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Abstract

Machine learning (ML) algorithms, and in particular Artificial Neural Networks (ANNs), have emerged as
powerful tools for Digital Soil Mapping (DSM), especially in areas where conventional mapping approaches are
limited by high costs, labor intensity, and data accessibility constraints. The ability of ANNs to learn complex,
nonlinear relationships from large, multi-source datasets makes them well-suited for the prediction of spatial
soil properties across diverse landscapes. While their predictive performance has been widely recognized,
ANNs often lack mechanisms for uncertainty quantification (UQ), a critical limitation, particularly when
models are applied beyond their original training domain. This thesis addresses the need for interpretable and
spatially explicit uncertainty measures in ANN-based soil prediction by implementing the Last-Layer Laplace
Approximation (LLLA), a Bayesian Deep Learning (DL) technique that approximates model uncertainty at
low computational cost.

The first study focuses on the application of LLLA within a classification task of !) soil units in a heterogeneous
landscape of southern Germany. A simple fully connected multilayer perceptron (MLP) is trained on a
carefully selected subset of soil regions, excluding certain areas to simulate extrapolation scenarios. The
results demonstrate that LLLA e"ectively identifies areas where the ANN is overconfident, particularly
in zones distant from the training domain or underrepresented in the input data. The uncertainty maps
generated provide valuable insight into the spatial structure of model confidence and highlight regions
requiring further data collection, thereby supporting more informed sampling strategies.

The second study explores model transferability by applying a trained ANN to a separate but geographically
similar region without retraining. This scenario reflects a common challenge in DSM: leveraging legacy datasets
to predict in data-sparse environments. Despite moderate accuracy losses, the ANN successfully generalises
certain patterns, particularly those associated with alluvial features, suggesting that characteristic soil-
landscape relationships are partially transferable. However, the model exhibits a bias towards overrepresented
soil units from the training region. The integration of LLLA enables the identification of low-confidence
predictions and supports spatially resolved interpretation of model limitations.

Collectively, the two studies illustrate the potential of combining ANNs with Bayesian UQ through the
LLLA, as a post-hoc and computationally e$cient approach, to enhance the reliability and interpretability
of soil predictions. The results underline that uncertainty is not just a by-product, but an essential part of
predictive modelling, especially in extrapolation tasks. This thesis contributes a practical and computationally
feasible framework for uncertainty-aware soil mapping, which also can be implemented post-hoc in existing
ANN workflows. It further supports a shift in DSM practice towards transparent, uncertainty-informed
spatial predictions that can guide stakeholders in environmental planning, land management, and resource
allocation.





Zusammenfassung

Algorithmen des maschinellen Lernens, insbesondere künstliche neuronale Netze (ANN), haben sich als
leistungsstarke Werkzeuge für die digitale Bodenkartierung (DSM) erwiesen, insbesondere in Gebieten, in
denen herkömmliche Kartierungsansätze durch hohe Kosten, Arbeitsaufwand und begrenzte Datenverfüg-
barkeit eingeschränkt sind. Die Fähigkeit von ANNs, komplexe, nichtlineare Beziehungen aus großen und
aus mehreren Quellen stammenden Datensätzen zu erlernen, macht sie gut geeignet für die Vorhersage
räumlicher Bodeneigenschaften in verschiedenen Landschaften. Während ihre Voraussagekraft weithin
anerkannt ist, fehlt es ANNs oft an Mechanismen zur Quantifizierung der Unsicherheit, was eine kritische
Einschränkung darstellt, insbesondere wenn die Modelle über ihren ursprünglichen Trainingsbereich hinaus
angewendet werden. Diese Arbeit befasst sich mit dem Bedarf an interpretierbaren und räumlich expliziten
Unsicherheitsmaßen in der ANN-basierten Bodenvorhersage durch die Implementierung der Last-Layer
Laplace Approximation (LLLA), einer Bayes’schen Deep-Learning-Technik, die die Modellunsicherheit bei
minimalen Rechenkosten approximiert.

