.4.: Quantitative evaluation of the feature attribution methods using the
mean baseline on ARG-S dataset: Infidelity and sensitivity scores.

fluctuations, indicative of high sensitivity, is undesirable because adjacent
pixels often share similar input features and target values, implying that
their attributions should also exhibit similarity [10, 29].

Baseline comparison We further evaluate the choice of the baseline.
While the results shown in Figures 3.4 and 3.3 remain similar when
using the padded baseline vector (see Appendix D.1), examining the
attribution maps highlights a fundamental difference between the two Comparing

attribution maps of
mean and padded
baselines

baseline types. In Figure 3.6, we select a field from the ARG-S dataset
and visualize its attribution map for three satellite bands over three
consecutive months. In Figure 3.6.a, the results using the mean baseline
effectively differentiate between high and low yield regions by displaying
positive and negative attribution values, matching the variance on the
target yieldmap (refer to Figure 3.5). However, in Figure 3.6.b, the results
of the padded baseline fail to capture similar patterns, with the maps
consistently attributing values as either strictly positive or negative.

Selected method We would like to finally highlight an additional im-
portant advantage of using SVS, which stems from game theory; Shapley
values inherently accounts for feature interactions by approximating the
impact of a feature when added to all possible subsets of the remain-
ing features [199]. Based on our analysis of the evaluation results and Selection of SVS

method and mean
baseline

the above discussion, we conclude that SVS is a reliable interpretation
method for feature importance estimation, and we therefore conduct the
remaining explanation analysis based on the SVS attributions and using
the mean baseline.

Spectral and Temporal Attributions

In this section, we investigate the interpretation results of the models
trained on each dataset and closely examine the spectral and temporal
importance of each model.

Experimental setup Given that SVS is a perturbation-based attribution Selection of samples
and model to be
explained

3.2 Post-Hoc Explainability with Early Modality Fusion 43



Fig. 3.5.: Qualitative evaluation of the feature attribution methods using the
mean baseline on ARG-S dataset: Attribution maps of band B08 of
time step 14 (March of the second calendar year).

method, it involves repetitive perturbations of the input and evaluations
of the model prediction, making the interpretation of the entire datasets
computationally expensive. Therefore, we select and explain the predic-
tions of a subset of pixels, based on a random selection process in which
we pre-select a maximum of five fields per farm and explain all pixels
within these fields. Similar to the method comparison, we interpret the
model from the cross-validation fold that achieved the highest R2 scores
across the three training scenarios (raw-ts, 24ts, and 24ts+ads).

Spectral Analysis Across the three experiments conducted for each
dataset, we compare the importance of satellite bands by evaluating the
spectral attribution SA(X) for each pixel X within the explained fields,
before averaging the results. In experiments with additional modalities,
we specifically rescale S2 attributions to ensure they sum up to 1, in order
to facilitate the comparison against the other two experiments trained
solely on the satellite time series. The results are illustrated in Figure
3.7.
When examining which bands are frequently attributed high impor-Identification of the

most important S2
bands

tance across the different experiments, we observe that each band is
significant in at least one experiment, meaning that the importances are
distributed over all bands. This explains why using only VIs, which do
not necessarily include all available bands, results in poorer performance
compared to training with the full satellite spectrum, as previously dis-
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Fig. 3.6.: Comparing svs attribution maps using the mean baseline in (a) and
the padded baseline in (b), over three months from the second year
and three satellite bands.

Tab. 3.5.: Cosine similarity scores between the average spectral importances of
different experiments.

Compared experiments ARG-S URG-S GER-R GER-W
24ts, raw-ts 0.93 0.84 0.90 0.93

24ts, 24ts+ADS 0.92 0.91 0.95 0.98

cussed in 3.2.4. Our observation further provides an argument against
restricting the satellite-based data to a set of indices or RGB bands alone,
a practice often carried out in other crop yield prediction studies [329,
55, 233, 201, 151].

Comparing the raw against monthly temporal sampling strategies (i.e.
raw-ts and 24ts), we observe more similarities than differences between
the corresponding bars across various bands and datasets. In Table 3.5, Quantitative

comparison across
experiments

we compute in the first row the cosine similarity between these bars for
each dataset. The values indicate that the band importances in Uruguay
dataset are the most affected by the change in the temporal sampling
strategy. To assess the impact of addingmoremodalities, we compare the
monthly sampling experiments: 24ts and 24ts+ADS. We notice that in
soybean datasets, i.e. in Argentina andUruguay, the spectral importances
between the two experiments are less similar than in rapeseed and wheat
datasets in Germany, as reported in the second row of Table 3.5.

Spectral Attributions & Vegetation Indices In the following, we connect
the spectral attribution results and the model performance when trained
on VIs. The Normalized Difference Vegetation Index (NDVI) is fre- The case of the famous

NDVIquently used for yield prediction as highlighted in [228], and relies on
the near-infrared (B08) and red (B04) bands. In the spectral importance
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Fig. 3.7.: Average attributions per spectral band, in each dataset and under the
three training settings: monthly sampling (24ts), monthly sampling
with additional data sources (24ts+ADS), and raw time series (raw-
ts).

results in Figure 3.7, we notice that B08 emerges as significantly impor-
tant in all datasets, aligning with its universal relevance, while B04 is
assigned high attributions in soybean datasets in particular. Additionally,
the S2 satellite imagery incorporates three red edge bands, of which onlyConnecting prior

results with spectral
attributions

two are actually employed in the VIs we selected, as can be verified in
Table C.2. However, the results underline that the third red edge band
(B07) also exerts a high influence on the models across all experiments.
Moreover, the first SWIR band (B11), also absent from the indices we
used, has particularly high attributions in rapeseed and wheat datasets.
This can potentially explain the substantial drop in the VI experiments
for these two datasets, as reported in Table 3.3 and 3.4. The spectral
importance enables the identification of the most important bands forXAI-guided selection

of indices each crop and region, and these results can efficiently be exploited to
define specialized indices for the crop yield prediction task, as we will
explore in Chapter 6. Combining these results with the growth stage
attributions, VIs can further be exploited to estimate the length of each
growth stage.

Temporal Analysis To analyze the temporal attribution results, we di-Aggregation over
growth-stages rectly assess their aggregations over the growth stages, (i.e. TA(X)tg

for
pixel X during growth stage tg), averaged across all the explained data
points. We plot the results for the different experiments and datasets
in Figure 3.8, and report their corresponding similarity scores in Table
3.6.

We observe that the two experiments based on monthly temporal sam-Results discussion
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Fig. 3.8.: Average of total attributions per growth stage in each dataset, under
the three training settings: monthly sampling (24ts), monthly sam-
pling with additional data sources (24ts+ADS), and raw time series
(raw-ts).

Tab. 3.6.: Cosine similarity scores between the average temporal attributions
aggregated along growth stages of different experiments.

Compared experiments ARG-S URG-S GER-R GER-W
24ts, raw-ts 0.91 0.94 0.96 0.92

24ts, 24ts+ADS 0.99 0.99 1.00 0.99

pling, 24ts and 24ts+ADS, treat data from various stages similarly, since
the two corresponding curves closely align across different datasets. This
is further confirmed by the similarity scores higher than 0.99%, indicat-
ing that training with additional modalities have minimal impact on the
significance of each growth stage to the final predictions. However, when
we compare the 24ts and raw-ts curves, we observe a more disparities in
their values at many stages. We therefore conclude that using the raw
time series of satellite data influences the importance of each growth
stage in the model. This outcome aligns with our expectations, as the
distribution of growth stages over time is more finely-grained than the
monthly sampling, making the density of the raw time series better suited
to adequately capture each growth stage. Among the stages which gain
more importance when using the full S2 time series are (1) the beginning
of bloom, pod and maturity in ARG-S, (2) full blooming and beginning
and full pod in URG-S, (3) shoot development and heading in GER-R,
and finally (4) bolting, heading and flowering in GER-W.
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Fig. 3.9.: Number of satellite instances available per growth stage in each field
of each dataset.

To assess the impact of growth period lengths on the attribution of
experiments based on the raw time series data, we count the number ofInfluence of the

growth-stage length
on the aggregated

attribution

satellite instances in each stage and for each field in the different datasets,
and we plot the results in Figure 3.9. Upon examination of the soybean
datasets, we notice that the extended duration of the third stage and the
short late stages positively correlate with their respective attributions
in the raw-ts experiment. In the rapeseed dataset, a similar pattern is
observed for the early stages, while the late stages have a high importance
despite their short period. In the case of thewheat dataset, the correlation
is weaker, where stages such as shoot and fruit development, despite
not being the longest in duration, exhibit the higher attributions. These
observations lead us to conclude that while in soybean datasets, the
length of growth stages and the abundance of corresponding satellite
data positively correlate, such a relationship has less significance inwheat
and rapeseed crops.
Our analysis suggests that while the duration of growth stages mayConclusion on

plausibility of the
model reasoning

impact their influence on the model, it is not the sole factor influencing
their overall attribution. Hence, it is reasonable to assume that the model
has captured some crop-specific characteristics rooted in agrobiology and
phenology. These characteristics, in turn, shape its predictions, resulting
in a close alignment of the reasoning learned by the model with actual
yield factors. We further validate this assumption in the following.

Verification against domain knowledge We verify the alignment of ob-
served patterns in the model reasoning against well-established facts in
crop growth and development research. In soybean datasets, emergence,Growth-stage

significance in
soybean fields

unifoliolate and trifoliolate stages collectively constitute the vegetation
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phase. The main stem nodes and their branching develop during this
phase, influencing the canopy structure and the final number of nodes, as
elucidated by Kumudini [170]. Since various environmental and genetic
factors can impact the vegetative development, a poor canopy expansion
can be identified at the last stage, the 1st-25th trifoliolate, and linked
by the model to lower yield values. The beginning pod stage is also
strongly related to yield, with favorable temperature and moisture con-
ditions resulting in a higher pod number per plant, more beans per pod,
and larger seeds [209]. The following three stages, which extends from
full pod to full seed stages, are important as the pods grow rapidly, and
seed development begins, making it a crucial period for seed yield [209].
This seed-filling phase is proven to have a positive correlation with yield
[101, 278], and any stress during this phase has a more significant impact
on yield reduction than at other times [209]. Finally, the pronounced
significance of the full maturity stage in Argentina can be attributed to
the enhanced visibility of the pods. At this stage, approximately 95%
of the pods on the main stem attain their mature pod color, offering a
valuable visual indicator of yield, as supported by Kumudini [170]. One
of the factors that could account for the differences in the results between Differences between

soybean fields in
Argentina and
Uruguay

Argentina and Uruguay is the notable influence of the flowering stage.
As documented in [209, 170], soybean flowering is influenced by factors
such as crop variety, day length, and temperature. Consequently, the
variations observed in these regions may be attributed to differences in
agricultural practices, including the application of fertilizers and herbi-
cides.
In rapeseed, the attribution results of juvenile growth (i.e. from leaf Growth-stage

significance in
rapeseed fields

development to heading) is attributed to the close connection between
the seed yield and the number of pods per plant, which is supported by
the drymatter produced during this period. There is a linear relationship
between the cumulative production of dry matter until flowering and
pod density, as documented by Diepenbrock [62]. He further highlights
that the flowering stage is the most pivotal phase impacting rapeseed
yield, which aligns with the high attribution of this stage in the bottom
left plot of Figure 3.8. The ability of satellite data to capture this crucial
stage is attributable to the increasing flower cover, which significantly
enhances photon reflectivity and absorption to 60-65% of incoming ra-
diation. At the fruit development stage, pod filling is initiated and
continues through the ripening stage. Seed yield is linearly related to
photosynthetically active radiation that is intercepted during this phase,
which aligns with our attribution results. Moreover, while several fac-
tors during flowering can limit the yield, rapeseed has the potential for
growth after flowering, which compensates for losses of buds, flowers
and pods [62].
In the wheat dataset, significant importance is observed during the Growth-stage

significance in wheat
fields

tillering stage, which is recognized in expert studies to have great agro-
nomic importance in cereals, as confirmed by Acevedo et al. [2]. While
it is the most important process governing canopy formation, it is also
known that not all tillers produce spikes, which are the grain-bearing
tip located at the top of cereal stems, as noted by Gallagher and Biscoe
[94]. As shoot development progresses, spikes grow, the pseudo-stem
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Fig. 3.10.: Average attribution of each feature in the additional modalities, con-
trasted with the total attribution of the satellite data across different
datasets.

becomes more erect, and leaf sheaths elongate. This results in a more
distinguishable canopy density at satellite resolution, aligning with the
high attribution of the shoot development stage, as illustrated in the
bottom right plot of Figure 3.8. Additionally, florets are initiated during
this stage; however, it’s noteworthy that less than half of these florets will
complete anthesis [2]. As the crop progresses to the heading stage, the
florets become ready for pollination and fertilization. It is at the flower-
ing stage that the model leverages the blossoms for its predictions, as the
number of flowers successfully pollinated directly influences the num-
ber of kernels per head. This observation accounts for the pronounced
importance attributed to the flowering stage. During subsequent stages,
the crop undergoes grain filling and moisture reduction during ripening,
achieving maximum dry weight, and physiological maturity. During
this period, the green color progressively fades, a change that can be
captured in the satellite imagery.
The analysis conducted above validates our temporal importance re-Model alignment with

agronomic studies sults aggregated over growth stages, strongly supporting that ourmodels
learned agronomically meaningful cues for accurate yield predictions.

Modality Attributions

Within the 24ts+ADS experiments, we examine the total attribution of
satellite data relative to each feature from the additional modalities, as
depicted in Figure 3.10. We notice that while S2 accounts for nearly half ofTotal attribution per

feature across
modalities

the attributions in Argentina, and around 40% in Uruguay, it contributes
only about 25% of the total attribution in rapeseed and wheat datasets.
The majority of the remaining attribution is distributed among the soil
bands, followed by weather and terrain elevation features. In the case
of the DEM data, we notice that most of the attribution is concentrated
on the raw elevation values (i.e. the dem feature), suggesting that the
additional modalities can be further filtered to use only the features
relevant for the yield prediction [230].

We further compare the total attribution per data source in Figure 3.11,Total attribution per
modality differentiating between the explained fields (i.e., the vertical bars) in

each dataset. The attributions are averaged across the pixels of each field
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Fig. 3.11.: Total modality attribution, averaged over pixels of each explained
field separately (i.e. each bar is a field), in each dataset.

separately. The area that each color covers serves as a visual indicator
of the total importance each modality has in the different datasets. The
yellow color, in particular, highlights the significance of soil bands in
most fields and datasets, particularly in Germany, where it substantially
surpasses the total attribution of S2 bands. In contrast, weather and DEM
exhibit relatively lower importance across all regions, with weather being
more important for soybean crops, and DEM showing more significance
for rapeseed and wheat crops in Germany. It is worth noting that the
literature, particularly the work of Thomson et al. [300], emphasizes the
important impact of topography on wheat crop productivity, further
supporting our findings.

Supplementary Analysis

In-Field variability We closely examine the attribution maps to under-
stand how the model captures in-field variability. This is important given
that our training pipeline provides the model with individual pixel data
without any information about neighboring pixels, yet the model learns
to approximate the variability we observe in the reference yield maps.
When revisiting the attribution maps in Figure 3.6.a, we notice that some
features have high variance across the field’s pixels, such as band B08 in
March, while others consistently show either low or high attribution val-
ues, namely band B8A in January. Hence, we exploit this characteristic to Connecting variability

of the predicted yield
with attributions at
field-level

identify features (i.e. (band, time step) pairs) that effectively capture the
in-field yield variability learned by the model. Specifically, for each field
we calculate the variance across different pixels, then rank the features
in the descending order of their variance. In Figure 3.12, we present the
results for three fields in Argentina by displaying the attribution maps of
the top 5 features. We observe that the patterns on the attribution maps
match those in the prediction map, confirming that features with high
variability are key in helping the model best capture the yield variability
on the subfield level.
The grid of the standard deviations of the relative scaled attributions Identifying influential

features via the
variations grid

(i.e. ǎ vectors) shown in Figure 3.13 can also be used to directly identify
the features with significant influence on the model’s ability to learn
the in-field variability for a specific field. In this figure, we compute the
attribution deviations for the field depicted at the bottom of Figure 3.12.

3.2 Post-Hoc Explainability with Early Modality Fusion 51



Fig. 3.12.: In-field variability of three fields from ARG-S. From left to right:
target and predicted yield maps, followed by the attribution maps of
five features with the highest attribution variance. (The horizontal
strip on some maps from the field at the bottom are padded pixels
because of cloud coverage.)

For that, we use the model trained under the monthly sampling. We
observe that the influential features are primarily the NIR and Red-Edge
(RE)-2 bands during the last months before harvesting. The harvesting
season typically occurs around time step 15 (April of the second year)
in most fields.

Attribution and performance correlation When evaluating the model on
different fields, we observe important variations in the results. Therefore,
we examine if a field forwhich themodel performs poorly has a particular
attribution distribution that differs from fields where themodel performs
better. To achieve this, we consider two types of attribution vectors: the
original vector, which contains 24 time steps, or its aggregation over the
growth stages. For each type, we start by defining the reference vector as
the average across all considered fields. Next, we calculate the distance
between this reference vector and each field’s average attribution. The
results of this analysis on ARG-S dataset are displayed in Figure 3.14.
We observe a negative correlation with both attribution vector types,
indicating that fields with a high R2 score tend to have a closer distance
to the reference distribution. To further quantify this correlation and
its statistical significance, we conduct a t-test with a threshold of 5%.
The results are reported in Table 3.7 (see the two rows marked with ’(all
fields)’). The p-value exceeds 6% when using the monthly attribution
vectors, while it falls below 1% with the vectors aggregated over growth
stages. Consequently, the latter method is more reliable in identifying
fields with low performance.

We further explore different approaches to define the reference vector.Adjusting the
reference vector Instead of averaging across all explained fields, a more reliable baseline

can be obtained by averaging the attributions across the best-performing
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Fig. 3.13.: Standard deviation of the relative scaled attribution values across all
interpreted pixels from a single field in Argentina dataset.

Fig. 3.14.: Comparison of the R2 score of each field against the distance of the
attribution vectors of its pixels to the reference distribution. Each
point is a field in ARG-S. Here, the reference distribution is the aver-
age distribution over all explained data points in Argentina.

fields only. These are identified either by setting a threshold on their
R2 score or by specifying a predetermined number of fields with the
highest R2 scores. The corresponding experiments are included in Table
3.7. P-values below 5% are highlighted in bold. We observe that most
of the tests have yielded a significant correlation, especially when using
the aggregated attribution vector, which further supports its superior
efficiency over the original vector in distinguishing between the fields on
which the model is well- or poorly-performing.

While the results described above originate from the model trained Analysis of the model
trained on raw time
series

under the monthly sampling setting, we repeat the same experiments for
the model trained on the raw time series, and report the corresponding
results in Table 3.8. We notice in this case that comparing the raw time se-
ries of the attributions leads to low correlation scores with poor statistical
significance. Conversely, when comparing growth stage aggregations of
the attributions, we notice the opposite trend. We attribute this behavior
to the varying sequence lengths resulting from the usage of raw time
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Tab. 3.7.: Correlation and t-test results between the attribution distance of ARG-
S explained fields to the different references, and their R2 score. The
attribution scores used are from the model trained under the monthly
sampling. P-values below 0.05 are highlighted.

Temporal
dimension

Score
threshold

Best
N fields Correlation P-value

Monthly
time steps

- (all fields) -0.32 0.063
- 3 -0.30 0.076
- 5 -0.33 0.056
- 10 -0.38 0.025
- 15 -0.39 0.021
0.4 - -0.39 0.020
0.5 - -0.38 0.024
0.6 - -0.38 0.023

Aggregated
over growth

stages

- (all fields) -0.48 0.003
- 3 -0.30 0.077
- 5 -0.38 0.025
- 10 -0.43 0.009
- 15 -0.46 0.005
0.4 - -0.48 0.004
0.5 - -0.45 0.007
0.6 - -0.44 0.008

series data, where each time step originates from different timestamps
across various fields. In contrast, comparing the attributions of growth
stages proves to be more robust against these temporal disparities.

Tab. 3.8.: Correlation and t-test results between the attribution distance of ARG-
S explained fields to the different references, and their R2 score. The
attribution scores used are from the model trained with the raw satel-
lite time series.

Temporal
dimension

Score
threshold

Best
N fields Correlation P-value

Raw
time series

- (all fields) -0.17 0.324
- 3 -0.27 0.122
- 5 -0.22 0.205
- 10 -0.17 0.326
- 15 -0.17 0.336
0.4 - -0.19 0.267
0.5 - -0.18 0.291
0.6 - -0.18 0.296

Aggregated
over growth

stages

- (all fields) -0.37 0.0286
- 3 -0.34 0.0490
- 5 -0.36 0.0358
- 10 -0.39 0.0202
- 15 -0.39 0.0220
0.4 - -0.38 0.0225
0.5 - -0.38 0.0232
0.6 - -0.38 0.0236

Soybean data analysis We further conduct a comparative analysis of theComparing soybean
fields between

Argentina & Uruguay
attribution scores of soybean fields fromArgentina andUruguay datasets.
We anticipate overlapping patterns in the results for both datasets, as
they contain the same crop in nearby regions. To this end, wemake use of
dimensionality reduction tools to verify the similarity between the input
data and attribution results from both countries. We randomly select
and combine 10,000 points from each dataset and study three vectors
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from each sample: (i) the input satellite data, (ii) the attribution vector,
(iii) and the attribution vector aggregated per growth stage. We then
project them into a two-dimensional embedding space using Principal
Component Analysis (PCA) and present the results in Figure 3.15.

Fig. 3.15.: PCA results comparing Argentina and Uruguay data. The columns
correspond to the different training settings, and the rows correspond
to the type of vectors on which the dimensionality reduction is ap-
plied.

Contrary to our expectations, the plots indicate that the spectral and Discussion of the
dimensionality
reduction results

temporal importance show distinct patterns between the two datasets.
We first examine the satellite vectors. We observe that data from the same
country consistently forms multiple clusters in all of our experiments.
This suggests that the source data from Argentina inherently differs from Satellite vectors
that of Uruguay. Additionally, in the second column, we can see that the
two datasets are much more distinguishable when we include additional
modalities in our training, as opposed to using only S2 data (see the first
and last columns). This observation implies that information related to
soil, weather, and terrain elevation also holds distinct patterns in the two
countries.

Regarding the attribution vectors, in the second and third rows in Fig- Attribution vectors
ure 3.15, we observe a clear separation between Argentina and Uruguay
data points when training with the full raw time series. However, in
the monthly sampling experiments, we observe relatively more over-
lap between data points from both regions. These results imply that
incorporating more time steps into the satellite time series leads to the
emergence of more region-specific characteristics within the data. When
comparing the raw attribution vectorswith their aggregation over growth
stages, i.e. second and third rows, we note that the latter exhibits more
overlap between the two datasets. We assume that this discrepancy is
attributed to the issue of time series misalignment in the raw data, which
is significantly reduced when aggregating over growth stages.
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3.2.6 Summary

We summarize the explainability analysis conducted is this study in the
following six major findings:

1. Evaluating multiple feature attribution methods, qualitatively and
quantitatively, demonstrated that SVS is the most robust against
small input variations (i.e., low sensitivity) and that the impact
of these variations aligns well with their sign and magnitude (i.e.,
low infidelity).

2. Incorporating additional data sources improved the model perfor-
mance in all datasets, had minimal effect on temporal attributions,
and only a slight impact on the spectral attributions of satellite
bands. Soil consistently emerged as a high-contribution modality.

3. Training with the complete satellite time series (i.e., raw sampling)
outperformed the monthly sampling for all datasets at the subfield
level. Additionally, the difference in temporal sampling had a
greater impact on the spectral attribution scores compared to the
temporal attributions.

4. Leveraging crop growth stages to interpret temporal attributions en-
abled the comparison between different temporal sampling strate-
gies, facilitated the verification of model reasoning, and revealed
that the stages with high contribution to the model predictions
are also known to be agronomically meaningful and critical for a
healthy crop growth.

5. Visualizing attribution maps for individual features at different
time steps and calculating the standard deviation of each map’s
attributions helped identify features that enable the model to learn
in-field variability of the yield.

6. Comparing the input data and attribution results for soybean fields
between Argentina and Uruguay revealed significant differences
in satellite and additional data, which also influenced the corre-
sponding attribution values.

Overall, the study conducted in this chapter provides valuable insights
into the spectral and temporal importance of satellite data to predict crop
yield. Two important directions can be further explored to extend thisFollow-up work
work. On one hand, using an intermediate-fusion based model is partic-
ularly relevant to handle the static and dynamic data sources separately
before merging their representations within the network. In Section 3.3,
we conduct a deep explainability analysis of such networks, and com-
pare the performance of SVS against intrinsic interpretability methods.
On the other hand, the results discussed above have identified certain
features from the additional data sources which contribute minimally
to the model’s predictions. In Chapter 5 we leverage these findings to
reduce the input features both spectrally and temporally, focusing on
training the model with only the essential features while maintaining its
good performance.
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3.3 INTRINSIC INTERPRETABILITY WITH INTERMEDIATE
MODALITY FUSION

Multimodal learning is employed in various applications that require
combining modalities of distinct types and natures. However, this diver-
sity presents challenges in aligning inputmodalities during pre-processing.
A practical solution to this challenge is employing an intermediate fusion
approach, which involves designing a neural network capable of process-
ing each modality separately using specialized encoders. These encoders
map each modality into a common representation space, facilitating their
subsequent fusion. The fused representations are then passed to a pre-
diction head for the final prediction. Given the increased complexity
introduced by such architectures, this section explores various methods
to enhance the interpretability of intermediate-fusion-based multimodal
networks.

3.3.1 Related work

Combining and modeling multiple modalities of diverse natures often Explainability of
multimodal learningresults in complex architectures and threatens the interpretability of their

decision-making process [154]. Some model-agnostic feature attribution
techniques, such as SHAP [200] and Integrated Gradients [294] can
easily be applied tomultimodal networks. Other model-specificmethods
leverage attention mechanisms to highlight the importance of different
modalities and their interactions, yet related studies in the literature
often only visualize the attention weights of certain input samples, which
provides very limited insights into the more general understanding of
the model [106, 306].

Taking a closer look at the use of self-attention mechanisms to leverage Attention-based
explanationthe inherent model-interpretability in RS, researchers have explored this

approach for several tasks, including crop mapping [162, 333, 259, 98],
land cover classification [163, 210], water quality monitoring [248], and
target detection [350]. However, the analysis of self-attention mecha-
nisms to achieve model explainability is often limited in these studies,
with little focus on in-depth interpretability. For instance, Khan et al. Examples in RS
[162] compared two Transformer-based architectures for land cover clas-
sification, employing multiple post-hoc explanation techniques to elu-
cidate the predictions. However, the self-attention mechanism was not
leveraged for intrinsic model explanation. Kim et al. [163] extracted
multiple attention maps from a convolutional network embedded in
a satellite’s on-board system, automatically identifying samples with
inconsistent maps. These samples were then sent to a ground station
for correction by expert annotators before being communicated back
to the satellite to update the model. While this work provides a frame-
work that uses attention maps as a tool for improving the model in a
weakly supervised manner, it remains restricted to computer vision tasks
and focuses primarily on local explanations (i.e., explaining individual
predictions without generalizing insights across multiple samples). In
another study, Xu et al. [333] trained an attention-based long short-term
memory (ALSTM) network and a Transformer model for crop mapping,
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and analyzed raw attention weights to provide explanations. While their
analysis was primarily descriptive, further processing of the attention
weights could have revealed deeper insights into the model, as we will
demonstrate in our work.
In the context of yield prediction, while many studies have exploredAttention-based

explanation for yield
prediction

the impact of the time- and region-wise drifts on the model performance
[125, 126] or used attention-based models to enhance task accuracy [213,
142, 168, 249, 187, 155], we could identify only one study which has
explicitly focused on explaining such models. Tian et al. [301] used
an ALSTMmodel, which combines a LSTM network with an attention
layer, to predict winter wheat yield at the county level in central China.
Their input data includes an early fusion of two vegetation indices and
two climate-related features. The target yield data used covers only 22
counties from Shaanxi province, with spatial and temporal resolutions of
500m and four growth stages, respectively. However, this study does not
leverage the attention mechanism for inherent explainability, and relies
instead on post-hoc methods.
In this section, we demonstrate how the attention mechanism, partic-Main research

questions ularly in Transformer-based models, can be leveraged to enhance the
intrinsic interpretability of multimodal networks. Specifically, we inves-
tigate the following research questions:

RQ1: Which intermediate-fusion-based multimodal network archi-
tecture performs best for the task of yield prediction, given the
four modalities used in this study?

RQ2: What can the analysis of the intermediate representations re-
veal?

RQ3: Which method for estimating temporal attributions is most
reliable?

RQ4: Can the temporal attributions provide agronomically relevant
insights?

RQ5: Which modality attribution method is most reliable?

3.3.2 Dataset

In this section, we continue our work on the yield prediction task to serve
as a testing ground for evaluating the interpretability of multimodal
networks. We employ an expanded version of the dataset detailed in
Subsection 3.2.2 from the preceding section. A summary of the distribu-
tion of this updated dataset can be found in Table 3.9, while Figure 3.16
visually represents its geographical distribution.

Given that the intermediate fusion approach processes each modalityTemporal sampling
separately, we maintain the original temporal resolution of the satellite
and weather modalities, as shown in Table 3.2. On the other hand, aSpatial alignment
spatial alignment is applied, as the data is processed on a pixel-wise basis.
This implies that, for each 10x10m pixel, we need to extract information
from all input modalities. Figure 3.17 illustrates the data preparation
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Tab. 3.9.: Yield data description. We train different models for each country-
crop pair.

Country Crop Years # Farms # Fields # Pixels
Argentina corn 2017-2023 21 147 1,003,133
Argentina soybean 2017-2023 29 289 2,103,250
Argentina wheat 2017-2022 13 61 497,651
Germany wheat 2016-2022 6 188 306,843
Germany rapeseed 2016-2022 6 111 306,843
Uruguay soybean 2018-2022 10 572 2,177,206

steps for spatially aligning the modalities and target data, as well as the
pixel-wise processing using the intermediate fusion model.

We also change the data splitting strategy, by creating training, valida- Data splitting
tion and test sets, consisting of 60%, 20% and 20% of the data, respectively.
Since each sample represents a pixel from a field, we grouped samples by
field to ensure that the model encounters unseen fields in the validation
and test splits. To maintain a consistent data distribution, we stratified
the splits by year, ensuring that each split contains data from all years.

3.3.3 Model Performance under Complex Architectures

To address RQ1, we outline in the following the models used for crop
yield prediction based on pixel-wise processing of spatially aligned
modalities. We test various neural network architectures for intermediate
fusion approach, by encoding each modality separately, before fusing the
learned representations, and subsequently making the final prediction.

Modality Encoders

Depending on the modality’s nature (static or temporal), we use differ-
ent neural network architectures to encode its representation. For static Encoder networks per

data typemodalities, such as the terrain elevations (i.e. DEM) and soil properties,
we use MLPs. For temporal modalities, such as satellite and weather
data, we test three different types of architectures: recurrent networks,
convolutional networks, and Transformers. Each of these modality en-
coders is expected to produce a representation denoted as z ∈ Rd. Figure
3.18 depicts the different architecture types used.

a. Multi-Layer Perceptron MLPs are a type of artificial neural network
where information flows from the input layer to the output layer, with-
out any loops or cycles. MLPs extract features by learning high-level
representations through layers of neurons, each performing a weighted
sum followed by a non-linear activation function. In our implementation,
we use two fully connected layers: the first (intermediate) layer has a
dimension of 2d, and the second (output) layer has a dimension of d,
which returns the modality representation. Batch normalization and the
ReLU activation function are applied after the first layer.

b. Recurrent Networks RNNs are inherently capable of handling tem-
poral data. They process one temporal instance at a time, learning to
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Fig. 3.16.: Geolocation of crop fields in Argentina, Uruguay, and Germany. The
buffer sizes are large to protect data confidentiality. Map generated
using OpenStreetMap data [236] and Plotly python package.

predict outputs and maintain a hidden state at each step. The hidden
state is optimized to focus on important information while discarding
irrelevant or redundant data. In our implementation of the RNN, we use
a stack of two LSTM cells [131] with a dropout rate of 0.3, followed byLSTM-based model
a linear layer which transforms the LSTM output at the final time step
to a dimension of d. Before applying the linear layer, we include batch
normalization to improve training stability. We also explore another
RNN , ALSTM [301], which aggregates outputs from all time steps usingAttention-based

LSTM a weighted combination, rather than relying solely on the final time step.
The weights are computed using a form of scaled dot-product attention
[316].

c. Convolutional Networks 1-Dimensional convolutional neural net-
works (1D-CNNs) are commonly used for processing sequential data,
such as time series or natural language, by applying convolutional filters
across a one-dimensional input. Unlike RNNs, which process one time
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Fig. 3.17.: Diagram illustrating the overall workflow, from input modalities and
target data acquisition, to model processing and pixel-wise crop yield
prediction.

step at a time, 1D-CNNs use convolutional filters to capture patterns or
features in a hierarchical manner along the temporal dimension of the
input. Our implementation follows the feature extraction approach in
[244], with the modification of using a linear layer at the end instead of
a SoftMax layer to produce a modality representation of dimension d.

d. Transformers Transformers are highly effective for modeling tempo-
ral data due to their ability to use self-attention mechanisms to capture
long-range dependencies within the input sequence [22, 316]. Unlike
RNNs and 1D-CNNs, which process data sequentially or locally, Trans-
formers attend to all time steps simultaneously, allowing them to more
effectively capture complex temporal patterns. The input features are first
passed through a linear embedding layer, which transforms each time
step into a token of size d, while a learnable regression token (similar to
the class token in [60, 69]) is added to interact with all time steps. Before
adding the regression token and feeding the data to the Transformer
layers, positional encoding is applied based on the date of the time step,
as suggested in [316]. Specifically, we use two calendar years, covering
the crop season, and for each time step, we calculate the number of days
elapsed from the beginning of the first year to determine its index. This
positional encoding follows the approach of [316], except we use the
index calculated in days as described. The transformed input is then
processed through multiple layers of Transformer encoders, each consist-
ing of multi-head self-attention (MHA) and position-wise feed-forward
networks. In each Transformer layer, the input undergoes layer normal-
ization before being processed through the MHA. The output from the
MHA layer is added back to the input via a residual connection, followed

3.3 Intrinsic Interpretability with Intermediate Modality Fusion 61



Fig. 3.18.: Multimodal architectures with concatenation fusion for yield predic-
tion. The abbreviations used for the input modalities are as follows:
S2 [Sentinel-2 Satellite], W [Weather], So [Soil], and D [DEM].

Fig. 3.19.: Schematic representation of a single Transformer layer composed of
three heads. Q, K, and V stand for the query, key and values used
at the attention mechanism, which are all a duplicate of the input
sequence. FC refers to fully connected layer, while PWFF stands for
the pixel-wise feed-forward network.

by a second normalization step. A position-wise feed-forward network
is then applied, with its output also added through residual connections.
This process is repeated across several Transformer layers, with the final
modality representation derived from the output of the regression token.
Figure 3.19 illustrates the architecture of a single Transformer layer with
three heads.

e. Fusion and Regression Given the heterogeneous nature of the in-
put modalities usually interacting in agricultural applications and RS,
intermediate-level fusion is better-suited for our study, compared to early
and late fusion [186, 212]. Each modality is first processed by a ded-
icated encoder, which maps the input into a feature representation of
dimensionality d. The learned representations from all m modalities are
then fused via simple concatenation along the feature dimension, and
the resulting fused representation has a dimensionality of d′ = m × d.
Finally, this fused representation is passed through a linear regression
layer, which maps the d′-dimensional feature vector to a scalar output,
i.e. the yield prediction.

Model Finetuning & Training

The different model architectures incorporate multiple hyperparame-
ters that can influence model performance. We tested for each networkHyperparameters

selection
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various configurations of hidden sizes, number of layers and number
of attention heads (when applicable) to optimize performance for the
yield prediction task. For this purpose, the dataset was split into training,
validation, and test sets, with the validation set used to select the best
network configuration, and the test set used to evaluate and report the
model’s performance on unseen data.

The models were trained using mini-batch stochastic gradient descent Training setup
with the Adam optimizer and decoupled weight decay [195]. We em-
ployed a learning rate scheduler that begins with a linear warm-up for 5
epochs, followed by cosine decay for 50 epochs [196]. Early stopping was
implemented to stop training when the validation loss did not decrease
for 10 consecutive epochs.

Model Evaluation

In the following, we provide answers toRQ1, which goal is to identify the
best performing multimodal network architecture for yield prediction,
and to select the model to be explain when addressing RQ2-RQ5.

a. Quantitative results To assess the performance of the models de-
scribed in Subsection 3.3.3, we use the validation set to compare multiple
instances, according to their R2 score. We subsequently select the best- Model selection
performing models per architecture, for which we report the test-set
scores in Table 3.10, including the MAE and RMSE metrics. The subfield- Field- and

Subfield-level scoreslevel scores refer to the average performance across the pixel samples,
while the field-level refers to the accuracy of predicting the average yield
per field, by averaging the pixel-level target values and predictions.

We first observe that the subfield-level metrics are consistently worse Outperformance of
field-levelthan the field-level values. This difference arises from the increased com-

plexity of the task of accurately predicting the yield values for individual
pixels, as compared to estimating the average yield. The pixel-level pre-
dictions demand a higher level of detail and precision, making it a more
challenging task than field-level predictions, where averaging helps to
smooth out local variations.

Comparing model architectures, the Transformer model demonstrates Outperformance of
Transformersa clear advantage in performance at the subfield-level, compared to the

convolutional and recurrent networks. The scores become closer at the
field-level, where the Transformer remains optimal, followed closely
by the 1D-CNN. This observation aligns with the efficient performance
of the temporal convolutional networks demonstrated in Chapter 5 on
different EO applications. We also notice that at the field-level, the at-
tention mechanism improves the performance of the recurrent network,
highlighting the role of attention in enhancing the predictive accuracy in
ML.

We further compare the inference time of the best performing models Inference time
in Table 3.11. Inference experiments were conducted over a batch of 1000
samples, and results were averaged across 500 batches. The machine
setup included an NVIDIA V100 GPU with 16GB of memory, 50 CPUs,
CUDA version 11.8, Python version 3.8.10 and PyTorch version 1.14.0.
We observe in Table 3.11 that without a GPU, the convolutional model CPU performance
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Tab. 3.10.: Comparison of model performance evaluated on the subfield-level
(i.e. pixel level) and the field-level on the test set. R2 has no unit,
while RMSE and MAE are in t/h.

Model # Parameters Subfield-Level Field-Level
R2 RMSE MAE R2 RMSE MAE

1D-CNN 6,333,377 0.42 2.58 1.94 0.74 1.41 1.02
LSTM 54,977 0.41 2.61 2.01 0.71 1.71 1.32
ALSTM 38,017 0.41 2.59 1.99 0.74 1.47 1.19

Transformer 147,073 0.52 2.35 1.74 0.78 1.42 1.02

Tab. 3.11.: Comparison of model inference time on a batch of 1000 samples.

Model CPU GPU
Mean(s) STD (s) Mean (s) STD (s)

1D-CNN 0.549 0.090 0.006 0.013
LSTM 4.048 0.575 0.003 0.002
ALSTM 2.800 0.482 0.003 0.004

Transformer 2.055 0.156 0.020 0.002

exhibits the highest inference speeds, slightly exceeding half a second
per batch, on average, followed by the Transformer model which slightly
exceeds two seconds. In contrast, recurrent networks demonstrate the
slowest speeds, primarily due to their sequential processing of time
steps. When using a GPU, the speed ranking is reversed, as the recurrentGPU performance
networks achieve the fastest processing times. Nevertheless, the inference
times of all models remain mostly below 22 milliseconds.

b. Transformer configuration To investigate the behavior of different
configurations of the Transformer-based model, we report the evalua-
tion metrics on the validation and test sets across various model setups,
focusing on the five best-performing instances, as shown in Table 3.12.
We observe that the models achieve comparable performance on theValidation set

performance validation set: the R2 scores range between 0.75 and 0.77, the MAE falls
within 1.35 and 1.43 t/ha, while the RMSE values are within the range
of 1.85-1.92 t/ha. However, a relatively larger variance is observed in
the test set results. The range of R2 values varies between 0.39 and 0.52,Test set performance
while MAE ranges between 1.74 and 1.97 t/ha, and RMSE ranges from
2.35 to 2.64 t/ha. The models ranked first and fifth on the validation set
achieve the best performance on the test test, with a moderate margin
above other models. These observations suggest that the generalization
capacity of the model on the validation set does not necessarily transfer
to the test set. The similar performance observed in the validation set fur-
ther indicates that changes in model parameters, such as the number of
heads or layers, have a relatively minor impact on overall performance.