Die erste Studie konzentriert sich auf die Anwendung von LLLA im Rahmen einer Klassifizierungsaufgabe
von !) Bodentypen in einer heterogenen Landschaft in Süddeutschland. Ein einfaches, voll vernetztes
mehrschichtiges Perzeptron wird auf einer sorgfältig ausgewählten Teilmenge von Bodeneinheiten trainiert,
wobei bestimmte Bodeneinheiten ausgeschlossen werden, um Extrapolationsszenarien zu simulieren. Die
Ergebnisse zeigen, dass LLLA e"ektiv Bereiche identifiziert, in denen das ANN zu selbstsicher ist, insbe-
sondere in Regionen, die weit vom Trainingsgebiet entfernt oder in den Eingabedaten unterrepräsentiert
sind. Die erstellten Unsicherheitskarten geben einen wertvollen Einblick in die räumliche Struktur der
Modellzuverlässigkeit und heben Regionen hervor, die eine weitere Datenerhebung erfordern, was wiederum
fundiertere Probenahmestrategien unterstützt.

In der zweiten Studie wird die Übertragbarkeit des Modells untersucht, indem ein trainiertes ANN ohne
erneutes Training auf eine andere, aber geografisch ähnliche Region angewendet wird. Dieses Szenario
spiegelt eine häufige Herausforderung im DSM wider: die Nutzung vorhandener Datensätze zur Vorhersage
in datenarmen Umgebungen. Trotz leichter Genauigkeitsverluste verallgemeinert das ANN erfolgreich
bestimmte Muster, insbesondere solche, die mit Auenböden verbunden sind, was darauf hindeutet, dass
charakteristische Boden-Landschafts-Beziehungen teilweise übertragbar sind. Allerdings weist das Modell
eine Tendenz zu überrepräsentierten Klassen aus der Trainingsregion auf. Die Integration von LLLA
ermöglicht die Identifizierung von Vorhersagen mit geringer Konfidenz und unterstützt die räumlich
aufgelöste Interpretation der Modellgrenzen.

Zusammengenommen veranschaulichen die beiden Studien das Potenzial der Kombination von neuronalen
Netzen mit der Bayes’schen Unsicherheitsquantifizierung, insbesondere durch die LLLA, als post-hoc und
rechnerisch e$zienter Ansatz, um die Zuverlässigkeit und Interpretierbarkeit von Bodenvorhersagen zu
verbessern. Die Ergebnisse unterstreichen, dass Unsicherheit nicht nur ein Nebenprodukt, sondern ein
wesentlicher Bestandteil der Modellierung ist, insbesondere bei Extrapolationsaufgaben. Diese Arbeit liefert
einen praktischen und rechnerisch machbaren Rahmen für eine auf Unsicherheit basierende Bodenkartierung,
die auch nachträglich in bestehende ANN-Workflows implementiert werden kann. Sie unterstützt eine
Verlagerung der DSM-Praxis hin zu transparenten, auf Unsicherheiten basierenden räumlichen Vorhersagen,
die den Akteuren bei der Umweltplanung, dem Landmanagement und der Ressourcenzuteilung als
Orientierung dienen können.
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Notation

The notation is influenced by Bishop [)*] and Goodfellow et al. [#)].

Tensor, Vectors, Matrices, Numbers

𝐿 Vector of the input features
𝐿𝑀 Datum n of the input vector
𝐿𝑁 i-th component of vector 𝐿
𝑂 Output vector
𝑂𝑀 Datum n of the output vector
𝑂𝑀𝑃 k-th component of n-th output vector
D Dataset
𝑄 Weight vector/parameter vector
𝑄𝑁 i-th weight parameter
𝑄

(𝑅)
𝑆𝑁

Weight from neuron i in layer l-) to neuron j in layer l
𝑇 Bias vector
𝑇
(𝑅)
𝑆

Bias term for neuron j in layer l
ℝ Set of real numbers
ℝ𝑈 N-dimensional real vector space
𝑉 Number of input features
𝑊 Number of outputs/classes
𝑋 Total number of parameters
𝑈 Number of data points/samples

Functions and Operators

𝑌 (·) Function
𝑌𝑄(·) Multilayer Perceptron with weights 𝑄
𝑌𝑄(𝐿) Outputs of the MLP function with weights 𝑄
→𝑄 Gradient operator with respect to 𝑄

→2
𝑄

Hessian operator (second derivative) with respect to 𝑄

arg min Argument of the minimum
max(𝑍 , 𝑇) Maximum of a and b
exp(·) Exponential function
ln(·) Natural logarithm∑