Based on these results, and in order to prioritize simplicity and ease ofModel selection for
explainability interpretation over marginal gains in evaluation metrics, the explanation

experiments in the following subsections will focus on the fifth model,
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Tab. 3.12.: Comparison of Transformer models performance on the subfield-
level. Best and second-best scores are highlighted in bold and un-
derlined, respectively. R2 has no unit, while RMSE and MAE are in
t/h.

Hidden
size Heads Layers Validation set Test set

R2 RMSE MAE R2 RMSE MAE

64 4 2 0.77 1.85 1.35 0.52 2.35 1.74
32 2 2 0.76 1.86 1.36 0.39 2.64 1.97
64 1 2 0.75 1.91 1.38 0.40 2.61 1.95
32 2 6 0.75 1.91 1.42 0.44 2.54 1.93
32 1 4 0.75 1.92 1.43 0.48 2.44 1.83

which we will refer to as the "selected" model. Achieving the closest
performance to the best model on the test set, the selected model offers
the advantage of using a single head in the Transformer encoders. The
decision to select one attention head has several advantages. It simplifies Model selection

benefitsthe estimation and interpretation of attention-based attribution results,
which we will present in detail later. By focusing on a single head,
we avoid having to interpret multiple heads individually or average
their results, which could lead to oversimplification or suppression of
unique patterns learned by each head. Averaging results may mask
important insights gained through specific heads, as discussed by Abnar
and Zuidema [1] and Chefer et al. [42]. However, interpreting individual
heads adds complexity to model interpretability, as mentioned by Voita
et al. [320].

c. Qualitative results To visually compare the performance of the se- Visual comparison of
architectureslected model from each architecture type, we selected two corn fields

from the validation set, referred to as Field-A and Field-B, and plot in
Figures 3.20 and 3.21 their corresponding target, prediction, and relative
error maps. These visualizations help illustrate how well the models
capture spatial patterns in yield predictions and highlight areas where
they may struggle. The fields were chosen based on the evaluation of the Visualized fields
selected Transformer model: Field-A, where the model performed well,
and Field-B, where the model performed poorly.

The results for Field-A are shown in Figure 3.20. The top row displays Results of Field-A
the target yield values alongside the predicted values from the best-
performing 1D-CNN first, followed by the LSTM, the ALSTM, and finally
the selected Transformer model. The average yield is indicated above
each map, alongside the Bhattacharyya metric scores, which measures
the captured yield variance. The second row shows the corresponding
error maps for each model. We notice that the Transformer model pro- Comparison across

architecturesvides the most accurate approximation of the average yield, with 9.18
t/ha compared to the ground truth of 9.25 t/ha, in addition to capturing
the highest yield variance, as indicated by its high Bhattacharyya score of
89.8%. The LSTMmodel follows closely, achieving the same average rela-
tive error of 4% as the Transformer model. In contrast, both the 1D-CNN
and ALSTMmodel struggle to capture the in-field yield variance, as they

3.3 Intrinsic Interpretability with Intermediate Modality Fusion 65



Fig. 3.20.: Qualitative results on Field-A. From left to right: ground-truth and
predicted yield values of the 1D-CNN, LSTM, ALSTM, and Trans-
former models, with the relative prediction error displayed at the
bottom.

achieve lower Bhattacharyya scores of 68.6% and 65%, respectively. The
ALSTMmodel particularly underestimates the yield at several pixels and
regions of the field, as shown in the corresponding relative error map.
Figure 3.21 presents the results for Field-B, where the TransformerResults of Field-B

model did not perform very well. The 1D-CNN and Transformer models
demonstrate a relatively higher ability to approximate the average yield
and capture its variance, with the convolutional model slightly outper-
forming the Transformer model. In contrast, the LSTM and ALSTM
models achieve lower accuracy in predicting the yield, on average, and
tend to underestimate the yield across many pixels, as depicted in the
respective error maps. Interestingly, most models face challenges in accu-
rately predicting the yield near the field borders, with the ALSTMmodel
being an exception, showing better performance in these regions.

Overall, despite the challenges in Field-B, the Transformermodel main-Overall, Transformers
outperform tains comparatively good performance relative to the other models. Con-

sidering CPU and GPU inference times, performance improvements, and
interpretability, we believe the Transformer model offers a well-balanced
choice for the subsequent interpretability analysis.

3.3.4 Interpretability of Learned Representations

In this section, we address RQ2 and evaluate the information content of
intermediate model representations using linear probing, focusing on the
selected Transformer-basedmodel. Next, we analyze the attentionweight
matrices learned by the model, evaluating their similarity across pixels
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Fig. 3.21.: Qualitative results on Field-B. From left to right: ground-truth and
predicted yield values of the 1D-CNN, LSTM, ALSTM, and Trans-
former models, with the relative prediction error displayed at the
bottom.

within the same field, and examining how these weights are distributed
across the different layers of the Transformer encoders.

Linear Probing

To better understand the roles and dynamics of the intermediate lay-
ers, we use linear classifier probes [8]. In practice, linear probes consist
of linear regressors that take as input the latent features learned by an
intermediate layer of the trained model and learns to predict the cor-
responding yield value, as predicted by the model. High accuracy of
this regressor suggests a linear separability of the features at the exam-
ined layer. By comparing the accuracy of linear probes across successive
layers, we can verify how the learned features gradually become more
separable across different modality encoders.
We investigate the linear separability of the intermediate layers of Experimental setup

the selected Transformer model, i.e. the fifth model in Table 3.12. To
facilitate this analysis, we randomly select 100,000 samples, representing
approximately 10% of the corn dataset, using 90% of these samples to
train linear probes and the remaining 10% for testing. For each layer, we
compute its output given the selected samples as inputs, flatten these
latent representations, and then use them to train a linear model to
predict the model’s final yield prediction. The RMSE scores on the test
set are presented in Figure 3.22.
We observe that the intermediate representations learned for the S2 Results & discussion

satellite data demonstrate the highest linear correlation to the predicted
yield values across all layers, followed by the weather data. In contrast,
soil and DEM data show significantly lower linear separability. Given the
static nature of these two modalities, they were processed using shallow
MLPs, and they also have low spatial resolution, which contributes to
their limited potential to predict the yield. When comparing the temporal
modalities, i.e. satellite and weather data, the results indicate that the
linear separability of weather data remains nearly constant throughout
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Fig. 3.22.: RMSE (t/ha) scores of the linear probes attached to the modality
encoders.

the Transformer layers, whereas a significant increase is observed across
the satellite encoder layers. This trend can be attributed to the higher
complexity of the satellite time series, which has the highest spatial reso-
lution and comprises 12 spectral bands, in contrast to the four weather
properties used.

Attention Weights and Aggregations

We introduce in this subsection three different techniques to leverage the
attention mechanism to explain the model inner reasoning.

a. Raw attention weights Since the introduction of attention mecha-
nisms in the literature, many have seen the opportunity to use theweights
for explaining neural networks in EO applications [316, 259, 333]. In-
deed, the attention weights link the input to the subsequent layers of
the network, allowing the model to focus on relevant parts of the input,
and this link is used to interpret the model reasoning behind individual
predictions.

b. Temporal attentions Temporal attentions are extracted from the at-
tention weights to identify the time steps prioritized by the model as it
makes its final prediction. Let Al ∈ RT ×T denote the attention matrix
of layer l, where T is the number of time steps and Al

j,t is the attention
weight assigned to time step t by time step j. To get temporal attentions
Sl = {Sl

1, Sl
2, · · · , Sl

T } , we first compute the total attention received by
each time step t at layer l from all time steps. This value is then nor-
malized by dividing by the total number of time steps T , resulting in a
probability distribution:

Sl
t = 1

T

T∑
j=1

Al
j,t, ∀t ∈ {1, . . . , T}. (3.3)
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This is not to be confused with the summation over each row of the
attention matrix, where the weights form a probability distribution over
time steps due to the row-wise SoftMax normalization [316], and thus:

T∑
t=1

Al
j,t = 1, ∀j ∈ {1, . . . , T}.

The time series Sl of temporal attentions is computed for each layer
and head of the Transformer encoders to understand how attention
is distributed throughout the network. For the final layer L, only the
attention weights associated with the regression token r are evaluated,
as all other time steps are excluded from subsequent processing within
the model:

SL
t = AL

r,t, ∀t ∈ {1, . . . , T}.

To evaluate the information content within temporal attentions, we use Shannon entropy to
measure information
content

Shannon entropy as defined in the foundational work by Shannon [269].
The entropy is computed for each time series of temporal attention Sl at
every layer of each Transfromer encoder. Given that the temporal atten-
tion values are normalized in Equation 3.3, we consider their rangewithin
[0,1] and divide this interval into 100 bins for computing the entropy.
This ensures comparability across modalities. Low entropies indicate
that the model focuses its attention on specific time steps, while high
entropies suggest it spreads attention more evenly along the temporal
dimension.

c. Attention Rollout (AR) In a multi-head multi-layer Transformer block,
each sample generates multiple attention weight matrices. Direct anal- Limitation of raw

attention weights
analysis

ysis of each matrix can be time-consuming and might not easily reveal
the inner workings of the model. Additionally, as we progress through
deeper layers of the model, the identifiability of individual time steps
decreases, resulting in increasingly mixed information. Consequently,
direct probing of attention weight matrices for explainability becomes
impractical. Therefore, to trace the information propagated from the Aggregation through

matrix multiplicationinput layer to the final embeddings of each Transformer block, we employ
Attention Rollout (AR) [1]. This method treats attention weights as pro-
portion factors and iteratively multiplies the attention weight matrices of
the multiple attention layers. The resulting matrix encodes the attention
distributions of the entire Transformer block and can thus serve as a
reliable basis for explanation.

d. Generic Attention (GA) Another approach that leverages the internal
workings of the Transformer model and facilitates its interpretation is
Generic Attention (GA) [42]. Unlike AR, which only uses the attention
matrices, GA propagates information backward from the final output Gradient-based

aggregationthrough the last Transformer layer and subsequently through all preced-
ing layers, using gradients.
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Fig. 3.23.: Cosine similarity of the attention weights from the satellite encoder
of multiple pairs of pixels in a consistent set of 20 random corn fields,
and the corresponding difference in prediction.

Fig. 3.24.: Cosine similarity of theAR andGAof the satellite encoder ofmultiple
pairs of pixels in a consistent set of 20 random corn fields, and the
corresponding difference in prediction.

Attention Weights: In-field Distribution

In this subsection and the following, we investigate the attention weights
learned by the selected Transformer model at different levels of the
satellite and weather encoders.
Considering that for pixels within the same field yield variations areWeights similarity at

field level expected to be minimal and growth conditions are similar, we quantify
the similarity of attention weights at the field-level to later aggregate the
attention-based explanations at this level. We also examine the correla-
tion of attention weights similarity with the prediction similarity of each
pair of pixels. This analysis is conducted through the following steps:
First, 200 pixels are randomly selected from each field. Then, for each pair
of pixels we calculate (i) the cosine similarity between attention weights
and (ii) the difference in predicted yield, separately in each field. Finally,
scatter plots are generated, where the similarity values are plotted per
field and colored according to the corresponding difference in predicted
yield.

An example in Figure 3.23 illustrates the results from each layer of theWeights similarity
results satellite Transformer encoder from 20 random corn fields. For the first

three layers, the distance between the flattened full attention weight ma-
trices is compared, whereas for the final layer, only the weights attending
to the regression token are considered. We notice a pronounced similar-
ity in the three first layers, but it diminishes significantly in the fourth
layer in most fields. Additionally, no correlation is visually identified
between the absolute prediction error and the distance between the at-
tention weights of the compared pixel pairs. We verify quantitatively the
weak correlation using the Spearman correlation metric, as reported in
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Tab. 3.13.: Minimum, mean, and maximum Spearman correlation values be-
tween pairwise cosine similarity scores and prediction differences
across 20 corn fields.

Attention Weights Layers AR GA1st 2nd 3rd 4th
Min -0.13 -0.17 -0.10 -0.18 -0.14 -0.14
Mean 0.00 -0.01 0.00 0.00 -0.01 0.00
Max 0.09 0.09 0.09 0.13 0.13 0.12

Table 3.13. The results imply that similar predictions are not necessarily
associated with a similar distribution of attention across different time
steps, even for pixels within the same field.

We also conducted the same analysis to compare theAR andGA results. Similarity results for
AR and GAAs shown in Figure 3.24, a strong similarity is noted between the AR

attributions at the field-level, in contrast to larger differences observed
in the GA results. We believe that the high similarities observed in the
first three layers in Figure 3.23 should not be entirely outweighed by
the decreasing similarities in the last layers, which suggests a higher
reliability of AR compared to GA. Additionally, a desirable property of Implications on

sensitivity propertyattribution methods is low sensitivity, meaning that minor variations
in input feature values should not lead to significant changes in the
attributions [336], as we have seen in Section 3.2.1. Since pixels from
the same field typically experience similar environmental conditions,
their input values are expected to be comparable, and consequently,
their attributions should exhibit consistency as well. Furthermore, the
inclusion of gradients in the computation of GA could contribute to its
high sensitivity, as shown byGhorbani et al. [105] in other gradient-based
attribution methods.
For the weather Transformer encoder, we observe perfect similarity

across all evaluated fields, irrespective of the method used. This is at-
tributed to the low spatial resolution of weather data, leading to identical
input weather values for all pixels within the same field.

Attention Weights: Layer-wise Distribution

After assessing the similarity of the attention weights across different
pixels, we now study their temporal distribution across different layers.
We compute the time series Sl of temporal attentions for each layer l as
described in Section 3.3.4.b. Figure 3.25 presents these results for the
temporal modalities, with Field-A shown in the top row and Field-B in
the bottom row. Results from other fields are displayed in Appendix
E.1.
In the case of the satellite time series, we observe that the attention Satellite temporal

attentionsweights from the first layer are distributed smoothly across the entire
time series. In contrast, the second and third layers exhibit more peaks,
which become significantly more pronounced in the fourth layer. These
differences across layers were also observed in similar previous studies
[333]. Moreover, the varying patterns of attention distribution across
different fields confirm that each layer is capturing unique temporal dy-
namics relevant to the conditions of each field. For the weather encoder, Weather temporal

attentions
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Fig. 3.25.: Total attention weights attending at each time step for the first 3
attention layers, and the regression token weights in the final layer.
The results are averaged across 200 randomly selected pixels from
Field-A, at the top, and Field-B, at the bottom, and are displayed
for the satellite (a) and weather (b) Transformer encoders. The
light buffer regions represent the 95% confidence interval around
the average value.

the attention distribution results reveal that the second and fourth lay-
ers exhibit a particularly discriminative behavior across different time
steps.
To understand the information content within temporal attentions,Shannon entropy in

Fields A and B we use Shannon entropy as described in Section 3.3.4.b. The results are
presented in Table 3.14 for Field-A, Field-B, and three randomly selected
fields (the same fields used in Appendix E.1). We observe that the first
and last layers of the satellite encoder have the lowest entropy values,
which indicates that most of the attention mass is concentrated at few
time steps. For the weather encoder, the lowest scores are observed at
the first and third layers.
To gain a broader understanding of the entropy distribution acrossEntropy across corn

dataset the corn dataset, Figure 3.26 visualizes entropy scores across all corn
fields. The figure confirms the general observation that the lowest en-
tropy scores occur in the first and last layers of the satellite encoder, and
in the first and third layers of the weather encoder. Additionally, a com-
parison between the two encoders reveals that the entropy values in the
weather encoder layers are generally lower than those in the satellite en-
coder layers. This suggests that weather information relevant for model
prediction is concentrated within fewer time steps, whereas the useful
satellite information is distributed more evenly throughout the growth
period.

These findings highlight the differential use of attention mechanisms
across modalities and how different layers of the Transformer model
specialize in capturing various temporal aspects of the data, providing
insights into how the model interprets and prioritizes different parts of
the time series for yield prediction.
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Tab. 3.14.: Entropy of temporal attentions retrieved from the satellite and
weather encoders, averaged across 200 pixels from each field. Lowest
entropies per field and modality are highlighted.

Field-A Field-B R.Field-1 R.Field-2 R.Field-3

Satellite
encoder

1st layer 1.58 2.16 0.88 1.48 1.34
2nd layer 2.11 2.50 1.97 1.72 1.86
3rd layer 2.01 3.04 1.65 2.03 2.09
4th layer 1.54 1.77 1.50 1.50 1.68

Weather
encoder

1st layer 0.00 0.00 0.39 0.00 0.00
2nd layer 0.38 0.57 0.77 0.53 0.65
3rd layer 0.00 0.00 0.25 0.00 0.00
4th layer 0.77 0.34 0.86 0.72 0.63

Fig. 3.26.: Shannon entropy of the satellite and weather temporal attentions,
averaged across 200 pixels from each corn field.

3.3.5 Interpretability through Input Attributions

Methodology

To address RQ3, we extract temporal attributions from the AR and GA Attribution methods
attention matrices by using the attention weights of the regression token
from the last layer of the Transformer block. We further include the
SVS method in the analysis, to compare the two attention-based attri-
butions against post-hoc, model-agnostic attributions. A quantitative Attribution

evaluation methodsevaluation of the three methods is conducted, using the sensitivity and
infidelity scores. The SVS method and the attribution evaluation metrics
are described in the previous chapter, in Section 3.2.1.

The computation of the SVS scores involves occluding features to assess Time-wise occlusion
in SVSthe impact of their absence on the prediction. In this chapter, we mask

entire time steps instead of individual features, replacing them with
baseline values computed as the mean of each masked variable across
the dataset.

Temporal Attributions

We analyze in this section the temporal attributions provided by the three
attribution methods: AR, GA, and SVS. Figure 3.27 displays the average
attributions for Field-A and Field-B, while results for additional corn
fields are provided in E.2.

a. Entropy Analysis We conduct again an entropy analysis to quantify
the information compressed within the temporal attributions of each
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Fig. 3.27.: Field-level average attributions of the satellite andweathermodalities,
for Fields A and B. Due to the high computational cost associated
with the SVS method, we limited the number of pixels sampled per
field to 32 pixels.

Fig. 3.28.: Shannon entropy of the satellite and weather temporal attributions,
averaged across 32 pixels from each corn field.

modality. The results, shown in Figure 3.28, reveal that the attributions ofComparing modalities
the satellite data exhibit higher entropy compared to those of the weather
data. This indicates that the important information in the satellite modal-
ity is distributed along a wider range of instances. Interestingly, this
observation aligns with the findings from the entropy analysis of the
attention weights, suggesting that the entropy patterns of the attention
mechanism are preserved in the estimated feature attributions. Compar-
ing the three methods, AR demonstrates the lowest entropy scores onComparing

attribution methods average across both modalities, whereas GA exhibits the highest scores.
This indicates that AR identifies a smaller subset of instances with sig-
nificant influence on the model predictions. In contrast, GA identifies a
broader set of important time steps. The behavior of SVS falls between
these two patterns.

b. Similarity Analysis A visual assessment of the similarity between theQualitative analysis
curves in Figure 3.27 further reveals a degree of alignment among the
attribution methods. For instance, there is a clear correspondence among
the peaks identified by the three methods within the satellite attributions
of Field-A, while a (less pronounced) alignment can be noticed in the
weather attributions of Field-B, particularly between AR and SVS. To
quantitatively assess the similarity between the different methods, weQuantitative analysis
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Fig. 3.29.: Distribution of field-level cosine similarities between every pair of
the compared attribution methods: GA, AR and SVS.

Fig. 3.30.: Infidelity and Sensitivity scores of the temporal attributions estimated
by AR, GA, and SVS methods.

calculate the cosine similarity between each pair using the field-level
averaged attributions, and display in Figure 3.29 the distribution of the
results across all corn fields, using 32 pixels per field. When comparing
the modalities, we observe that the attribution scores of the satellite data Comparing across

modalitiesconsistently exhibits higher similarity scores than weather data. This
implies that the attribution methods align more closely when estimating
temporal attributions for the satellite signal. A potential explanation lies
in the lower entropy scores of weather data, which limits the temporal
spread of important information and subsequently decreases the like-
lihood of alignment between methods. When comparing the methods,
GA exhibits higher similarity to AR than SVS, on average. Interestingly, Comparing across

methodsAR and SVS provide the most similar weather attributions and the least
similar satellite attributions. Yet, the similarity scores for this pair remain
within a comparable range across both modalities, indicating a more
robust and consistent alignment between AR and SVS.
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Fig. 3.31.: Field-level average attributions of the satellite andweathermodalities,
for three random soybean fields. The six growth stage periods are
shown in the background of each plot.

c. Quantitative Evaluation The sensitivity and infidelitymetrics are used
to evaluate and compare the robustness of the attributions generated by
the three methods. Each metric assigns a single-valued score per pixel,
with smaller values indicating greater robustness and stability. Figure
3.30 presents these results across all corn fields, using 32 pixels per field.
We observe that the infidelity scores are consistently low across all threeInfidelity scores
methods, indicating a strong alignment between the magnitude of the
attributions and the impact that input perturbations have on the model’s
predictions. It further suggests that all attribution methods effectively
capture the relationship between input features and model outputs. In
contrast, the sensitivity scores are notably higher, particularly for theSensitivity scores
attributions generated by the GA method. This result corresponds to
the findings in subsection 3.3.4, where GA was observed to provide
inconsistent and distant attributions for pixels within the same field. The
stability of the AR attributions is observed across other crops and regions,
as we demonstrate in Appendix E.2.

d. Agronomic interpretation The attribution results can potentially offerGrowth stage
attributions valuable agronomic insights about the growth stages most influential

for the model’s predictions. Such analysis requires additional informa-
tion about the start and end dates of the crop’s growth stages at each
field. While this metadata was not consistently measured throughout
the growing season, we obtained approximate growth stage information
for a subset of soybean fields4. Figure 3.31 illustrates three examples
of soybean fields, where the temporal attributions are presented along-
side the corresponding growth stages. To address RQ4, we study the
alignment between the identified critical growth stages and established
agronomic knowledge, similarly to the analysis conducted in 3.2.5. A
detailed discussion is included in Appendix E.2.

Weather Events

To investigate the possible impact of special weather events on theirConnecting
attributions with
weather events 4Phenology data was provided by www.xarvio.com, using their in-house developed and

commercially deployed growth stage models.
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Fig. 3.32.: Decision Tree with two levels, predicting the AR temporal attribu-
tions of the weather Transformer encoder. The color of each box is
used as a scale for the predicted attribution values.

attribution score, we train a decision tree model to predict the attribution
of each time step based on its weather properties: minimum, average,
and maximum daily temperatures, as well as total precipitation. We
additionally include the number of days before harvest among predictive
features, allowing the model to contextualize each weather event within
the growth cycle of the crop. Specifically, we randomly sample 200 pixels Experimental setup
from each field, merge the associatedweather time series together, shuffle
the instances to break the sequences, and then partition the datasets into
80% for training and 20% for testing. We train a separate decision tree
for each set of corn fields belonging to the same farm and the same year.
We experiment with decision tree depths of two and three, to ensure the
learned models remain interpretable.
Figure 3.32 presents the results of a two-level decision tree model Results of a bilayered

decision treetrained on data from a farm with two fields from the 2023 season, using
AR scores as the target attributions. The R2 scores of the decision tree
for this farm were particularly high and thus reliable for interpretation,
reaching 0.75 in both the training and test sets. The figure represents the
splitting of the training set, composed of 70,400 samples. We observe
that the number of days before harvesting is the only variable used
to split the tree. The darkest leaf in the tree, representing 2.7% of the Influential weather

eventstraining set (1909 samples), shows a notably high attribution score of
0.017. These high-importance events occur between 213 and 207 days
before harvesting. The remaining instances have attributions between
0.004 and 0.006, covering 97.3% of the training samples. These results
reveal where the highest mass of the attributions is located within the
growth cycle for the considered farm.
A slight increase in the tree depth can improve the tree performance

across multiple farms while maintaining interpretability. Figure 3.33 Results of a
three-layered decision
tree

illustrates the weather events decision tree, of three levels, for a farm
of three fields from the year 2023. For this farm, the tree model uses
weather variables for splitting, in addition to the number of days before
harvesting of each instance. It achieves an accuracy of 79% on both
the training and test sets, on the task of predicting the AR temporal
attributions. We observe that the left branch of the tree covers a large
portion of the training samples, greater than 95.5%. This branch includes
90% of the instances with attribution scores ranging from 0.004 to 0.005,
corresponding to days between 10 and 199 prior to harvesting. To identify
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Fig. 3.33.: Decision Tree with three levels. The results shown are on the train set
of 3 fields from the same farm, from 2023, predicting the AR temporal
attributions of the weather Transformer encoder.

the samples most critical to the model’s predictions, we focus on theInfluential weather
events nodes and leaves with the darkest shading. Approximately 1% of the

training samples occurring earlier than 198 days before harvesting, and
associated with a mean temperature below 299.2 K, exhibited attribution
scores between 0.017 and 0.021. Particularly, days where the minimum
temperature exceeded 290K attained the highest attribution score of 0.021.
This finding indicates that such weather events are highly influential in
the Transformermodel, suggesting a critical role that specific temperature
conditions play in the early days of the growing cycle.

Modality Importance

After evaluating temporal attributions for satellite and weather modal-
ities in Section 3.3.5 and analyzing their role in identifying important
weather events in Section 3.3.5, we now address RQ5 and investigate two
modality attribution methods in order to compare the relative impact of
the different modalities on model predictions. The first method is de-
rived from SVS scores, while the second one is a newly proposedmethod,
Weighted Modality Activation (WMA), based on the inner parameters
of the model, as we describe in the following.

a. SVS-based modality attribution SVS can estimate the contribution of
each individual input feature to the model’s predictions. To get the rela-
tive importance of different data modalities, we aggregate the absolute
SVS scores per modality. Specifically, for each pixel, we compute the
importance score of each input feature by taking the absolute values of
the SVS scores, which are then summed separately for each modality. To
ensure comparability, we subsequently scale the modality scores such
that they sum to one.

b. Weighted Modality Activation (WMA) Since the multimodal networks
described in Section 3.3.3 use a concatenation-based fusion followed
by a linear layer, we propose to exploit this structure to infer modality
attributions. We can rewrite the final prediction ŷi of sample i as the
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Fig. 3.34.: Comparing the modality scores for the same random set of 50 corn
fields.

weighted combination of the modality activations zi = concat (zm
i ) ,,

with m ∈ { satellite (sa), weather (w), soil (so), dem }:

ŷi = w.zi + b =
∑
m

wm.zm
i + b =

∑
m

ŷm
i + b,

and infer modality relevance scores Rm
i :

Rm
i = ŷm

i

ŷi − b
,

where w = concat
(
wsa, ww, wso, wdem

) and b are the weights vector
and bias of the final regression layer, respectively. This approach can be Similarity between

WMA and CAMviewed as an alternative to CAM and Grad-CAM methods [348, 267],
which are widely used for explaining classification tasks in computer
vision. However, while CAM and Grad-CAM are specifically designed
for convolutional networks operating on a single modality, our method
is applicable to any multimodal regression task using a concatenation
fusionmechanism and aMLP as a regression head. Furthermore, it can be
extended to various differentiable fusion strategies and regression heads
using gradient-based techniques, similar to how Grad-CAM extends
CAM.

c. Results comparison We compute the SVS andWMAmodality scores
on a random selection of 32 pixels per field, using the samepixels sampled
in Section 3.3.5. The scores are then aggregated per field by averaging
the modality scores across the 32 pixels. In Figure 3.34, we compare both
methods and present the modality scores for 50 corn fields.

WMA scores indicate that soil features have the highest impact on the WMA results
prediction, accounting for an average of 41.3% across all fields, followed
by satellite data at 29.4%. Terrain elevation features and weather data
have the smallest share of contributions, with an average importance of
15.1% and 14.2%, respectively. In contrast, Shapley values indicate a dif- SVS results
ferent distribution of relative importance, with satellite data contributing
the predominant share at 89.5% on average, followed by weather at 7.9%.
Soil and DEM features have only a minimal impact, contributing less
than 2% and 1%, respectively.

We attach in Appendix E.3 the results of the same comparison for other Extended results
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crops and regions, in which the satellite modality remains predominant
according to the SVS results, while it contributes much less according to
the WMA. This difference can be particularly attributed to the computa-
tional process: WMA relies only on the regression head to infer modality
scores, while the SVS method uses the entire model.

Notably, a similar study on yield prediction computed modality scoresRelated work
resembling our WMA attributions [213]. Although their results align
more closely with SVS scores, their model incorporates two key modifi-
cations: (1) replacing our Transformer encoders with LSTMs, and (2)
employing an attention-based fusion approach rather than simple con-
catenation. These architectural differences prevent a direct comparison
with our results.

3.3.6 Summary

We summarize in the following the main takeaways of this chapter. We
recall the research questions we defined and provide their responses in
the light of the experimental results discussed above.

RQ1: Why was the Transformer-based model chosen?
To process multimodal data, we designed networks with an intermediate
fusion mechanism, enabling the training of modality-specific encoders
to address the unique characteristics of each modality effectively. We
evaluated convolutional, recurrent, and Transformer-based networks,
comparing their accuracy and inference times. The results demonstrated
that the Transformer-based model offers a good balance between high
performance and inference speed, in addition to its potential to provide
intrinsic interpretability of its predictions.

RQ2: What did the analysis of the intermediate representations re-
veal?
The linear probing experiments revealed that satellite representations
exhibit a significantly stronger linear correlation with the predictions
compared to representations from other modalities. This linearity im-
proves progressively across deeper layers of the model. Further analysis
of the learned attention weights within the satellite encoder showed
that the first three Transformer layers generate similar weights for pixels
within the same fields, while the fourth layer introduces greater diversity
at the field level. Importantly, these variations in attention weights were
found to be uncorrelated with differences in predicted yield. Examining
the temporal distribution of attention weights uncovered distinct pat-
terns of key time periods for the satellite and weather encoders. Entropy
analysis highlighted that important weather information is concentrated
within a few critical time steps, while the satellite information relevant
for predictions is distributed more evenly across the entire growth cycle.

RQ3: Which method for estimating temporal attributions is most
reliable?
We compared two model-specific methods, namely AR and GA, against
a model-agnostic technique, SVS. Due to the impracticality, or even un-
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feasibility, of acquiring ground truth labels for the feature importance
scores at each pixel, we relied on comparative analyses and quantitative
evaluation metrics to assess the attribution methods. The infidelity and
sensitivity scores highlighted that AR delivers more consistent and ro-
bust attributions compared to the GA method. While SVS demonstrated
performance close to AR, we would favor the latter for two primary rea-
sons: First, the intrinsic nature of AR enhances its faithfulness to the
model, ensuring the attributions are more aligned with the model’s inter-
nal mechanisms. Second, AR has significantly faster computation times
compared to the lengthy calculations and perturbations required by the
Shapley-based method. These factors collectively make AR a preferable
choice for interpreting model predictions in this context.

RQ4: Can the temporal attributions provide agronomically relevant
insights?
We acquired crop phenology information for certain soybean fields in
Argentina and demonstrated how to interpret temporal attributions in
the context of agronomic knowledge. As detailed in E.2, the availability
of starting and ending dates for each growth stage in each field allowed
us to validate the model’s reasoning against established expert insights.
Specifically, we examined three soybean fields and showed how certain
growth stages known to be critical for the soybean yield were also im-
portant for the model, and explained that certain visual indicators of the
yield at certain stages might also have been used by the model for its
predictions. In contrast, some critical growth stages appeared to have
little influence on the model’s decisions. This raises questions about
potential gaps in the model’s reasoning, calling for further experiments
across multiple fields to validate these observations and explore their
implications on the model performance.

What is the utility of weather events’ analysis?
Temporal attributions of the weather data highlight the significance of
specific time periods for the model’s predictions. The analysis of weather
events conducted in subsection 3.3.5 explores whether particular weather
events have a substantial influence on the model’s decisions. When using
a two-level decision tree, the findings suggest that attribution scores
are more dependent on temporal factors than on climate conditions. In
contrast, the three-level tree-based model incorporate temperature levels
among its key splitting criteria, revealing the correlation between highly
important time steps and their weather properties.

RQ5: Which modality importance estimation method is most reli-
able?
Shapley values stand out for their ability to capture feature interactions
by employing principles from game theory, considering multiple feature
subsets and their contributions to the model before inferring feature
attributions. Notably, SVS modality importance results exhibit a stronger
alignment with the linear separability observed in the linear probing
analysis, which indicated that satellite representations were most corre-
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lated with the final prediction. In contrast, the strength of WMA scores
lies in their inherent connection to the model’s architecture, which makes
their importance estimations more faithful to the model’s behavior [258].
Evaluating the correctness of these methods remains challenging, as the
modality impact scores do not necessarily reflect the agronomic signifi-
cance of each modality, where established field knowledge could have
been leveraged as a reference. Instead, these scores indicate how the
model uses each modality, which depends on its learning scheme and
the data patterns it captured during training.

Overall, this work highlights the potential of leveraging intrinsic inter-
pretability within Transformer-based models to enhance understanding
in multimodal learning frameworks. We examined the learned repre-
sentations for each modality, inferred temporal attributions using both
model-specific and model-agnostic approaches, and proposed WMA, an
intrinsic method to derive modality importance scores. Our experiments
revealed the AR as a reliable intrinsic method for estimating temporal
attributions, outperforming both SVS and GA methods. In contrast, the
modality contributions evaluated by SVS indicated that satellite data
has a predominantly high influence on the predictions, whereas WMA
suggests a more evenly distributed contribution across the four input
modalities.

A notable limitation of this study arises from the variability in seedingLimitations
and harvesting dates across different fields. This variability complicates
the comparison of temporal attribution results at the dataset level, as
the sequence lengths of the temporal modalities varies between fields.
Adding to this challenge is the missing phenology information of various
growth stages for most fields. Furthermore, the modality attribution
analysis did not yield relevant insights due to the conflicting results
obtained between WMA and SVS estimations.

Follow-up studies should prioritize a detailed analysis of the modalityFuture work
attribution methods to explain the conflicting results, and a quantitative
evaluation to determine the most reliable approach for assessing the
relative importance of different modalities in yield prediction tasks. Ad-
ditionally, obtaining detailed growth stage data is essential for extending
agronomical analyses across multiple fields and deriving generalizable
insights. Ultimately, resolving challenges related to the interpretability
can facilitate building on the explainability findings to enforce certain
rules or constraints during the learning phase, potentially optimizing
the model performance.
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Multi-Task Learning 4
4.1 INTRODUCTION

In prior sections, we discussed how the multimodal setup calls for ad-
vanced modeling techniques, often leading to increased model complex-
ity, which comes at the expense of model interpretability [154, 117]. After
having explored various explainability methods for such networks in
case of early and intermediate modality fusion in Chapter 3, we investi-
gate in this chapter a different approach to explaining model predictions
in the context of multimodal learning: we explore how modalities can
be leveraged through multitask learning to intrinsically interpret model
predictions. In particular, instead of additional inputs, we use certain Benefits of switching

from multimodal to
multitask learning

modalities as additional targets to be predicted along with the main task.
We show how this modeling context provides numerous benefits: (1) the
model performance remains comparable to the multimodal baseline per-
formance, and in some cases achieves better scores, (2) prediction errors
in the main task can be explained via the model behavior in the auxiliary
task(s), (3) in case of data scarcity, the additional modalities do not
need to be collected for model inference at deployment. We demonstrate
our approach on three remote sensing datasets, including segmentation,
classification, and regression tasks.

4.2 RELATED WORK

4.2.1 Multimodal and multitask learning

Combining multiple modalities into a common pipeline is a common
practice that aims at improving model performance, whenever suitable
diverse data is available. In fact, it was shown that models fusing data
from different modalities outperform their uni-modal counterparts both
intuitively and provably [138]. Similarly, multitask learning is leveraged Benefits of multitask

learningto predict multiple targets using a shared model, achieving in most
cases smaller memory footprint, reduced number of calculations, and
improved performance [203, 63, 198, 160, 268, 190, 179, 344, 314]. There
are still certain scenarios in which single task networksmight outperform
multitask counterparts, due to the number of tasks, their types, and
the accuracy of their annotated labels [314, 284, 231, 299]. Standley et
al. [284] argue that this improvement is not guaranteed, as multitask Limitations of

multitask learninglearning can sometimes degrade model performance. They attribute
this to multiple factors, including the varying learning rates required
for different tasks, the dominance of one task over others, and gradient
interference, which complicates the optimization process.
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4.2.2 Explainability through multitask learning

Joint training One of the few intrinsic methods in XAI that relies on
multitask learning is joint training. This method generates explanations
by augmenting the original network with additional tasks to explicitly
return textual, imagery or numerical explanations, along with the model
decisions [127, 241, 189, 158, 254, 192, 295]. Hendricks et al. [127] apply
joint training to explain an image classification task of bird species, byPrediction of a textual

explanation predicting the class label along with a textual explanation. Their pro-
posed method relies on sampling techniques and reinforcement learning,
to ensure the explanation describes visual content present in the input
image and contains appropriate information related to the predicted
class. Similarly, Liu et al. [189] propose a framework to generate textual
explanation, among other types of fine-grained explanations, for classifi-
cation tasks in natural language processing. In another language-based
application, Tang and Surdeanu [295] propose an approach for relationPrediction of a binary

label as explanation extraction that jointly learns how to explain and predict. Their approach
consists of learning two tasks: the first one is a relation classification
which predicts the relation that holds between two given entities, while
the second task is an explainability classification which labels words in
the textual context where the extracted relation is expressed as important
or not.

Semantic bottlenecks Another line of explanation methods close to the
joint training family are semantic bottleneck networks. Such models
were introduced by Losch et al. [194] and consist of defining an interme-Encoder-decoder

design for semantic
bottlenecks

diate bottleneck layer where features are enforced to align with semantic
concepts. The proposed encoder-decoder design has the downside of
non-linearity between the representations learned at the bottleneck layer
and the final predictions. To address this issue and improve model inter-
pretability, Marcos et al. [204] proposed to place the semantic layer rightEnhancing linearity

between concept and
prediction spaces

before the final layer, enabling a linear mapping between the concepts
and the predictions. This approach was applied in different applica-
tions. For instance, Levering et al. [179] predicts a landscape scenicness
score over satellite images, and use land cover classes as an interpretable
intermediate task to scenicness regression. Mojab et al. [219] predict
glaucoma, one of the leading causes of blindness worldwide, by gen-
erating two segmentation masks to locate the optic disc and optic cup
regions in a fundus image, before fusing the maps together to assess the
cup-to-disc ratio and predict the presence of glaucoma. Echterhoff et al.
[73] predict user and vehicle behavior in the context of human-assisted
or autonomous driving. Their proposed model includes a concept bot-
tleneck based on visual features to predict and explain driving control
commands.

Our approach While previous methods provide explicit explanations
for model predictions, this is limited in some cases by the availability of
training labels for the explanation task, in the form of semantic labels for
the semantic bottleneck approach, or explicit sentences and scores for
the joint training framework. In our work, we overcome this limitationUsage of available

modalities as
explanatory tasks
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Fig. 4.1.: Comparison of multimodal against multitask setups in a RS dataset.
DEM refers to digital elevation maps.

by relying on available input modalities and turning them into auxiliary
tasks. While this method does not provide explicit explanations, we
explore how to extract insightful results from this framework to intrinsi-
cally explain model predictions through the auxiliary task(s). In Section
4.3, we compare model performance between multimodal and multitask
setups. Subsequently, in Section 4.4, we examine the interpretability of
the multitask experiments.