𝑀

𝑁=1 Summation from 𝑁 = 1 to 𝑀∫
Integration operator



Probability and Statistics

𝑎(·) Probability density/mass function
𝑎(𝑏|𝑐) Conditional probability of A given B
N (𝜑, 𝜒2) Normal (Gaussian) distribution with mean 𝜑 and variance 𝜒2

N (𝜑,𝛚) Multivariate normal distribution with mean vector 𝜑 and covariance matrix 𝛚
𝜑 Mean
𝜒2 Variance
𝛚 Covariance matrix

Arti!cial Neural Networks

𝑑 Number of neurons in hidden layer
𝑒 Number of layers
𝑓(·) Hidden layer activation function (e.g. ReLU)
𝜒(·) Output layer activation function (e.g. softmax)
𝑔 Pre-activation value (weighted sum)
𝑍𝑃 Activation value for neuron k
ReLU(𝑔) Rectified Linear Unit function
𝑕(𝑄) Cross-Entropy loss
𝑖 (𝐿𝑀 , 𝑂𝑀 ;𝑄) Loss for single sample
𝑗(𝑄) Regularization term
𝑄𝑉𝑏𝑘 Maximum a posteriori estimate of weights
𝑒(𝑋;𝑄) Likelihood function
𝑉𝑏𝑘 Maximum a posteriori

Uncertainty quanti!cation

𝑎(𝑄|𝑋) Posterior distribution of weights given data
𝑎(𝑄) Prior distribution of weights
𝑎(𝑋|𝑄) Likelihood of data given weights
𝑎(𝑂 = 𝑁|𝐿 ,𝑋) Predictive probability for class i

Soil Forming Factors

𝑙 Soil as a function of forming factors
𝑚𝑅 Climate
𝑛 Organisms (vegetation, fauna, in McBratney et al. [)’)] also human activity)
𝑗 Topography
𝑎 Parent material
𝑜 Time
𝑙
𝑚/𝑍 Soil class or attribute at a location

𝑝 Other properties of the soil
𝑚 Climatic properties
𝑍 Age
𝑀 Spatial position

xiv



Acronyms & Abbreviations

E.g. or e.g. For example (exempli gratia)
Etc. or etc. And so on (et cetera)
I. e. or i. e. That is (id est)
ANN Artificial Neural Network
BF Black Forest
BNN Bayesian Neural Network
CART Classification and Regression Trees
CNN Convolutional Neural Network
DL Deep Learning
DSM Digital Soil Mapping
KNN k-Nearest Neighbors
LGRB State Authority for Geology, Mineral Resources and Mining, Baden-Württemberg,

Germany
LA Laplace Approximation
LLLA Last-Layer Laplace Approximation
GBM Gradient Boosting Machine
GP Gaussian Process
MC Monte Carlo
ML Machine Learning
MLP Multilayer Perceptron
MLR Multiple Linear Regression
NDVI Normalized Di"erence Vegetation Index
OOD Out-of-distribution
ReLU Rectified Linear Unit
RF Random Forest
SJ Swabian Jura
SVM Support Vector Machine
UQ Uncertainty Quantification
WRB World Reference Base
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1.1 Introduction

Artificial Neural Networks (ANNs) have become essential tools in a
wide range of scientific disciplines due to their ability to model complex
nonlinear relationships in large datasets [)*’]. One of their promising
applications is in Digital Soil Mapping (DSM), which involves using
models and environmental data to predict and map soil properties across
landscapes. In this context, machine learning (ML) in general has shown
considerable potential for accurately predicting soil properties over large
regions. Over the past two decades ML methods and specifically ANNs
have increasingly supported and automated what was conventional a
labor intensive task in soil science [)%, ##, +%, )’)]. With the growing
availability of open source software and computational resources, these
techniques and their implementations have become more accessible [!,].
Furthermore, the publication of extensive open access datasets, such
as those containing climate information, digital elevation models, and
remote sensing data, has made it easier to apply these methods in various
geospatial contexts [(,, )’)].