4.3 MODELING AND PERFORMANCE

In multimodal datasets, additional modalities are typically incorporated
as input data. Yet, not all of them are essential for achieving the base-
line model performance. In particular, satellite imagery in RS datasets
inherently encodes a rich and diverse range of information about the
Earth’s surface. For instance, multispectral sensors capture spectral char-
acteristics across multiple bands, while SAR sensors provide structural
and textural details. Exploiting satellite data characteristic, we focus on
RS multimodal datasets and explore in this section the effect of shift-
ing additional modalities between input data and auxiliary tasks, as
depicted in Figure 4.1. To maintain a robust baseline, we consistently in-
corporate satellite data as one of the input modalities across all multitask
experiments, to avoid significant performance degradation.

To validate our approach, we compare model performance under both
the multimodal and multitask setups. We use three RS multimodal
datasets, covering segmentation, classification, and regression tasks. In
the following subsections, we provide a description of these datasets,
outline the experimental setup for multimodal and multitask modeling,
and present the results for each dataset.
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4.3.1 Datasets

CropYield for Yield Prediction TheCropYield dataset used in this chapter
is the same as that presented in the previous one, but only data from
Argentina is considered (see Section 3.3.2). It contains approximately 500
crop yieldmaps of corn, soybean, andwheat fields, covering crop seasons
from 2017 to 2023. Since the dataset is processed on a pixel-wise basis, it
counts more than 3.5 million input samples. The modalities we use in
this chapter are the satellite multispectral imagery, weather data, DEM
properties, and crop type. The crop type modality is newly introduced
in this study, as we merge samples from different crops, whereas in
the previous chapter, each crop type and region was processed using
separate models. Both satellite and weather data are temporal, spanning
from seeding to harvesting dates each year. Yield maps rasterized at a
10-meter resolution are used as the main target values. Since this dataset
is not publicly released, we further validate our approach using two
additional, publicly available, RS datasets: Benge and TreeSAT .

Benge for Land Cover Segmentation Benge is an open-source1 multi-
modal dataset for Land Use and Land Cover (LULC) segmentation,
extending the BigEarthNet dataset [220, 289, 290]. BigEarthNet con-
tains SAR and multispectral satellite images, from Sentinel-1 (S1) and S2
missions respectively, for 590,326 locations throughout Europe. Benge
complements this dataset by providing additional data for each of these
observations, including elevation maps, weather data, climate zone in-
formation, and seasonal encoding. For weather data, we include all five
weather features (temperature, two wind vectors, relative humidity, and
atmospheric pressure) when the modality is used as input data. In con-
trast, when using weather data as an auxiliary target, we exclude wind
vectors. Following the recommendations of [220], experiments were
initially conducted on a small subset of the dataset. Subsequently, the
best-performing architectures were trained on the 0.2 split of the full
dataset, in order to balance computational efficiency with comparable
performance.

TreeSAT for Tree Identification TreeSAT is an open-source2 dataset for
tree species classification in Central Europe based on multi-sensor data
from aerial imagery and satellite observations, including SAR (S1) and
multispectral (S2) satellite images [5]. The dataset consists of 50 381 im-
age patches and contains labels of 15 tree genera (the main classification
task), nine forest stand types, and three foliage types, corresponding to
classification levels 3, 2, and 1, respectively. These classification levels are
referred to as L3, L2, and L1. Additionally, it includes an approximation
of tree age, which is treated as a continuous rather than a categorical
feature. The labels are derived from the forest administration data of the
federal state of Lower Saxony, Germany.

1https://github.com/HSG-AIML/ben-ge
2https://zenodo.org/records/6780578
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Table 4.3.1 provides a summary of the modalities used in each dataset,
highlighting the main input modalities and the main target.

4.3.2 Experimental Setup

Modality Encoders We evaluate and compare the performance of both
multimodal andmultitask learning onmultimodal datasets. Given the di-
versity of the input data types, we adopt an intermediate fusion approach:Intermediate fusion

pipeline each input modality is processed by a dedicated encoder, generating an
intermediate representation, which is then fused across modalities before
being passed to a task-specific head for the final predictions. The inter-
mediate fusion approach is flexible in handlingmultiple input modalities
despite differences in data type, spatial characteristics, or temporal reso-
lution. This approach has also often outperformed early and late fusion
techniques, particularly in RS applications [212]. The architecture of the
encoder is chosen based on the types of the input and the target. For im-Encoder types for each

input type agery inputs, we either use a U-Net architecture in segmentation tasks or
a convolutional network in other tasks. If the input image is small, such
as in low-resolution satellite imagery, we flatten it and process it using
a MLP. Time-series inputs are processed using Transformers, including
positional encoding based on each timestamp. Tabular data are processed
using MLPs, whether they include a single or multiple features. Finally,
for categorical inputs, we use a MLP or an embedding layer.

Intermediate Fusion The intermediate representations generated by the
modality encoders are combined at the fusion block through concate-
nation, optionally followed by convolutional layers. For regression andIntermediate fusion

mechanism per task classification tasks, each encoder outputs a 1-dimensional feature vector
representing its respective modality. These vectors are simply concate-
nated at the fusion stage, with no additional processing. For segmentation
tasks, modalities are encoded into a three-dimensional latent representa-
tion (channels × height × width). If the input is an image processed via
a U-Net, this representation is obtained naturally. For tabular data en-
coded through a MLP, the one-dimensional output can be expanded into
additional dimensions to align with the spatial structure of other repre-
sentations. This alignment facilitates the concatenation along the channel
dimension, followed by additional convolutional layers that preserve the
spatial dimensions (height and width) of the fused representation.

Prediction Heads Multiple prediction heads can branch out from the
fusion block, each dedicated to a specific target. For segmentation tasks,
the prediction head consists of convolutional layers, in order to preservePrediction head per

task the spatial dimensions of the image. For regression and classification tasks,
a MLP is used to return the appropriate number of output neurons for
the task.

Loss and Metrics The optimization loss for each task is defined based
on its nature. For classification tasks, including semantic segmentation,Loss function per task
the cross-entropy loss is used, whereas regression tasks, including dense
segmentation, we use the mean squared error (MSE) function. In the
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multitask learning scenario, the loss contributions of individual tasks Loss weighting in
multitask learningare manually fine-tuned. For example, we evaluated strategies such as

equally distributing the loss contribution across all tasks, or prioritizing
the primary task by assigning it a higher weight (e.g., 60% or 80%) while
maintaining a uniform distribution of weights for the auxiliary tasks. To
further evaluate and report performance, additional metrics are included. Evaluation metrics
MAE and R2 are used for regression and dense segmentation tasks, the
F1 score for classification tasks, and the intersection over union (IoU) for
semantic segmentation tasks.

In Table 4.3.1, we provide a summary of the encoder, prediction head,
loss function, and evaluation metric used for each modality in each
dataset.

4.3.3 Results

In this section, we analyze the performance results of the different mod-
eling setups, including baselines, which include the remotely sensed im-
ages (aerial and satellites) and temporal modalities, multimodal learning
experiments, which test different combinations of additional inputmodal-
ities, and multitask learning experiments, which shifts some modalities
from being additional inputs to auxiliary targets.

CropYield Table 4.2 combines the results of multiple CropYield experi-
ments. The first three experiments train the model using satellite data Impact of mixing

crops during trainingalone, based on the subset data of each crop individually, while all sub-
sequent experiments merge samples from all crop types. The first four
baseline experiments indicate that combining crop types has a positive
impact on the overall model performance, achieving the relatively high
R2 score of 0.81. Evaluating the performance per crop type reveals an
increase of 0.15 and 0.04 in the R2 score of wheat and corn pixels, respec-
tively. Nevertheless, a notable decline of 0.19 is observed for soybean
fields. Despite using weighted data sampling during the training to
mitigate class imbalance, these results correlate with the size of each
crop type within the dataset, as we observe that the smallest crop subset
(wheat) benefits the most, followed by the second smallest (corn). In
contrast, the largest dataset (soybean) exhibits a decline, and performed
better when trained individually, in Experiment 1. As a result, corn and
wheat samples benefit from the data mixing, unlike soybean samples.

In multimodal setups (Experiments 5-9), a performance comparable Comparing
multimodal against
baseline experiments

to the baseline experiment 4 is observed when including weather and
DEM as additional inputs to the model, in Experiment 8, while any
other combination of auxiliary inputs yields a decline in the performance.
Surprisingly, this includes Experiments 5, 7, and 9, where we provide the
model with the crop label of each pixel sample. In contrast, in multitask Comparing multitask

against multimodal
experiments

setups (Experiments 10-13), we observe that forcing the model to predict
the crop label improved its performance, particularly when including
weather and DEM modalities as inputs, in Experiment 12, and when
including no additional input modality, in Experiment 10. The latter

4.3 Modeling and Performance 89
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even reached the highest overall R2 score across all experiments, along
with the best score in wheat and corn samples, and the second best score
for soybean samples. The model further reached a very high F1-score
of 99.4% in the crop classification task, which brings a great benefit in
practice, enabling the distinction of crop types along the accurate yield
prediction.

We assume that the performance gap in yield prediction between Ex- Influence of the crop
label modalityperiments 5 and 10 is due to the shared representation of the multitask

learning setup, in which the model is forced to learn representations re-
lated to the different crop labels, which positively influences the accuracy
of the predicted yield. Moreover, the gap observed between the global vs.
crop-specific R2 scores is caused by the nature of this score, and the gap
confirms that the model’s performance is not consistent across different
crop types.

In the explainability analysis in Section 4.4.1, we will focus on Experi-
ment 10, which predicts the yield and crop labels using the satellite data
alone.

Benge We present the results of Benge dataset in Table 4.3. In the
baseline experiment, the model is trained on the multispectral and SAR Baseline performance
satellite images alone, achieving the second best scores in the main task
of LULC, with an accuracy of 87.94% and an IoU score of 0.388. In the
multimodal experiments (2-8), we evaluate different combinations of Multimodal

experimentsone or more additional input modalities, prioritizing elevation data due
to its spatial dimension, which the remaining modalities lack. While
all multimodal experiments yielded results comparable to the baseline,
Experiment 7 including the elevation and weather data have slightly
outperformed it, achieving an accuracy of 87.95%. Similarly, Experiment
4, which includes seasonal information, achieves a marginally higher
IoU score of 0.389, also surpassing the baseline.

In themultitask setup (Experiments 9-15), the LULC accuracies remain Multitask
experimentswithin a range similar to the baseline andmultimodal experiments, while

IoU scores marginally declined. Notably, certain modality combinations
reached improved accuracies when incorporated as auxiliary tasks rather
than as input modalities, such as the climate zone (in Experiments 3
and 10) and the combination of all modalities (in Experiments 8 and
15). Regarding the performance of the auxiliary tasks, we observe that Performance in

auxiliary tasksclimate zone classification (with 12 classes) achieves a high F1 score
close to 95%. Similarly, the season prediction task yields very low MAE
scores, particularly in comparison to the errors observed in elevation and
weather predictions. It is important to note that weather and season data
are normalized, whereas elevation values range between 0 and 1.

Overall, we find that the additional input modalities in the multimodal Comparing
multimodal against
multitask setups

setup do not contribute to improved model performance. However, our
results remain consistent with the scores reported in [220]. In contrast,
the multitask setup neither degrades nor enhances the primary task’s
performance, but its other benefits persist. In Section 4.4.2, we further
investigate the explanatory capacity of each output modality, using Ex-
periment 15 as a testbed.
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TreeSAT Compared to CropYield and Benge , TreeSAT dataset exper-
iments exhibit different patterns, as shown in the results displayed in
Table 4.4. The baseline model, trained on the three imagery modalitiesBaseline performance
(i.e. aerial imagery and two satellite images), achieves a micro F1-score
of 74.3%, ranking second. This represents a significant improvement
compared to the 71.66% accuracy reported by Ahlswede et al. [5], despite
also using their best-performing model architecture. As shown in TableMultimodal setup
4.4, the highest accuracy of 76.9% is reached by the multimodal experi-
ment that includes the age as an additional input data. Tree type labels
from levels 1 and 2 were not included as input features, as acquiring this
data at inference time would be impractical in real-world scenarios. In
contrast, age can, in some cases, be inferred from historical records and
old maps, which document events such as deforestation, wildfires, or
planting.

In the multitask experiments, the primary task’s performance declinesMultitask setup
slightly compared to themultimodal experiment, butmaintains F1-scores
above 70%. Specifically, Experiment 4, which includes only the first level
(L1), and Experiment 8, which infers all modalities, yield the lowest L1
F1-scores of 70.3% and 70.4%, respectively. In contrast, including the
second level (L2) in Experiment 3 achieved the same accuracy as the
baseline model (74.3%) while also yielding accurate labels for the second
level labels, reaching a micro F1-score of 78.2%.

Overall, in the multitask experiments, L2 classification (with 9 classes)Performance in
auxiliary tasks demonstrates high accuracy, L1 classification (with 3 classes) achieves

significantly better scores, while age prediction (with normalized values)
exhibits moderate performance. Experiment 7, which reached the second
performance in the main task among multitask experiments, will be
explored in the explanatory analysis in Section 4.4.3.

4.4 INTERPRETABILITY THROUGH AUXILIARY TASKS

We propose in this section leveraging multimodal datasets in RS to en-
hance model interpretability via the multitask learning framework. Even
when improvements in the main task’s performance are not guaranteed,
a multitask learning setup based on hard-parameter sharing facilitates
the learning of a shared intermediate representation for multiple down-
stream tasks. This setup has the potential to enhance interpretability
across tasks. Specifically, we demonstrate how correlated tasks influ-
ence each other during training, whether positively, where accuracy
improvements in one task benefit another, or negatively, through error
propagation.

The results in the previous section have shown that the multitask mod-
els achieved comparable performance the the baseline and multimodal
experiments. Subsequently, for each dataset, we pick an example from
the multitask experiments, and demonstrate in the following how to con-
duct the interpretability analysis. Our focus will be on explaining errors
in the main task in light of the predictions from the auxiliary task(s).
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Fig. 4.2.: Comparison of model performance on the tasks of yield prediction
and crop prediction for the CropYield dataset. The rows correspond
to the results for epochs 3, 7, and 11, from top to bottom.

4.4.1 CropYield

In the CropYield dataset, we evaluate the model performance in Experi-
ment 10 across epochs, analyzing the relationship between yield relative
error and crop prediction accuracy. Figure 4.2 presents results for epochs
3, 7, and 11, separately for each crop, with performance averaged per
field. Each point in the figure represents a field, including training, vali- Tasks performance per

crop across fieldsdation, and test sets. We stop in this analysis at epoch 11 as the model
achieved its best performance on the validation set at this epoch. The
figure shows that corn fields consistently exhibit strong yield prediction
performance and perfect crop classification accuracy, whereas the model
faces greater challenges with the other two crop types. For soybean fields,
a decrease in maximum yield prediction error is observed across epochs
in fields with high crop classification accuracy, while fields with poor
classification maintain high yield prediction errors, suggesting a correla-
tion between correct crop classification and improved yield prediction.
In wheat fields, fewer instances of poor crop classification are observed
as training progresses.

Since the results above are field-averaged, we further examine subfield-
level performance by analyzing a random sample of pixels from two
soybean fields in the test set. The results displayed in Figure 4.3 show
the yield prediction relative error for correctly and incorrectly classified Tasks performance per

field across epochspixels throughout the training. In both fields, the yield prediction rela-
tive error is generally higher for misclassified pixels (orange) compared
to correctly classified ones (blue), with this effect appearing in early
epochs for one field and persisting after the model reaches optimal per-
formance (epoch 11) in another. These findings suggest that incorrect
crop classification at the subfield level negatively impacts yield predic-
tion. Additionally, Figure 4.4 illustrates yield and crop type prediction
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Fig. 4.3.: Comparison of model performance on the tasks of yield prediction
(measured in relative error) and crop prediction accuracy for the
CropYield dataset across 21 learning epochs. Results correspond to
two soybean fields. 300 correctly classified and another 300 misclassi-
fied pixels are displayed for each field.

maps at different epochs, from fields where we clearly notice that regions
with crop misclassification correspond to areas with significant yield
underestimation.

4.4.2 Benge

To investigate the explanatory potential of auxiliary tasks in the Benge
dataset, we analyze Experiment 15, which predicts all available modali-
ties as auxiliary tasks (see Table 4.3). We first compute the Pearson cor-Correlation analysis

between main and
auxiliary tasks

relation between the error of the main task, LULC classification, and the
errors of the auxiliary tasks, on 10% of the test set. The results presented
in Figure 4.5 indicate a decreasing correlation for all task combinations
during early training epochs. While the LULC-Season correlation exhibits
fluctuations throughout training, these variations are less pronounced
in the LULC-Weather and LULC-ClimateZone combinations. In contrast,
the LULC-DEM correlation remains more stable, likely due to the similar
spatial resolution of both tasks, as they both return a single-channel
image. This differs from the other auxiliary tasks, which predict tabular
data. Although the correlations do not exceed 0.23, the p-values remain
below 0.05.
To further examine this correlation between LULC and DEM, we

present in Figures 4.6 and 4.7 five data samples where this relationshipVisual assessment of
LULC & DEM

correlation
is clearly visible. Generally, we observe that errors tend to be correlated
in regions where the model fails to accurately determine elevation, par-
ticularly along boundaries such as terrain edges or riverbanks. In these
regions, land cover classification errors are more frequent. Conversely,
when LULC misclassifications are scattered within a patch containing
highly heterogeneous land cover, the correlation is weak. These areas typ-
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Fig. 4.4.: CropYield model performance on five soybean fields, at epoch 16 for
the top field, epoch 4 for the following two fields, and epoch 14 for
the remaining two. From left to right: Target yield, predicted yield,
relative yield error, and crop misclassifications.
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Fig. 4.5.: Error correlation between the main Benge task (i.e. LULC) and auxil-
iary tasks.

ically feature stable terrain elevation, leading to DEM prediction errors
that do not exhibit the same scattered distribution as the land cover.

4.4.3 TreeSAT

We investigate Experiment 7 in TreeSAT dataset, which predicts L2 and
age alongside the main L3 label. We examine the correctness combina-Correlation analysis

between L2 & L3
prediction accuracy

tions of L2 and L3 labels in the test set throughout training, with results
presented in Figure 4.8. Here, ’C’ denotes a correctly predicted label,
while ’F’ indicates a false prediction. The notation follows the order of
L2 and L3 predictions; for instance, ’CF’ means that L2 was correctly
predicted, but L3 was not. The results reveal that the count of instances
where one label is correct while the other is incorrect (i.e., CF and FC)
remain relatively stable throughout training. In contrast, the number of
samples where both labels are correct (CC) consistently increases, while
instances where both labels are misclassified (FF) decrease correspond-
ingly. This trend suggests that FF samples are more likely to be corrected
into CC as training progresses, whereas instances in which only one label
is initially correct (CF or FC) are less likely to be fully corrected later
during the learning process.

Given the hierarchical nature of tree classes, we further examine howAnalysis of the
hierarchy in L2 & L3

predictions
this structure influences the model’s predictions. Figure 4.9 illustrates
the distribution of L2-L3 prediction combinations and their adherence
to the hierarchy at an early training epoch (Epoch 7) and at the best-
performing epoch (Epoch 93). We add ’-in’ to the label in cases where
the predicted L3 belongs to the predicted parent class L2, and ’-out’
to instances where it does not. The results indicate that when L3 is
misclassified (i.e., in CF and FF cases), the proportion of instances where
the predicted L3 remains within the predicted L2 class is consistently
higher than those where it falls outside, regardless of whether L2 is
correctly predicted. In other words, at both early training stages and
the model’s peak performance, CF-in is more frequent than CF-out, and
FF-in is more frequent than FF-out. This suggests that the model has
learned aspects of the hierarchical relationship between L2 and L3 and
tends to respect it even when misclassifying L3. Note that in CC cases
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Fig. 4.6.: (1/2) Model predictions and errors, compared against the ground
truths, on the LULC and DEM prediction tasks. The predictions are
of the best epoch, on two random Benge dataset samples from the test
set.
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Fig. 4.7.: (2/2) Model predictions and errors, compared against the ground
truths, on the LULC and DEM prediction tasks. The predictions are
of the best epoch, on two random Benge dataset samples from the test
set.

the hierarchy is always maintained, whereas in FC cases it is always
violated.

Since the experiment explained here also predicts the age, we further
analyze the correlation between this modality and different L2-L3 cor-
rectness combinations. Figure 4.10 illustrates the average MAE for ageCorrelation analysis

between age, L2 and
L3 predictions

prediction across different combinations of L2 and L3 prediction correct-
ness. The results show that samples with both labels correctly predicted
(CC) consistently achieve the lowest error scores throughout the training
process. In contrast, samples with both labels incorrectly predicted (FF)
consistently exhibit the highest error scores. The mixed groups, CF and
FC, display fluctuating average MAE values, with CF showing lower
error scores compared to FC. This suggests that an incorrect prediction
of the L2 label has a negative impact on the accuracy of age prediction,
more than an incorrect prediction of the L3 label.
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Fig. 4.8.: Count of combinations of correct or false classifications of L2 and L3
labels in the test set of TreeSAT dataset, throughout the training.

Fig. 4.9.: Pie Chart of the distribution of combinations of correct or false classi-
fications of L2 and L3 labels. The results are inferred from the test set
at epochs 7 and 93.

4.5 SUMMARY

In this chapter, we proposed a multitask learning framework to intrinsi-
cally enhance model interpretability. By leveraging multimodal datasets
in RS, we exploited the rich information content of satellite data to shift
additional input modalities into auxiliary tasks. This approach not only Demonstrated benefits

of the multitask setupmaintained comparable performance to baselinemodels but also reduced
the need for the additional data sources at deployment. More importantly,
it provided valuable interpretability insights, allowing us to analyze error
correlations between the main and auxiliary tasks across three diverse
RS datasets. We demonstrated how error propagation patterns could be
identified and analyzed across different machine learning tasks.

While our findings demonstrate the potential of multitask learning for
model interpretability, there are several promising directions for follow-
up work. The correlation patterns identified through the analysis of Follow-up work
error maps in Benge and CropYield were observed in a limited number
of samples. However, the presented examples provide evidence of er-
ror propagation between the main and auxiliary tasks, suggesting that
follow-up work could leverage this approach to enhance performance
in both tasks. For instance, integrating insights from the interpretability
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Fig. 4.10.: MAE of the age prediction task, averaged across each combination
of correct or false classifications of L2 and L3 labels in the test set of
TreeSAT dataset, throughout the training.

analysis as constraints within the loss function could enforce meaningfulConstraining the loss
function relationships between tasks. Using the hierarchical structure of labels

in the TreeSAT dataset to refine predictions is one example. Moreover,
optimizing the neural architecture could further improve our results,Neural architecture

search aligningwith findings from prior studies in whichmultitask learning out-
performed single-task baselines [203, 63, 198, 160, 268, 190, 179]. Finally,
another promising direction is to refine the selection of task weights inTask weighting in

multitask learning multitask learning. Automating this process using uncertainty estima-
tion [160] or adaptive weighting based on loss improvement rates [190]
could enhance the balance between tasks.
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Sufficient and Necessary
Features

5
5.1 INTRODUCTION

5.1.1 Data-Centric vs. Model-Centric Machine Learning

Recent efforts within the EO research community have primarily focused
on enhancing model architectures and training strategies to boost per-
formance, and significant advancements have been made. However, ML
is a cyclical process that extends beyond model design and training. As The Machine

Learning cycledepicted in Figure 5.1, the ML cycle involves the problem definition,
data collection and preparation, model training and evaluation, and final
deployment, which informs an improved or a new problem definition.
While the model-centric approach emphasizes the training and evalu-
ation stages, the data-centric approach focuses on the remaining three
steps.
Therefore, as a complementary component to these model-centric From model-centric to

data-centric MLefforts, research is currently increasingly diverging towards a more data-
centric approach [202, 256]. This shift aims to better address challenges
faced during data acquisition and data curation stages. Subsequently,
the enhancement of the quality of the input data can improve the per-
formance and reliability of the models. Furthermore, incorporating a
feedback loop that includes model evaluation results can provide valu-
able insights for refining both the data and the models.

Fig. 5.1.: ML cycle. Reproduced and modified from [256].
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Tab. 5.1.: Summary of traditional feature selection methods: their mechanism
and main limitation.

Filter methods Wrapper methods Embedded methods
Mechanism use statistical properties to

infer relevance to the tar-
get variable.

evaluate feature subsets based
on the performance of a specific
ML algorithm (e.g, SVM).

perform feature selection during
the model training process, of-
ten through regularization tech-
niques (e.g, LASSO).

Cons independent of the model
training.

extracts feature relevance from
a model different from the main
one.

the shrinkage leads to biased esti-
mates of the coefficients.

5.1.2 Feature Selection Techniques

Within the scope of data-centric mML, this chapter considers feature
engineering techniques, particularly feature selection methods. TheseData-centric ML via

feature selection techniques aim at identifying the most useful and necessary features
relevant to the task at hand. The objective is to avoid supplying themodel
with redundant information or extraneous features of the available input
data that may cause the model to learn spurious correlations and hinder
its capacity to generalize. The prevailing belief that ”more data is better”
does not always hold true, and often comes at the expense of immense
computational resources usage and a heavy impact on the environment
[79].

Traditional feature selection methods, such as filter, wrapper, and em-
bedded approaches, often involve exhaustive search strategies that canTraditional feature

selection methods be computationally prohibitive for large datasets. Filter methods are
pre-processing steps independent of the model training. They select
features based on their statistical properties and relevance to the target
variable. Wrapper methods evaluate feature subsets based on the perfor-
mance of a specific ML algorithm. One prominent work in this domain
is the Recursive Feature Elimination (RFE) algorithm, which recursively
removes the least significant features based on their importance weights,
as determined by a SVM [118]. In EO, Zhang et al. [345] use a similar
technique based on feature importance extracted from a random forest
model to identify the most relevant features in marine data. A major
limitation of this approach is that the feature importance is extracted
from a model different from the main one, while these scores are usually
model dependent. Embedded methods perform feature selection dur-
ing the model training process, often through regularization techniques.
Examples include the Least Absolute Shrinkage and Selection Operator
(LASSO) method [302], which performs feature selection by enforcing
sparsity through L1 regularization, and implicitly removes less important
features during model training. Table 5.1 summarizes the three types of
methods described above and their main limitation.
In the field of XAI, the incremental deletion approach is also used toIncremental deletion

of feature in XAI evaluate the correctness of feature importance scores, i.e. how faithful
these scores are to the model [232]. Given that deleting features by
setting them to zero, for instance, can lead to out-of-distribution samples,
an alternative is to retrain the model on the modified data. Specifically,
Hooker et al. [136] propose the RemOve And Retrain (ROAR) method,
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which evaluates the feature attribution estimates by removing the k%
most important features, and then retraining the model.

5.2 EXPLAINABLE AI FOR FEATURE SELECTION

5.2.1 Methodology

In this chapter, we use the ROAR method to identify the set of suffi-
cient and necessary predictive features to achieve a "good" model perfor-
mance. We focus on temporal multi-source RS datasets. In particular,
we leverage feature attribution methods to estimate how much each fea- Incremental deletion

based on feature
attributions

ture contributes to the final predictions. Subsequently, by employing
an incremental deletion approach, we iteratively remove less important
features until an optimal set of predictive features is identified. This
method ensures an active optimization of the data at each cycle, leading
to a final model that efficiently exploits the available data.

Unlike the original implementation of ROAR in [136], which replaces
the features-to-deletewith a constant value (i.e., masking features instead Deleting instead of

masking featuresof deleting them), in our study we completely remove the feature before
adjusting and retraining the model. This setup allows the simulation of a
scenario where the deleted features are genuinely absent from the initial
dataset. Such an approach is particularly valuable when it reveals the
unnecessity of certain modalities to the task, thereby reducing the future
workload associated with data collection, cleaning, and pre-processing
for practitioners. Moreover, analyzing the deletion results across time
steps helps in assessing the potential impact of missing data instances,
such as those caused by cloud cover or satellite failure. Furthermore,
our deletion approach can potentially provide valuable insights into the
structure of the data, the potential redundancy among features, and their
overall contribution and necessity to the ML task at-hand.
It is important to note that the “necessity” and “sufficiency” of a fea- Defining necessary

and sufficient featuresture are properties defined relatively to the explained model. A feature
is considered necessary for the model if it receives an attribution score
higher than other features and its deletion results in a significant perfor-
mance drop after retraining. Conversely, a sufficient feature subset is one
on which the model, when trained exclusively, can achieve performance
comparable to the baseline model trained on the full feature set.

Our framework can be summarized as follows: First, we select a highly Overall workflow of
the proposed
framework

performing model by comparing recurrent, convolutional, and attention-
based networks. Subsequently, we incrementally delete either the most
or least important features based on importance scores estimated by six
different methods and retrain the selected model. We conduct separate
feature deletion operations on the spectral and temporal dimensions
to identify the necessary modalities and time steps, respectively, and
validate our approach on multiple temporal and multimodal geospatial
datasets. Figure 5.2 illustrates the overall workflow of our approach.
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Fig. 5.2.: Overall flow of the incremental deletion approach based on feature
attribution estimations.

5.2.2 Datasets

We apply the incremental deletion framework to the following three EO
datasets, which are composed of different modalities and span multiple
years, covering both regression and classification tasks.

CropHarvest. TheCropHarvest dataset is amultimodal temporal dataset
designed for crop classification tasks [308]. The input modalities include
satellite data from S2 and S1, weather time series, and static topographic
information. The temporal modalities are provided on a monthly basis
over multiple years (2016 - 2022). We use a multi-crop version of this
dataset, which includes 10 classes.

SwissYield. For crop yield estimation, we use a dataset specifically
aimed at predicting cereal crop yield [246]. This regression task involves
predicting the amount of crop (in t/ha) grown in a large farm in western
Switzerland during the growing seasons from 2017 until 2021. The input
modalities available in this dataset include multispectral satellite data
from S2 mission and weather time series. The weather data is aligned
with the satellite temporal resolution of five days, covering the period
from seeding to harvesting.

China PM2.5. The China PM2.5 dataset provides data for the predic-
tion Particulate Matter (PM) concentrations, specifically PM2.5, across
various regions in China, to track and monitor air pollution [46]. This
dataset covers the years from 2010 until 2015 and includes multiple
modalities, namely weather information and ground-based air quality
measurements. The task is to predict PM concentrations using hourly
measurements from the preceding 7 days leading up to the date of the
target value.

5.2.3 Modeling

Each dataset is split into three subsets: the training set comprises dataData splitting strategy
from all years except the last two, which are uniformly divided into
validation and test sets. This strategic split aims at reproducing the
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Tab. 5.2.: Best model performance for each architecture. The best score in each
dataset is highlighted.

CropHarvest (Accuracy) SwissYield (R2) China PM2.5 (R2)
Model Validation Test Validation Test Validation Test
MLP 62.1 61.9 52.4 42.1 68.0 54.3
RNN 65.7 65.5 44.0 33.5 47.3 44.1
LSTM 56.8 56.9 43.3 35.6 63.0 57.1
GRU 63.6 63.6 54.6 47.8 71.5 64.1

TempCNN 87.8 86.6 67.4 61.8 77.5 67.2
TAE 67.9 67.9 58.5 51.0 66.3 57.5

LTAE 67.3 67.2 63.1 57.2 72.4 62.4

common case where real-life application can only train the models on
data from previous years to be deployed for upcoming seasons.

To identify the most effective architecture for processing multivariate
time series data, we conduct a comparative evaluation of seven different Evaluation of multiple

model architecturesmodel architectures. Each architecture is tested under multiple hyper-
parameter settings and evaluated on the validation set to determine its
performance. The models compared in this study include a MLP, a basic
RNN and two variants: LSTM [131] and gated recurrent Unit (GRU)
[50], a temporal convolutional neural networks (TempCNN), and finally
two attention-based models: temporal attention encoder (TAE) [98] and
lightweight-TAE (L-TAE) [96].
We trained each model architecture with various configurations and

compared their performance on the validation set. Table 5.2 reports the
results of the best-performing configuration in each model architecture.
The metrics reported are the accuracy for the classification task and R2

score for regression tasks, evaluated on the validation and test sets. The
results indicate that TempCNN consistently achieves the highest scores Results discussion
across all datasets, demonstrating its efficiency in handling both short
and long time-series data. Attention-based models achieve the second-
best scores, followed closely by the GRU network. Interestingly, the MLP
outperformed the LSTM network in all datasets, as well as the RNN in
the two regression tasks.

5.2.4 Attribution Estimators

Feature attribution methods are XAI tools that aim to quantify the con-
tribution of input features to the output of a ML model. These methods
provide insights into which features are influential in making predictions.
In this chapter, we compare perturbation-based and gradient-basedmeth- Base attribution

estimatorsods to infer feature attributions, namely SVS [286] and Guided Backprop
(GB) [282] methods. SVS was presented in previous chapter, particularly
in Section 3.2.1. GB overrides gradients of ReLU functions so that only
non-negative gradients are backpropagated.

Additionally, two ensemble-based variants of each base estimator are Ensemble-based
attribution estimatorsimplemented: SmoothGrad-Squared (SG-SQ) [277] and VarGrad (VAR)

[4]. SG-SQ averages a set of N noisy estimates of feature importance (i.e.
Gaussian noise is injected in the input independently N times, before
estimating the feature importance). The estimates are squared before
being averaged. VARuses a set ofN noisy estimates of feature importance
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as well, but computes their variance instead of the average. As shown in
[136], these ensembling methods can strongly improve the correctness
of the attributions of the base estimators.
To ensure that the analysis captures the overall influence of each fea-

ture, all attributions are considered in their absolute values. A random
selection of 5000 samples from the training set is used to estimate theSelection of

explanation samples attributions, which are averaged to derive the ranking of the features.
The same selection of samples is used across all experiments of the same
dataset.
Moreover, we use a feature grouping strategy applicable only on the

SVS method to estimate temporal and band importance, by consideringFeature grouping in
SVS collective contributions to the model’s predictions. Temporal importance

is estimated by grouping the bands at each time step, perturbing them
together to infer the significance of that particular time step. Similarly,
band importance is assessed by treating the time series of each band as a
group.

5.2.5 Incremental Deletion Process

Baseline Model After evaluating multiple architectures as described
in 5.2.3, the model with the best metric score on the validation set is
selected as the baseline model for the incremental deletion cycles. The
metric score is defined based on the optimization task: accuracy for
classification and R2 for regression. The validation loss is used for early
stopping.

Deletion Order We conduct two types of feature deletions: either based
on the most important features or the least important. ProgressivelyDeleting most

important features
first

deleting the most important features can reveal the necessity of the key
features to reach the baseline performance. Conversely, eliminating fea-
tures that do not significantly contribute to the predictions can reduceDeleting least

important features
first

noise in the input data, potentially enhancing model performance. This
method can also identify a subset of features that are sufficient to reach
the baseline performance after all extraneous features have been elim-
inated. The number of features deleted in each step depends on the
dataset. By default, the deletion process addresses a single feature at a
time. For long time-series, a larger step is used.

Cycles After training the baseline model, feature attributions are esti-Feature attributions
estimation & ranking matedusing six different estimators (two base estimators+ two ensemble-

based variants of each), grouped by time-steps or bands, and the corre-
sponding features are ranked accordingly. A new copy of the dataset is
created after deleting the most or least important features, and a newFeature deletion,

dataset & model
adjustment

model instance is trained with this modified data. The model architec-
ture remains consistent, except for the modifications necessary to handle
the new input size. For instance, removing a spectral band from the
satellite modality would require adjusting the number of input channels
in the first convolutional layer. Post-training, the newmodel is explained,
and the attribution scores averaged over the selected samples are usedRepeat the cycle
to rank the features and decide which ones to delete in the next cycle.
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This process is repeated, updating the feature attribution estimates and
modifying the input data after each training, until only a single (or a set
of) feature(s) is left in the addressed dimension at the final cycle.

5.2.6 Incremental Deletion Results

Base Attribution Estimators

We apply the incremental deletion approach on each dataset using the
TempCNN architecture. We evaluate the model after each cycle and
report its performance results for band and time-step deletion on the
validation set, as shown in Figures 5.3 and 5.4, respectively, using the
base attribution estimators. A horizontal line indicates the baseline per-
formance in each plot.
In the top row of Figure 5.3, the most important bands are deleted Deleting the most

important bands firstfirst. We observe that the performance progressively declines in the
CropHarvest and SwissYield datasets. The decrease in performance is
more significant for the PM2.5 dataset, especially when using the SVS
attribution estimators to rank the features. This observation has two
implications: first, the correctness of the attributions returned by SVS
exceeds those provided by the GB method; and second, the baseline per-
formance in the PM2.5 dataset relies on the two most important features
(wind speed and direction), with the remaining features being insuffi-
cient for the model to achieve the baseline performance. In contrast, in
the agricultural datasets, many important features can be dropped before
a significant decline in model performance is observed. This also indi-
cates that these features are not necessary for achieving a performance
comparable to the baseline.
Deleting the least important bands, as shown in the second row of Deleting the least

important bands firstFigure 5.3, reveals additional insights. In the CropHarvest dataset, re-
moving up to 70% of the least important bands does not reduce the
model accuracy below 60%. In the SwissYield dataset, the model can
still recover its baseline performance after more than 80% of the bands
have been removed according to the SVS method. Notably, the final
instance in the corresponding plot demonstrates that training on the
time series of a single band still yields high performance. The specific
band varies depending on the attribution method used: SVS retains B11,
a SWIR satellite band, whereas GB selects B06, a RE band of the same
satellite. Using the same band deletion approach, the model trained on
the PM2.5 dataset maintains its baseline performance even when 65% of
the features are deleted. In this case, wind speed, wind direction, and
humidity conditions were sufficient for achieving the baseline optimal
performance.

The results of the time-step deletion analysis provide insights into the
time periods whose absence significantly impacts model performance
and those which are sufficient to achieve baseline accuracy. In Figure 5.4,
removing the most important instances first, as shown in the top row, Deleting the most

important time-steps
first

results in a consistent decline in performance in the CropHarvest dataset,
particularly when using the SVS estimator. For the PM2.5 dataset, the
R2 scores with the SVS estimator are lower than those achieved with
the GB estimator, especially when more than 30% of the time-steps are

5.2 Explainable AI for Feature Selection 111



(a
)
Cr

op
H
ar
ve

st
(b

)
Sw

iss
Yi
eld

(c
)
Ch

in
aP

M
2.5

Fi
g.

5.
3.

:
In
cr
em

en
ta
lb

an
d
de

let
io
n
re
su

lts
,c
om

pa
rin

gS
VS

an
d
GB

at
tri

bu
tio

n
es
tim

at
or
s.

In
th
et

op
ro
w

th
em

os
ti
m
po

rta
nt

ba
nd

sa
re

re
m
ov

ed
fir

st,
an

d
th
e

lea
st
im

po
rta

nt
ba

nd
si
n
th
es

ec
on

d
ro
w.



(a
)
Cr

op
H
ar
ve

st
(b

)
Sw

iss
Yi
eld

(c
)
Ch

in
aP

M
2.5

Fi
g.

5.
4.

:
In
cr
em

en
ta
lt
im

e-s
tep

de
let

io
n
re
su

lts
,c
om

pa
rin

gS
VS

an
d
GB

at
tri

bu
tio

n
es
tim

at
or
s.

In
th
et

op
ro
w

th
em

os
ti
m
po

rta
nt

tim
e-s

tep
sa

re
re
m
ov

ed
fir

st,
an

d
th
el

ea
st
im

po
rta

nt
tim

e-s
tep

si
n
th
es

ec
on

d
ro
w.



removed. The behavior of the two estimators is mixed in the SwissYield
dataset. In all datasets, themoderate slope of the curves indicates that the
information required by the model for accurate prediction is distributed
across multiple instances, rather than being concentrated in a few critical
time-steps.