Despite significant progress, a major challenge remains: many models
carry intrinsic uncertainty that is not explicitly tracked or quantified.
This means that uncertainty arises not only from the data, such as mea-
surement errors, laboratory testing variability, or inaccuracies in satellite
observations, but also from the model’s own structure and assumptions,
which can behave unpredictably outside the training domain. As a re-
sult, predictions in extrapolation settings are often unreliable [,*, )’(,
)+%]. In particular, ANNs, often regarded as black-box models, tend to
produce overly confident predictions when confronted with unknown or
underrepresented data, due to a lack of built-in uncertainty estimation
and an overreliance on learned patterns from the training distribution
[’(, ,,, )%(]. Their outputs can appear reliable even in regions where the
model has no empirical support, underscoring the need for methods that
explicitly account for uncertainty. Otherwise this overconfidence can be
especially problematic in high-stakes applications, where predictions
based on ANN-generated maps can lead to costly or damaging decisions
[#+].

As a result to improve the reliability of ML models in DSM, it is therefore
not only important to achieve high predictive accuracy but also to provide
well-calibrated uncertainty estimates. Crucially, these estimates should
not be limited to a single summary value for the entire map, but should
be spatially explicit to reveal where the model is confident and where
it is uncertain across the landscape. This gives us spatial uncertainty
that describes how uncertainty varies across an area. A promising solu-
tion lies in probabilistic modeling approaches, particularly those based
on Bayesian inference, which o"er a principled framework for uncer-
tainty quantification (UQ). By accounting for uncertainty in a model’s
parameters, Bayesian methods help capture epistemic uncertainty, the
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uncertainty due to limited data or model knowledge. Among recent
Bayesian approaches, the Last-Layer Laplace Approximation (LLLA)
stands out as a computationally e$cient method. LLLA can be applied
post-hoc to trained ANNs, meaning it does not require model retraining
[)&!]. This makes it especially useful for improving uncertainty calibration
in existing models with low additional cost.

In this thesis, the use of LLLA, to improve the spatial uncertainty cali-
bration of ANNs in the context of DSM is investigated. This approach
helps identify locations, where predictions may be unreliable, providing
valuable guidance for targeted data collection and contributing to more
interpretable and robust soil maps. It also enhances the reliability of
transferring ANNs to new environments. By integrating LLLA with
established soil modelling practices, this research aims to support the
development of more reliable, transparent and trustworthy ANNs, es-
pecially in domains where decision making depends on both accuracy
and interpretability. Poorly calibrated ANNs can produce misleadingly
confident predictions, potentially resulting in harmful or costly decisions.
In contrast, well-calibrated ANNs provide a realistic assessment of un-
certainty, helping stakeholders distinguish between areas of high and
low confidence and make informed choices.

To structure this thesis and guide the development of the research, I
define a set of focused research questions (RQ). In response, this thesis
o"ers three key contributions that reflect both theoretical insights and
practical advancements in the application of LLLA for ANNs to DSM.

(RQ!) How e!ectively can the Last-Layer Laplace Approximation (LLLA) quan-
tify and correct the uncertainty in Artificial Neural Networks (ANNs)
predictions for soil mapping?

(RQ") To what extent can Artificial Neural Networks (ANNs) trained on well-
sampled regions generalise to soil predictions on geographically similar
but distant, data-sparse regions via model transfer?

(RQ$) What role does spatial uncertainty play in the reliability and practical
application of digital soil maps?
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1.2 Outline

This thesis is structured into three main parts: a conceptual and technical
foundation (Part I), the achieved research contributions (Part II), and a
conclusion discussing the implications and an outlook (Part III). Together,
they are investigating how interpretable ANNs can advance the field of
DSM while taking uncertainty into account, with a particular focus on
data-sparse regions.

Part I introduces the conceptual foundations. It motivates the integration
of ML techniques into soil science, provides a brief overview of the
history and current state of the art. A central focus of this part is the
challenge of interpretability and reliability in ANNs, which are often
still regarded as "black boxes" despite their predictive power. In detail, I
examine the following aspects.

Chapter ’ begins with an overview of soil classification and the general
principles of DSM. It introduces the scorpan model as a foundational
framework for DSM and outlines how it informs various modeling ap-
proaches. The chapter highlights the growing use of ML in soil prediction,
particularly ANNs, driven by their scalability and strong predictive per-
formance. It presents the most commonly used ML models for DSM, out-
lining their respective strengths and weaknesses. In addition, it critically
examines key limitations of ANNs, especially in terms of interpretability
and reliability of their predictions.