The results of removing the least important instances first in the secondDeleting the least
important time-steps

first
row in Figure 5.4 show that the model can still perform similarly to
the baseline after deleting more than 30% and 40% of the time-steps
in CropHarvest and SwissYield, respectively. In PM2.5, a performance
comparable to the baseline can be achieved even when more than 80%
of the instances are deleted, according to the feature ranks provided by
SVS. Taking a closer look at the time-steps left at this point revealed that
the hourly instances from the last two days (within the 7-days window)
were sufficient to reach a high R2 score.

Ensemble-based Attribution Estimators

We repeat the experiments described above using the ensemble-based
variants. The results of the incremental deletion based on SG-SQ and
VAR methods applied to each estimator are illustrated in Figures 5.5 and
5.6. Hooker et al. [136] demonstrated how these variants significantly
improve the correctness of gradient-based attribution estimator. In our
experiments, the only noticeable improvement is observed in the PM2.5
dataset when removing the most important bands first. Specifically, GB
(VAR) shows a significant decline in model performance, reflecting aCases of improved

attribution
estimations

correct estimation of the feature importance ranking. Another notewor-
thy improvement is observed in the SwissYield dataset, where removing
the least important time-steps first, as displayed in Figure 5.6.(b), shows
a high accuracy even in the last cycle of using the SVS (SG-SQ) method.
This suggests a filtering of the least important features that is faithful to
the model and its reasoning. Concretely, in this dataset, the first SWIR
band from S2 satellite data was sufficient for achieving baseline perfor-
mance.

5.3 SUMMARY

Inspired by the ROAR framework, we proposed an efficient approach to
identify a small subset of bands and time-steps in geospatial temporal
data sufficient to reach the model’s baseline performance, i.e. the accu-
racy reached when providing the model with all available modalities and
instances. We evaluated this approach on three datasets, and showed
how many features can efficiently be removed before a significant drop
in accuracy is observed. Additionally, we found that in some datasets,
performance declines immediately after a few features identified as the
most important are deleted. This suggests that these features are neces-
sary for the baseline performance and that the information they encode
is absent in the remaining features.
Furthermore, the expected behavior regarding the decline in perfor-

mance when starting with the deletion of the most or least important
features also revealed a higher correctness of the attributions estimated
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by SVS compared to GB. The ensemble-based variants only improved
the faithfulness of GB estimates in a few cases.
This work can be enhanced by comparing additional feature attribu-

tion methods. The faithfulness of the chosen method enhances its ability
to identify a minimal feature subset necessary to achieve the model’s
baseline performance. Moreover, comparing these results across vari-
ous model architectures might help identify the features necessary and
sufficient for predicting the target regardless of the model employed.
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Vegetation Indices 6
6.1 INTRODUCTION

6.1.1 Vegetation Indices in Earth Observation

A common data engineering practice in EO is the usage of VIs. VIs allow
an efficient monitoring of vegetation growth and agricultural activities.
Ratios, differences, and derivatives between reflectance values from dif-
ferent spectral wavelengths can enhance the spectral signals associated
with vegetation characteristics of interest, given that the original mea-
surements of spectral reflectance constitute a mixed signal comprising
vegetation canopies, shadows, soils, and other components present on
the land surface [341]. While some VIs, such as the NDVI [257], the Common indices
Enhanced Vegetation Index (EVI) [139], and the Soil-Adjusted Vegeta-
tion Index (SAVI) [140], are commonly used for crop monitoring, the
selection of the most suitable index is not always straightforward [341].
Instead, the initial step involves identifying the sensitive wavelengths
and corresponding VIs for their optimal use.

Previous generations of satellites were capturing a limited number of
spectral bands, and a few expert-designed VIs were sufficient to harness
their potential. New generations of multi- and hyperspectral satellites Unexplored bands in

new generation
satellites

can however capture additional bands, but are not yet efficiently included
in indices. For instance, the S2multispectral instruments stand out as one
of the few remote sensors with the capacity to capture RE wavelengths
between 700 and 800nm. Notably, the additional RE bands remain under-
explored for their potential to enhance crop classification through VIs
[218]. Furthermore, SWIR bands, typically used for water monitoring,
have also received little attention in exploring their efficacy to track
vegetation cover and its phenology [218].

6.1.2 Vegetation Indices in Deep Learning

An advantage of using DL lies in the model’s inherent capability to auto- Automated feature
extraction in DLmatically extract crop-related features and discern interactions between

raw bands [81]. Unlike classical ML models which usually rely more
heavily on VIs, a DLmodel is assumed to not require explicit feature engi-
neering, due to its capacity to learn complex patterns and representations
directly from the raw input data. We have also demonstrated in Chapter
3, Section 3.2.4, how the model trained on the S2 bands outperformed
the model trained on the selected VIs.

In contrast, as also mentioned in Section 3.2.4, VIs offer an advantage Potential of using VIs
over raw satellite bands due to their initial design for agricultural ap-
plications, making them more interpretable. Additionally, we argued
in Section 3.2.5 that the suboptimal performance of models trained on
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indices might stem from inefficiently selecting these indices from the
extensive list available in the literature.

In this chapter, we challenge prevailing assumptions and compare theOur contribution
performance of a DL model trained directly on raw satellite bands versus
VIs selected based on XAI guidance. Specifically, we first train a deep
neural network using multispectral satellite data, then estimate feature
attributions to identify the most influential bands. We subsequently
either choose existing VIs incorporating these bands or create new ones
before retraining the model using only index-based inputs. We validate
our approach on a crop classification task.

6.2 SELECTION AND DESIGN OF VEGETATION INDICES

6.2.1 Dataset & Experimental Setup

Crop Mapping Dataset

In Sub-Saharan Africa, extreme food insecurity and malnutrition are
prevalent in multiple countries. Addressing these challenges involves im-Crop classification for

Sub-Saharan regions plementing more efficient agricultural systems and undertaking regional
monitoring of harvested crops. VIs offer a valuable tool for distinguish-
ing between crops and estimating their health and growth stages [164].
In this study, we leverage multispectral satellite data of Ghana and South
Sudan to address this task. The corresponding public datasets usedEO dataset for crop

classification in
Ghana and Sudan

contains S2 satellite image time series captured between January and
December 2016 at a 10m resolution, and are labeled with multiple land
cover classes [260]. For our study, we merge datasets from both regions
and retain only the pixels corresponding to crops. We focus our work
on classes with more than 10,000 labeled pixels, which include sorghum,
maize, rice, groundnut, soybean, and yam. Table 6.1 presents a summary
of the data distribution in each country. We partition 5% of the data
for validation, ensuring that pixels originating from the same satellite
image patch are exclusively used for either training or validation but not
both.

Tab. 6.1.: Pixel count per crop type in Ghana and South Sudan (S-Sudan)
datasets.

Crop Ghana S-Sudan Total
Maize 322,767 7,080 329,847

Groundnut 96,371 4,943 101,314
Rice 93,908 5,078 98,986

Soybean 67,638 0 67,638
Sorghum 8,352 56,833 65,185

Yam 22,091 0 22,091

Modeling

We use ten bands from S2 data for our analysis, namely the blue (B02),Input features
green (B03), red (B04), three RE bands (B05, B06, B07), NIR (B08),
narrow Near-InfraRed (n-NIR) (B8A), and two SWIR (B11, B12) bands.
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An additional channel, indicating the cloud coverage of the image, is
stacked to these bands and used in all our experiments.
Regarding the modeling, we rely on recurrent networks, which have DL model and

training setupsuccessfully been used to analyze temporal satellite data [150, 272, 95,
225]. We opt for the GRU, introduced in [50], due to its moderate number
of parameters and its proven effectiveness in remote sensing applications
[95, 144, 226]. The time series of each pixel are pre-padded to a fixed
sequence length of 228, to account for the longest time series in the dataset,
before being supplied to the model pixel-wise. To handle the unbalanced
labels in the data, we use a weighted sampler during training. It assigns
higher probabilities to small classes over large classes, enabling themodel
to train on a similar number of samples from each class during each
training epoch. We evaluate all models using the overall accuracy (OA)
and macro-F1 scores. The OA is the percentage of correctly classified
pixels across all classes. We also report the accuracies per class.

Exploiting Spectral Attributions

Feature attribution methods are explanation techniques which assign a
contribution score to each input feature, quantifying its relative impor-
tance to the model’s prediction [200]. In this chapter, we use the SVS Estimation of spectral

attributions using
SVS

to estimate feature attributions [286]. SVS is grounded in cooperative
game theory, which provides a solid theoretical foundation, unlike many
other methods [200]. Its robustness has being evaluated in chapters 3
and 5 in the context of regression and classification tasks based on time
series of satellite data, and has shown superior stability against several
other techniques.
The results of the spectral attribution (i.e., attribution scores of the

satellite bands) are used to improve the selection of VIs for the crop
mapping task in the following steps: We first interpret the model trained Overall flow of the

proposed frameworkon the ten satellite bands by estimating the attributions for a maximum of
10,000 correctly classified pixels from each crop. The features are grouped
over the spectral dimension to compute a single attribution value for the
time series of each band. The negative attributions are suppressed to only
consider positive contributions to a given class [267]. To standardize the
results, we scale the attributions so that the summation of attributions
per pixel equals 1, before averaging them both per class and globally.
Subsequently, we use these importance values to select VIs that account
for these bands, and adjust existing indices as needed. The model is
then retrained by replacing the satellite bands with individual indices or
binary combinations.

6.2.2 Spectral Attribution Results

We train the GRU-based model using the satellite bands and present the
evaluation results on the validation set in the second column of Table
6.2.3. This baseline model achieved a score of 67% on both the OA and Performance of the

baseline modelF1 metrics. In individual classes, high accuracies of 84% and 86% were
attained for rice and sorghum, respectively, while yam exhibited the
lowest score at 27%. This could be attributed to the relatively small
number of pixels in this class. Notably, the largest two classes did not
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necessarily exhibit the best performance, suggesting that the performance
gaps are not solely due to the size of each class, given that we used a
weighted sampling strategy to mitigate the class unbalance issue.

We interpret the baseline model following the procedure described in
the previous section, and visualize the corresponding results in Figure
6.1. Starting with the global average attribution line in black, SWIR-1 andGlobal attribution

results RE-1 rank at the topwith around 20% of the total importance, followed by
the red, SWIR-2, n-NIR, and NIR bands, in the descendant order of their
respective importance. The remaining bands exhibit a less significant
importance. Notably, the relatively small importance of the cloud mask
across all classes indicates that the model is not biased by this channel
for the identification of any specific crop.

Examining the crop-specific attribution results, we observe that ground-
nut and soybean highly rely on the first RE band, followed by the redCrop-specific

attribution results and SWIR-1 bands. Sorghum has a similar attribution pattern. Rice
has an additional particular dependence on the SWIR-2 band. Rice and
yam identification significantly relies on the first SWIR band, followed
by RE-1. All the remaining bands have each less than 10% of the total
importance. Maize crop classification is sensitive to the first SWIR and
RE bands, followed by the red band.

Fig. 6.1.: Global and crop-specific spectral attributions of the model trained on
the ten satellite bands.

These results highlight the relevance of RE-1 and SWIR-1 bands forRelevance of RE-1 and
SWIR-1 bands crop mapping and complement the findings of earlier studies. Yi et al.

[337] assessed the importance of S2 bands on the same task and found
that RE-1 and SWIR-1 are more efficient in identifying crops than other
bands in the Shiyang River Basin in China. Similarly, Liu et al. [191]
found that RE and SWIR bands of S2 had irreplaceable effects on land
cover classification.
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Tab. 6.3.: VIs used for crop mapping.

Index Equation Reference
NDVI (NIR - Red) / (NIR + Red) Rouse et al. [257]
n-NDVI (nNIR - Red) / (nNIR + Red) Our work
NDRE-1 (NIR - RE1) / (NIR + RE1) Gitelson and Merzlyak [108]
NDRE-2 (NIR - RE2) / (NIR + RE2) Our work
NDRE-3 (NIR - RE3) / (NIR + RE3) Our work
NDMI-1 (NIR - SWIR1) / (NIR + SWIR1) Wilson and Sader [328]
NDMI-2 (NIR - SWIR2) / (NIR + SWIR2) Our work

6.2.3 Enhanced Usage of Vegetation Indices

Indices Selection In light of the insights gained from the attribution
results of the satellite bands for crop mapping, we proceed with a guided
selection of VIs to use as inputs, individually or in combinations of two,
into our crop classification task.

Given the significance of RE-1, we include the Normalized DifferenceSelecting RE-based
indices Red Edge (NDRE)-1 [108] index that uses the NIR and RE-1 bands. We

derive two modified indices, NDRE-2 and NDRE-3, by replacing the first
RE channel with the second and third, respectively, to verify whether
the relative performance of the three indices align with the attribution of
their respective bands. We also incorporate the Normalized DifferenceSelecting SWIR-based

indices Water Index (NDMI)-1, which uses the first SWIR band, and create a
modified version, NDMI-2, which uses the second SWIR band, influential
on rice identification. Additionally, we include the widely used NDVI,Selecting NIR-based

indices and recognizing the comparable importance of n-NIR, we introduce a
modified index, narrow Normalized Difference Vegetation Index (n-
NDVI), where the NIR band is replaced with n-NIR.
It is important to note that only the red, green, blue, and NIR bandsSpatial resolution of

selected indices have a resolution of 10m, while the remaining bands are originally cap-
tured either at a 20 or 60m resolution. Therefore, we ensured that all our
proposed indices contain at least one of the high-resolution bands. The
formula of each index is listed in Table 6.3. We retrain our model using
individual indices or combinations of two indices as inputs. The results
are reported in Table 6.2.3.

Modeling Results Among the models trained on a single VI, the top-Model performance
using a single index performing model is based on NDMI-1, achieving an OA score of 67%.

Thismodel outperformed the baseline in identifying three crops: sorghum,
groundnut, and yam. The second-best model is based on the modified
version of the same index, NDMI-2, which achieved the same class ac-
curacy as the baseline in sorghum and yam, and performed better in
soybean. The third-best model, based on the NDVI, slightly outper-
formed the baseline on maize and soybean crops. The NDRE-3-based
model achieved the lowest OA score, mainly due to its low accuracy in
maize and rice crops.
Among the models trained on two VIs, the combination (NDRE-1,Model performance

using two indices NDMI-2) achieved the highest accuracies for sorghum, maize, and rice,
and outperformed the baseline in groundnut and yam crops. This com-
bination also scored an OA score of 70%, 3pp higher than the baseline
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model. The combination (NDMI-1, n-NDVI) also demonstrated compa-
rable performance. In contrast, combining NDRE-1 and n-NDVI had the
worst overall performance, mainly due to its low accuracy in rice crops,
despite its higher capacity to identify yam compared to the other models.
Other combinations, including (NDVI, NDRE-2) and (NDVI, NDRE-3),
also displayed comparatively low overall performance.

6.2.4 Discussion

Our overall approach of exchanging the raw satellite bands with few Promising results of
the proposed approachVIs exhibits promising results. The best model based on a single index

exhibited an OA 2pp lower than the baseline model, while using two
indices achieved a 3pp higher accuracy in the best case. These results
highlight the potential of relying solely on one or two VIs for crop identi-
fication, especially when carefully selected. In general, larger datasets
benefit from increased input features, as they enable automatic learning
of high-level features by the model. However, in medium-sized training
datasets like ours, performance can be enhanced through careful input
feature selection.

As shown in Figure 6.1, SWIR-1 appears to be significantly important Matching attribution
and VI-modeling
results

to identify rice and yam crops. Accordingly, we observe in Table 6.2.3
that the NDMI-1-based models achieves the best accuracy for yam and
the second-best score for rice, among the single-index based models.
Combining NDMI-1 with a second index also achieved high accuracies
for both crops. We further observe that the proposed index NDMI-2
achieved the best accuracies on rice compared to the other single-VI based
models. Additionally, it demonstrated the highest accuracies on sorghum,
maize, and rice when combined with NDRE-1, outperforming all VI-
based models. On the other hand, the proposed NDRE-2 and NDRE-3
indices performed poorly on the OA scores, both when used individually
and when combined with NDVI. In contrast, NDRE-1 achieved high
scores, particularly when combined with NDMI-1 or NDMI-2. This
observation aligns with the relative average importance of the three RE
bands observed in Figure 6.1, suggesting that the first band is more
suitable for crop identification. Nonetheless, the second and third RE
bands were of higher importance for soybean and sorghum compared
to the remaining crops, which is consistent with the improvement in
crop-specific accuracies achieved by the NDRE-2 and NDRE-3-based
models compared to NDRE-1. In contrast, when combined with NDVI,
the NDRE-1 performs better in both crops.
While the performance of the VI-based modeling aligns with the at- Inconsistencies

between attribution
and VI-modeling
results

tribution results conducted on the baseline model, there were some be-
haviors that were not easily interpretable. For instance, according to the
attribution results, soybean identification relies significantly on the first
RE band, while RE-2 and RE-3 have marginal importance. Nonetheless,
the soybean classification accuracy is the worst when themodel is trained
on theNDRE-1, while theNDRE-2 andNDRE-3models performed better.
Similarly, the RE-1 exhibits higher importance for identifying yam crop
compared to the other two RE bands, but the performance of the three
corresponding single-VI based models had the opposite behavior.
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6.3 SUMMARY

In this chapter, we identified VIs relevant to classify each crop type,
guided by the spectral attribution results of the baseline model. OurSummary of main

findings findings contribute to the growing body of evidence suggesting that the
information contained within the RE and SWIR bands from the S2 mul-
tispectral satellite data is essential for discriminating crop types [218].
Based on the attribution results, we trained several models on individual
and combinations of two VIs and demonstrated their ability to outper-
form the model trained on all bands. Importantly, the performance of
these models aligned with the spectral importance in crop accuracies
in most cases. Overall, our results further indicate that combining two
VIs performs better than using a single index, and while some com-
binations improved the OA over the validation set, an examination of
individual crop performance reveals that an index can be highly efficient
in identifying certain crops but might struggle with others.

One limitation of our XAI-based approach is the accuracy and reliabil-Limitations & future
work ity of the baseline model. Meaningful explanation results and relevant

scientific insights are conditioned by the scientific accuracy of what the
model has learned during the training. Since our baseline had an OA
score of 67%, we believe that further improvements in the model’s per-
formance can enhance its robustness, and consequently, the reliability
of its attribution results. In future work, in addition to improving the
performance of the baseline model, the dataset can be extended to cover
other regions from multiple years, in order to validate our approach on
a broader range of crop types and regions.
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Conclusion & Outlook 7
7.1 CONCLUSION

In the last two decades, satellites have been launched in large num- Availability of RS
data and ML toolsbers, and much of the Earth’s surface reflectance data has become pub-

licly available. This data explosion has coincided with advances in ML
and deep networks, which are highly efficient tools for processing large
datasets. However, a major challenge in this synergy is the limited inter- Interpretability of DL

modelspretability of large neural networks, a characteristic that is essential for
ensuring the reliability and trustworthiness of AI models deployed in
sensitive EO applications.

In this thesis, we address the question: How can the interpretability of deep Main question of the
thesisnetworks be enhanced for EO applications? Since satellite data has character-

istics different from common computer vision and tabular benchmark
datasets, existing interpretability and explainability techniques in the
literature require further evaluation and modification to be effectively
applied to RS datasets.

In our work, we pursue two interconnected explainability goals. First, Explainability Goals
we addressedwe enhance the use of XAI to justify model predictions by revealing

how input features drive the final output, thereby improving the model
transparency and supporting the understanding of its reasoning process.
Second, we leverage these XAI-derived insights to refine feature engineer-
ing and optimize model performance, creating a feedback loop where
interpretability directly contributes to the modeling enhancement.

XAI for Justification We evaluated existing interpretability tools and
proposed new methods to explain DL models trained on RS data. Focus-
ing on multimodal datasets, a common scenario in EO applications, we
explored three distinct approaches to leverage different modalities for
interpreting model outcomes.
First, in Chapter 3.2, we adopted a straightforward modeling setup Post-hoc

interpretability in
multimodal learning
with early fusion

where modalities were concatenated during pre-processing after align-
ing their spectral and temporal dimensions. Using pixel-wise crop yield
prediction as a case study, we evaluated various feature attribution tech-
niques and found that the SVS method provided the most reliable and
robust explanations. We then applied SVS to analyze model behavior
under different temporal sampling scenarios, validating its reasoning
against established agronomic knowledge. This validationwas facilitated
by mapping temporal data to crop growth stages, a standard framework
in agronomy for studying and documenting yield-influencing factors.
Second, in Chapter 3.3, we transitioned to advanced modeling tech- Intrinsic

interpretability in
multimodal learning
with intermediate
fusion

niques for the same yield prediction task, using the intermediate fusion
techniques, where each modality was processed by a separate encoder
before combining their representations. After comparing various archi-
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tectures, the Transformer-based model demonstrated a superior perfor-
mance, balancing between model accuracy and inference speed, while
offering intrinsic interpretability through attention weights. We com-
pared intrinsic against post-hoc attribution methods and demonstrated
that theAR technique producedmore robust feature attributions thanGA
and the previously selected SVS approach. Additionally, we proposed
WMA, a novel method for intrinsically estimating modality importance,
and contrasted its results with SVS-derived attributions. While both
methods yielded contrasting results, each presented valid arguments
supporting its validity.
Finally, in Chapter 4, we exploited the inherent multimodality of RSMultitask learning for

enhanced
interpretability

datasets to enhance model interpretability through multitask learning.
By converting certain input modalities as auxiliary prediction targets, we
analyzed how errors across tasks influenced and explained the primary
task’s performance. The baseline was defined as conventional single-
task models that relied exclusively on satellite-derived inputs (aerial,
multispectral, and SAR imagery). Applied to three EO tasks, includ-
ing semantic segmentation, classification, and regression, the multitask
framework maintained performance comparable to the baselines while
reducing dependency on additional input data at deployment (since
the model now predicts these modalities rather than requiring them as
inputs). Moreover, we demonstrated that error propagation patterns
across tasks exhibited strong correlations, providing a novel mechanism
for explaining predictions in the main task.

XAI for Improvement After having explored the various methodologies
to justify the outcome of EO models, we leveraged the corresponding
explanation results to improve the feature engineering step, ultimately
leading to an improvement in the model performance. To fulfill this goal,
we explored two directions.

First, guided by the feature attribution results, we adopted a cyclicXAI-guided
optimization of the

input space
approach in Chapter 5 to iteratively reduce the input dimensionality.
The process begins by training the model on all modalities, including
all spectral bands and time steps, followed by explaining its predictions
using six distinct attributionmethods to rank features by their importance.
The least important features along the spectral and temporal dimensions
are then removed, and the model is retrained on the updated dataset.
We repeated this cycle across three EO datasets, yielding surprising
results: a significant proportion of features could be removed without
substantial model accuracy degradation. Among the six attribution
methods evaluated, the SVS method provided the most robust estimates,
aligning with findings from Chapter 3.2. Further experiments identified
the necessary features for each task, defined as those whose removal
caused a pronounced performance drop. Interpreting these results in
the context of each dataset offered valuable insights into the utility of
specific modalities and time steps, deepening our understanding of their
roles in model performance.

Second, we focused in Chapter 6 on the specific case of VIs, which areXAI-guided selection
of VIs commonly used in EO applications, particularly for agricultural tasks.

Given the extensive number of indices available in the literature, we
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proposed an XAI-guided approach to select the most suitable VIs for the
target task. In this study, conducted on a crop classification task, we first
trained a model using all 12 bands of the multispectral satellite data. We
then explained the model’s predictions using the SVS method to identify
the most important bands for each class. These attribution results guided
the selection of relevant VIs, after which we retrained the model by
replacing the original 12 bands with either one or two indices, leading to
successful outcomes: the results demonstrated that a single VI achieved
performance comparable to the baseline (all 12 bands), while using two
VIs surpassed it. Together with the cyclic approach described earlier, this
study confirms the potential of explanation methods to enhance feature
engineering and modeling in EO tasks.
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7.2 CHALLENGES & FUTURE WORK

Following the comprehensive summary in Section 7.1, we conclude this
thesis by outlining three high-priority research directions to extend the
presented work.

Explanation consistency across models Throughout our experiments,
interpretability analysis was conducted on individual model instances
per dataset. This raises an important question about the consistency of
explanations when alternative models are considered, whether trained
with different randomization seeds, data splits, or architectural config-
urations. For instance, in Chapter 3, Section 3.2, models were trainedExperiments which

require an explanation
consistency check

using 10-fold cross-validation, yet explanations were derived solely from
the best-performing fold. Future work could systematically evaluate ex-
planation variability across all folds and assess its impact on agronomic
validation of the explanation results. Similarly, in Section 3.3, multiple
intermediate fusion architectures were evaluated, and within each ar-
chitecture we tested various hyperparameter configurations. Here as
well, the explanation analysis could be repeated on each configuration
architecture to quantify result variance and its implications.

Overall, XAI results are inherently model-dependent, as they explainExplanations are
model-instance

specific
the specific reasoning learned by a given model, with no guarantee
of generalizability to other model variants. Nevertheless, expectations
are that models trained on the same dataset for the same task would
learn similar reasoning patterns, which translates as expectations that
the explanation results should maintain some similarity across models.
Quantifying the robustness of explanations across model variants would
provide empirical verification for this hypothesis.

Rigorous evaluation of proposed methods In the literature, the devel-
opment of new explanation methods requires rigorous qualitative and
quantitative evaluation to establish their generalizability and robustness.
While this thesis has introduced several novel explanation frameworks
and techniques, additional evaluations would further validate their effi-
ciency. For instance, in Chapter 3, Section 3.3, we proposed the WMAEvaluation metrics for

quantitative
assessment

method for estimating modality importance. However, comparisons
with the established post-hoc SVS approach revealed divergent results.
In order to rank and choose between both techniques, future work should
rely on quantitative evaluations. Namely, the sensitivity and infidelity
metric used to evaluate feature attribution can be adjusted and modified
to also systematically assess and compare these modality attribution
techniques.
Furthermore, applying both WMA and SVS to other EO tasks couldEvaluation across

datasets and EO tasks reveal whether their results converge in different application contexts.
The multitask learning framework presented in Chapter 4 successfully
demonstrated consistent explanatory power across datasets in analyz-
ing the main task’s predictions. Similarly, the XAI-guided input space
optimization in Chapter 5 showed consistent efficiency when applied to
three distinct EO datasets. For the VIs selection framework developed
in Chapter 6, valuable extensions could include application to water-
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and drought-related tasks. This would enable optimization of water and
drought indices selection, potentially revealing the efficacy and suffi-
ciency of such indices for related applications, including surface water
mapping, flood detection, and agricultural drought monitoring.

Interdisciplinary studies for scientific insights Beyond its roles in model
justification and performance improvement, XAI can further serve the
purpose of scientific discovery. In particular, when uncovering the rea-
soning process of the model, domain experts can validate this reasoning
against established knowledge. In fact, explanations can yield two pos- Alignment between

explanations and
domain knowledge

sible outcomes. First, when the model’s reasoning aligns with domain
knowledge, it confirms that the model has learned meaningful input-
target relationships, which increases confidence in its generalization
capability to new input samples. Second, when discrepancies emerge
between the model’s reasoning and existing knowledge, this does not
automatically indicate spurious correlations. Instead, it may suggest
previously undiscovered patterns that call for expert investigation. In
such cases, domain specialists can step in and conduct follow-up studies
to assess the scientific validity of these novel patterns.
Therefore, interdisciplinary collaborations play an important role in Experts can verify

novel patternsverifying patterns which lack support in existing literature. A concrete
example emerges from Chapter 3, Section 3.3, where we explained the
task of crop yield prediction, and where our attribution analysis re-
vealed some discrepancies between the model’s focus and literature-
established critical growth stages for crop yield. While certain growth
stages well-documented in agronomic studies appeared less influential in
our model’s decisions, other time steps emerged as significant predictors.
These findings invite agronomists to examine whether the identified
influential periods represent overlooked yield determinants or require
model refinement.
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Explainability for Earth
Observation

A
In the following, we describe the search query used to create Figure 2.1,
in which we compare the increase in number of publications in ML and
XAI, in EO. In Scopus 1 database, the search query used consists of two
major parts: keywords related to EO, and keywords related to ML and
XAI. All the nested keywords are connected via the OR operator, while the
two parts are connected via the AND operator. Due to the interchangeably
used taxonomy in each fields, we added additional keywords to the
generally known terms to optimize the true positives rate.

Query 1: Machine Learning in Earth Observation:
[ Earth observation OR remote sensing OR

((satellite OR aerial OR airborne OR spaceborne OR radar)

AND (image OR data))

OR LiDAR OR SAR OR UAV OR Sentinel OR Landsat OR MODIS]

AND

[ deep learning OR machine learning OR artificial intelligence ]

Query 2: Explainable AI in Earth Observation:
[ Earth observation OR remote sensing OR

((satellite OR aerial OR airborne OR spaceborne OR radar)

AND (image OR data))

OR LiDAR OR SAR OR UAV OR Sentinel OR Landsat OR MODIS]

AND

[ deep learning OR machine learning OR artificial intelligence ]

AND

[ xai OR feature importance OR SHAP ]

In addition to the keywords listed above, four further criteria were
applied to both queries: the time range (2017–2024), language restriction
(English), document types (journal articles and conference papers),
and relevant research fields, including Earth and Planetary Sciences,
Environmental Science, Agriculture and Biological Sciences, Computer
Science, and Engineering.

1https://www.scopus.com/
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Evaluation Metrics B
Regression tasks Models designed for regression tasks are optimized
using theMAEas a loss function. It is also employed formodel evaluation,
alongside the RMSE and R2 metrics. The respective formulas for each
metric are as follows:

MAE = 1
n

n∑
i=1

|yi − ŷi|

RMSE =

√∑n
i=1 (yi − ŷi)2

n

R2 = 1 −
∑n

i=1 (yi − ŷi)2∑n
i=1 (yi − ȳ)2 , ȳ = 1

n

n∑
i=1

yi

Classification tasks When dealing with either binary or multi-class
classification problem, commonly used evaluation metrics are the (over-
all) accuracy, micro-F1, micro-precision, micro-recall, macro-F1, macro-
precision, and macro-recall scores.

Overall Accuracy =
∑

instances I(Predicted Class = Actual Class)
Total Instances ,

Micro Precision =
∑

classes TPclass∑
classes(TPclass + FPclass)

,

Micro Recall =
∑

classes TPclass∑
classes(TPclass + FNclass)

,

Micro F1 = 2 × Micro Precision × Micro Recall
Micro Precision + Micro Recall ,

Macro Precision =
∑C

c=1 pc

C
,

Macro Recall =
∑C

c=1 rc

C
,

Macro F1 =
∑C

c=1 f c
1

C
,

where TP stands for True Positive, FP for False Positive, FN for False
Negative, TN for True Negative, I is an indicator function that returns
1 if the condition is true and 0 otherwise, C is the number of classes,
{p1, p2, . . . , pC} are class-wise precisions, {r1, r2, . . . , rC} are class-wise
recalls, and {f1

1 , f2
1 , . . . , fC

1 } are class-wise F1-scores.
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Segmentation tasks Segmentation models are evaluated using primar-
ily two metrics: accuracy and IoU. Accuracy measures the proportion
of correctly classified pixels out of all pixels in the image. For semantic
segmentation tasks, accuracy can be misleading because it doesn’t differ-
entiate between false positives (pixels incorrectly labeled as belonging
to a class) and false negatives (pixels correctly belonging to a class but
misclassified). In contrast, IoU complements the accuracy metric by
comparing the overlap between the predicted mask and the ground truth
mask:

Accuracy = Number of Correctly Classified Pixels
Total Number of Pixels ,

IoU = Area of Overlap
Total Area .
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Vegetation Indices & Growth
Stages

C
C.1 VEGETATION INDICES

For the experiment exchanging the satellite bands with vegetation in-
dices, we selected 10 indices commonly used for crop monitoring, as
summarized in Table C.2

C.2 GROWTH STAGES

Tab. C.1.: Growth stages adapted for each crop.

Rapeseed [173] Wheat [173] Soybean [209]
Bud development Bud development Emergence
Leaf development Leaf development Unifoliolate
Shoot development Tillering 1st-25th Trifoliolate

Heading Shoot development Beginning Bloom
Flowering Bolting Full Bloom

Development of fruit Heading Beginning Pod
Ripening Flowering Full Pod
Senescence Development of fruit Beginning Seed

Ripening Full Seed
Senescence Beginning Maturity

Full Maturity

To aggregate or visualize the temporal attributions by growth stages,
we use the crop-specific scales described in Table C.1.

Phenology data was provided by xarvio 1, using in-house developed
and commercially deployed growth stage models that estimate cultivar-
specific growth stages of different crops on a daily base. These models
are trained (as aMLmodel) per country and crop, based on local cultivar-
specific growth stage observations acquired in field trials (among other
observations) as well as additional data sources such as weather data, to
best account for local growth conditions.

1www.xarvio.com, accessed 13 January 2025.
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Multimodal learning via early
fusion

D
D.1 PADDED BASELINE IN ARG-S

We report the results of the evaluation of different XAI methods using
the padded baseline in Figures D.1 and D.2 for qualitative evaluation,
and in Figure D.3 for qualitative evaluation.

Fig. D.1.: XAI Methods results using the padded baseline and ARG-S dataset.
On the left is the spectral importance and on the right the temporal
importance.

D.2 QUANTITATIVE EVALUATION IN OTHER DATASETS

The evaluation results of the XAI methods are consistent across the
different crop yield datasets: SVS exhibits higher robustness compared to
the other attribution methods, according to the infidelity and sensitivity
scores. The results are displayed in Figure D.4.
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Fig. D.2.: Qualitative evaluation of the feature attribution methods using the
padded baseline on ARG-S dataset: Attribution maps of band B08 of
time step 14 (March of the second year).

Fig. D.3.: Quantitative evaluation of the feature attribution methods using the
padded baseline on ARG-S dataset.
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Fig. D.4.: Quantitative evaluation of the feature attribution methods using the
mean baseline on URG-S, GER-R, and GER-W datasets.
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Multimodal learning via late
fusion

E
E.1 ATTENTION WEIGHTS DISTRIBUTION

Figure E.1 displays the comparison of attention weights distribution
across different layers of the Transformer encoder of satellite andweather
modalities, for three random corn fields.

E.2 TEMPORAL ATTRIBUTIONS

a. Additional corn fields In Figure E.2, we display the temporal attribu-
tions of the three evaluated methods for the same three random corn
fields presented in E.1.

b. Quantitative Evaluation We evaluate the methods for estimating tem-
poral attributions using the infidelity and sensitivity scores on soybean,
wheat and rapeseed fields in Argentina and Germany. The results dis-
played in Figure E.3 reveal that the infidelity scores are similarly low in
all the datasets, while the sensitivity scores reflect varying ranks. AR
exhibits lowest sensitivity across all fields, except for soybean crops in
Argentina, while GA achieves comparable score as SVS in wheat fields,
and a worse performance in rapeseed and soybean fields. Overall, a
comparison of the two intrinsic methods reveals that AR consistently
provides more stable attributions compared to GA.

c. Agronomic validation To illustrate how the temporal attributions
can be interpreted in the light of agronomically meaningful periods,
we retrieve some soybean fields for which we obtained approximated
information about the start and end dates of different soybean growth
stages. We overlap the phenological periods on the temporal attribution
plots for three random soybean fields in Figure 3.31. The results display
distinctive patterns across the modalities. We first analyze the satellite
encoder:

• Satellite data has a relatively low importance during the initial
two stages of emergence and leaf development (i.e. unifoliolate
and trifoliolates). During this vegetation phase, the main stem
nodes and their branching are developing, influencing the canopy
structure and the final number of nodes [170]. As a result, a poor
canopy expansion might be identifiable in the satellite pixels, and
thus used by the model to correlate with lower yield values. How-
ever, the results suggest that the model does not rely significantly
on this cue.

147



Fig. E.1.: Total attention weights attending at each time step for the first three
attention layers, and the regression token weights in the final layer.
The results are averaged across 32 randomly selected pixels from three
random fields, and are displayed for the satellite (a) and weather
(b) Transformer encoders. The light buffer regions represent the 95%
confidence interval around the average value.

Fig. E.2.: Field-level average attributions of the satellite and weather modalities,
for three random corn fields.

Fig. E.3.: Infidelity and Sensitivity scores of the temporal attributions estimated
by AR, GA, and SVS methods, for soybean and wheat fields from
Argentina, and wheat and rapeseed fields from Germany.

• We then observe that attribution values slightly increase at the
blooming and podding stages, particularly in the field c. De-
foliation of the plant during late blooming is, in fact, known to
negatively affect yield [209]. The total number of mature nodes
and pods that develop during these two stages is also correlated
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with yield and may alter the field’s landscape, thereby serving as
an early indicator of potential yield.

• In contrast, the model seems to rely more on the seeding stage in
fields a and b. In fact, leaf loss of 100% has been shown to reduce
yields by 80% during early seeding [209]. Another visual hint that
can be captured by the model through the satellite data is the green
seeds, which appear only during this stage.

• The final maturity stage has a moderate level of importance across
the three fields. This can be explained by the identifiability of the
pods: 95% of the pods on the main stem reach their mature pod
color at this stage, which can potentially serve as a visual cue of
the yield [170].

Weather data attributions exhibits different patterns, as it provides a
different type of information to the model. An examination of 50 addi-
tional soybean fields revealed that the climate conditions during the early
growing period and as the harvesting date approaches typically have
the greatest influence on the model’s predictions. More particularly:

• During emergence stage, emergence speed is impacted by tem-
perature and moisture conditions [209]. In addition to soybeans
being highly sensitive to salt, soil composition plays a critical role
in nitrogen fixation and nutrient absorption, processes that occur
during the early growing stages. Meanwhile, weather conditions
are essential in regulating nutrient dynamics in the soil, affecting
both nutrient availability and uptake by plants [53, 77, 307].

• Thepodding is themost crucial period for seed yield, and any stress
from late podding until full seeding causes more yield reduction
than at any other time [209]. Thus, if the weather conditions are
unfavorable, it is usually recommended to compensate with appro-
priate irrigation strategies. However, the model does not appear
to have caught important patterns connecting weather conditions
during podding and seeding to the predicted yield.

• While stress during thematurity stage has almost no effect on yield,
adequate weather conditions are required for the soybeans to dry
and reach at least 15% moisture to be ready for harvest [209]. High
drought might, however, cause significant losses. This weather po-
tential influencemight explain the high attribution values observed
at this stage.

Weather patterns remained consistent in most of the 50 soybean fields
we examined. However, the temporal importance of satellite data showed
more variance, predominantly fluctuating between the podding and seed-
ing stages. Overall, this analysis highlights how some of the time steps
that the model focuses on within each modality align with their corre-
sponding agronomic significance, while other important patterns appear
to be overlooked by the model. These observations, however, require
further careful verification in collaboration with agronomy experts.
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E.3 MODALITY IMPORTANCE

Additional results Figure E.4 compares WMA and SVS scores for 50
random fields of soybean and wheat crops in Argentina, soybean in
Uruguay, and wheat and rapeseed in Germany. Consistent with the
findings for corn fields shown in Figure 3.34, we observe that satellite data
is the most influential modality according to Shapley-based scores, with
terrain and soil having a marginal contribution. In contrast, WMA scores
suggest a reduced influence of satellite data, in favor of soil and weather
modalities. Terrain elevation properties show minimal significance to
the model across both interpretability techniques.
When comparing crops across different regions, the modality scores

for soybean fields are consistent between Argentina and Uruguay, with
weather being the most influential modality, followed by satellite and
then soil. In contrast, models trained on wheat crops demonstrate a
stronger reliance on soil and reduced usage of the satellite data in Ger-
many compared to Argentina. Overall, these regional differences likely
reflect the impact of climate conditions, given that fields in Argentina
and Uruguay are located in nearby regions and share similar climates,
whereas German wheat crops grow in a different climatic environment
than Argentinian wheat fields. Additionally, the climate impacts satellite
data availability; for example, frequent cloudy weather in some regions
renders several satellite images unusable for the model, further influenc-
ing the modality importance.
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Fig. E.4.: Comparing the modality importance using WMA and SVS scores for
50 fields of wheat and soybean in Argentina, soybean in Uruguay, and
Wheat and rapeseed in Germany.
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