Chapter % discusses, after a general introduction of ANNs, the impor-
tance of UQ in spatial models. It introduces the LLLA as a scalable
Bayesian method that can be integrated into ANNs to provide princi-
pled uncertainty estimates. The chapter also contrasts LLLA with other
UQ techniques, highlighting its advantages in terms of computational
e$ciency and compatibility with existing ANN architectures.

Part II of this thesis presents its two central contributions, both focused
on applying ANNs to predict soil unit maps, with a particular emphasis
on quantifying model uncertainty using the LLLA method. Each con-
tribution explores a di"erent use case, demonstrating how uncertainty
in ANNs can be explicitly modeled, visualized, and interpreted to gain
insight not only into the mapped area, but also into the behavior and
reliability of the model itself.

Chapter ! introduces the LLLA for predictive uncertainty estimation
of ANNs applied to soil classification tasks. ANNs lack calibrated un-
certainty estimates and tend to produce overconfident predictions, par-
ticularly in regions geographically distant from the training domain
or sparsely covered by training data. We address this issue using the
LLLA, which augments the final layer of a trained ANN with a Gaussian
posterior. This yields predictions with uncertainty statements without re-
quiring changes to the training process or reducing model accuracy. Our
application focuses on soil classification in southern Germany, where
we exclude two regions with their specific soil units during training
and include them only in the prediction phase. By incorporating LLLA
uncertainty estimates, the model not only delivers predictions but also
provides a measure of confidence. The setup with the excluded soil units
allows us to evaluate whether the model appropriately expresses low
confidence in unfamiliar regions and to explore additional patterns that
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may reveal the model’s strengths and limitations. This enables stakehold-
ers to assess model reliability, identify knowledge gaps, and prioritize
data acquisition in regions of low predictive certainty.

Disclaimer !.! Chapter ! is based on the peer-reviewed journal
publication with the following co-author contributions:

K. Rau, K. Eggensperger, F. Schneider, P. Hennig, and T. Scholten.
“How can we quantify, explain, and apply the uncertainty of complex
soil maps predicted with neural networks?” Science of The Total Envi-
ronment *!! (’&’!). eprint: https://doi.org/10.1016/j.scitotenv
.2024.173720 [)()]

Ideas Experiments Analysis Writing
K. Rau (& % #( % ,& % ,( %
K. Eggensperger ( % ’& % ( % )& %
F. Schneider ( % )( % & % ( %
P. Hennig ’& % & % ( % & %
T. Scholten ’& % & % ’& % )& %

Chapter ( extends the Bayesian Deep Learning (DL) approach LLLA
for the extrapolation of soil unit predictions, addressing challenges
arising from uneven soil sampling distributions. The available soil data
is often regionally very dense due to previous sampling, and the aim
is to use this data to make well-founded predictions for similar but
unsampled or insu$ciently sampled regions. To explore this, we train
an ANN on a region and transferring it to an unseen but similar region
without additional retraining in south Germany. To quantify predictive
uncertainty, we again apply LLLA to the final layer of the network.
By applying LLLA, we obtain spatially explicit uncertainty estimates,
highlighting regions where predictions are reliable and where model
uncertainty increases. This allows for assessing the suitability of the
model for extrapolation to new areas and identifying locations where
additional sampling could enhance model performance.

Disclaimer !." Chapter ( is based on the peer-reviewed journal
publication with the following co-author contributions:

K. Rau, K. Eggensperger, F. Schneider, M. Blaschek, P. Hennig, and T.
Scholten. “Quantifying spatial uncertainty to improve soil predictions
in data-sparse regions”. SOIL )).’ (’&’(). eprint: https://doi.org/1
0.5194/soil-11-833-2025 [)(&]

Ideas Experiments Analysis Writing
K. Rau #& % +& % ,& % +& %
K. Eggensperger & % ( % ( % & %
F. Schneider & % ( % & % & %
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Part III provides a comprehensive summary of the studies, linking back
to the research questions introduced in Section ).). It outlines how the
proposed methodology addresses key challenges in applying ANNs to
DSM tasks through the integration of UQ using LLLA. In addition, it
explores the potential implications of this approach for improving model
transparency, guiding targeted sampling e"orts, and informing decision-
making in soil monitoring and mapping. The chapter concludes with an
outlook on future directions, including methodological improvements
such as benchmarking, expanded applications in diverse landscapes, and
the integration of additional data sources to further support robust and
scalable soil prediction systems.
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DSM is a modern scientific field used to create detailed maps of soil classes
or soil properties (like texture, acidity, organic matter, etc.) across large
areas using computers, data, and models. It emerged as a sub-discipline
of soil science in response to the limitations of conventional soil surveys
and the growing need for timely, high-resolution soil information. Unlike
conventional methods, which rely heavily on extensive and costly field
surveys, DSM combines soil samples taken from specific locations with
environmental data. These data include remote sensing data, such as
optical imagery (e.g., multispectral or hyperspectral data) and Synthetic
Aperture Radar data, along with climate data (e.g., temperature, precipi-
tation), digital elevation models, terrain derivatives (e.g., slope, aspect,
curvature), and land use or land cover information. Using this infor-
mation, scientists build geostatistical or ML models that learn how soil
properties are related to the environment. These models are then applied
to predict soil classes or properties in areas where no samples were taken,
producing continuous maps of the landscape. This underscores one of
DSM’s key advantages: the shift from conventional polygon-based maps
to high-resolution, pixel-based maps that provide a much more accurate
representation of soil variability across the landscape.

2.1 From Soil Formation to Soil Classi!cation

Soils are an essential component of the terrestrial environment, underly-
ing many of the natural and human systems we depend on, such as plant
growth, water filtration, carbon storage and cycling, and food production.
Most individuals encounter soil early in life, through play, gardening,
or outdoor exploration, but as attention shifts toward to large-scale soil
applications in agriculture and ecosystem regulation, its presence be-
comes less visible. Despite this, soil continues to play a vital, though often
overlooked, role in sustaining food systems, regulating environmental
processes, and supporting biodiversity throughout our lives.

While the practical use of soils, i. e. agriculture, has been integral since the
first human settlements, the systematic scientific investigation into soil
formation processes only emerged in the )*th century. A foundational
contribution came from Dokuchaev [!#] in )++%, who first conceptualized
soil as a natural body formed through the interaction of five key environ-
mental factors: climate, organisms, relief (topography), parent material,
and time. These are now widely recognized as the soil-forming factors.
This concept was further advanced by Jenny [*&], who introduced a
quantitative formulation of these interactions, described in Definition ’.).
Jenny’s approach established a framework, that still serves as the basis
for DSM today. However, even prior to the development of DSM, this
conceptual model guided classical soil surveyors and cartographers.
When delineating soil units in the field, their mapping decisions were
based not only on direct observations but also on an understanding of
the surrounding landscape and its formative influences.
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Definition ".! (CLORPT model by Jenny [#)]) Let 𝑙 denote soil as a
function of various forming factors. This approach to understanding
soil formation was further researched to a quantitative and analytical
formulation:

𝑙 = 𝑌 (𝑚𝑅 , 𝑛 , 𝑗 , 𝑎 , 𝑜 , ...) (’.))

where:

⊋ 𝑚𝑅 refers to climate,
⊋ 𝑛 refers to organisms (including vegetation, microbes, fauna),
⊋ 𝑗 refers to relief (topography),
⊋ 𝑎 refers to parent material (rock or sediment),
⊋ 𝑜 refers to time.

This model emphasizes that soil is not a static substance but a dynamic
product of interacting natural factors. The dots in the ellipsis indicates
that additional variables may also influence the function.

The work of Dokuchaev [!#] not only represents a foundational advance-
ment in the scientific understanding of soils, he introduced a systematic
classification framework based on these soil forming factors, rather than
focusing solely on physical or chemical properties like texture or fertility.
Another central concept emerging from his work is the di"erentiation of
soils into zonal, intrazonal, and azonal categories, based on the degree to
which their development reflects climatic and geographical influences.

These principles laid the groundwork for modern soil classification
systems, including the World Reference Base for Soil Resources (WRB)
and the German soil classification system, the latter being specifically
designed to accommodate national soil conditions and o$cially applied
in environmental and agricultural contexts [,, !+]. These modern systems
employ a hierarchical structure in which soil types are distinguished
based on moisture conditions, diagnostic horizon sequences and the
associated pedogenic processes that occur in the topsoil and subsoil.
These types are further subdivided into subtypes, soil varieties, and
subvarieties, allowing for detailed di"erentiation based on diagnostic
features.

For the purposes of this study, I focus on soil units, a categorization
level that groups soils according to shared morphological, physical,
or developmental characteristics specified by the State Authority for
Geology, Mineral Resources and Mining Baden-Württemberg (LGRB). With
this conceptual and historical foundation in place, we can now turn
our attention to DSM, which builds upon these classical principles by
integrating them with modern geospatial technologies and data-driven
approaches.
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2.2 Foundations and Advances in Digital Soil
Mapping

DSM has evolved from conventional soil mapping by adopting a quantita-
tive, data-driven approach grounded in pedological theory. The evolution
of DSM as a scientific field began in the )*,&s, driven by the growing
availability of soil and environmental data and the emergence of com-
puter technologies that enabled spatial analysis [)+,]. As computational
speed and data collection capacity improved, DSM methods became more
attractive and feasible. By the early ’&&&s, the demand for high-resolution
soil information in land use planning, environmental monitoring, and
precision agriculture further increased interest in DSM, particularly
in countries like Germany, where authorities began integrating these
methods into their workflows [)%].

Foundational contributions to the field came from studies such as Cialella
et al. [%,], Lagarcherie and Holmes [)&+], McKenzie and Austin [)’!], and
Moore et al. [)’+], which demonstrated the potential of spatially predict-
ing soil properties using environmental features. The formal operational
definition (Definition ’.’) of DSM was introduced by McBratney et al.
[)’)], who generalised the soil-forming factors model by Jenny [*&] by
incorporating "soil" itself as a factor and explicitly considering spatial
location. At the same time, Scull et al. [)#)] introduced the concept of pre-
dictive soil mapping in his review, thereby consolidating the conceptual
and methodological foundations of the field.

Definition "." (scorpan model by McBratney et al. [!"!]) Let 𝑙
𝑚/𝑍

denote a soil class or attribute at a location. Then,

𝑙
𝑚/𝑍 = 𝑌 (𝑝 , 𝑚 , 𝑛 , 𝑗 , 𝑎 , 𝑍 , 𝑀) (’.’)

where:

⊋ 𝑝 refers to other properties of the soil,
⊋ 𝑚 refers to climatic properties,
⊋ 𝑛 refers to organisms, vegetation or fauna or human activity,
⊋ 𝑗 refers to topography or landscape attributes,
⊋ 𝑎 refers to parent material or lithology,
⊋ 𝑍 refers to age, the time factor,
⊋ 𝑀 refers to space, spatial position.

This conceptual foundation is operationalized through the typical DSM
workflow, in that case ML methods, in particular ANNs, as illustrated
in Figure ’.). The input layers represent various environmental features
that influence soil formation and are selected to capture the soil-forming
factors. For example, climate data may include variables such as temper-
ature and precipitation; topographic attributes like slope, elevation, and
aspect are used to capture relief; vegetation indices such as Normalized
Di"erence Vegetation Index (NDVI) represent the influence of organisms;
geological and geomorphological indicators serve as proxies for parent
material; and remote sensing-derived variables are often used to approxi-
mate soil texture and moisture conditions. Together, these variables serve
as predictor features for the model.
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The central part of the figure depicts an ML model, in that case an ANN,
that learns the relationship between these environmental inputs and
known soil properties or classes derived from ground-truth observations.
The ANN consists of an input layer with one neuron for each feature, a
series of hidden layers where complex, nonlinear relationships between
features are modeled, and an output layer that generates predictions in
the form of soil classes or continuous soil property values. More technical
details regarding the ANN structure are provided in Section %.).

Figure ".!: Illustration of a typical DSM workflow using ANNs: On the left, multiple input layers represent various environmental
features (e. g. terrain attributes and calculated indices). These are fed into an ANN, which processes the data through interconnected
layers. The model outputs class probabilities distribution for each pixel (middle right), which are then compiled into a final classified
map (far right) showing di"erent soil units across the study area.

The prediction output layers shown at third position of the figure rep-
resent intermediate results generated by the model during the analysis
process. In the case of classification, these layers typically express the
model’s current estimations as likelihoods or probabilities for each possi-
ble soil unit at a given location.

Building on this intermediate predictions produced by the model, the
final output, shown on the right side of the figure, is a synthetic soil
map created by assigning each pixel to the soil unit with the highest
predicted likelihood. In the case of an ANN performing soil classification,
this step typically involves applying the 𝑍𝑗𝑞𝑟𝑍𝐿 function to the output
probabilities, which selects the class (i. e., soil unit) with the highest
predicted value for each pixel. This figure thus illustrates the DSM
workflow, which consists of collecting environmental features, training a
ML model, predicting soil units across unsampled areas, and ultimately
generating a spatially continuous soil map.

Notably, even before the term DSM was formally established, such
methodologies were already being applied to both continuous soil
properties and categorical soil classes. Early e"orts often began with
geostatistical approaches such as kriging [#’, +’], but soon expanded to
include more diverse methods. For example, the work of McBratney [)’’],
who demonstrated the use of fuzzy k-means clustering for quantitative
soil classification, or Cialella et al. [%,], who applied classification trees
to predict soil drainage classes. Environmental correlation methods also
gained recognition through studies such as Moore et al. [)’+], which
linked topographic features with soil properties.

The adoption of decision trees and ensemble algorithms marked a shift
toward more robust predictive modeling: for instance, Henderson et al.
[,+] applied rule-based data mining techniques to conduct nationwide soil
prediction in Australia. These advances coincided with the GlobalSoilMap



2.3 Machine Learning Methods in Digital Soil Mapping 13

initiative, through which regional nodes across Africa, the Americas,
Asia, Europe, and Oceania compiled soil profile databases and features
to produce the first generation of continental-scale soil property grids by
the mid-’&)&s [,!]. In parallel, ISRIC – World Soil Information launched
SoilGrids, a global mapping platform that integrates ML with remote
sensing inputs to estimate soil properties worldwide [)!!]. As larger and
more comprehensive soil datasets became available, the focus in DSM
increasingly shifted from conventional geostatistical methods toward ML
approaches.

2.3 Machine Learning Methods in Digital Soil
Mapping

Building on this shift, ML has become a central component of DSM.
While the broader DSM framework includes a variety of techniques,
such as conventional statistical methods (e.g., kriging, regression) and
rule-based models, this section focuses specifically on the development
and application of ML algorithms within the context of DSM.

Since the late ’&&&s, ML algorithms (e.g. Random Forests (RFs), Gradi-
ent Boosting Machines (GBMs), Support Vector Machines (SVMs), etc.)
became common in DSM studies [)+%]. These methods often outperform
conventional approaches by providing higher prediction accuracy and
the ability to assess the importance of features. The rapid adoption of ML
in DSM in the ’&)&s was driven by advances in computing power, the
emergence of cloud computing, and the increasing availability of large,
freely accessible datasets, many of them from remote sensing technologies
[)!&]. Since then, the field has evolved to include probabilistic models
and increasingly sophisticated ML algorithms that enable improved
predictions of both soil properties and soil classes. These advances have
led to improved spatial resolution and mapping accuracy [)+%].

This development has been documented in numerous review studies
evaluating DSM methods and their results [%!, #(, )&#, )),, )’#, )!&, )+&,
)+’]. Many of these review papers highlight the growing interest and
increasing prevalence of ML-based approaches in soil science. Some focus
specifically on the state of the art in certain countries or continents, for
example Behrens and Scholten [)!] in Germany, Taghizadeh-Mehrjardi
et al. [),#] in Iran, Dharumarajan et al. [!(] in India, and Nenkam et al.
[)%%] in Africa.

ML methods o"er several key advantages over conventional statistical
models, primarily due to their ability to capture complex, nonlinear
relationships between soil properties and environmental features. These
patterns are often di$cult to detect using conventional techniques [+&].
To address this, the following section presents a concise overview of key
ML approaches that have been increasingly adopted in DSM.
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2.3.1 Modeling Techniques and Algorithm Trends

While not intended as a formal literature review, this section o"ers a brief
insight into the development and growing use of various ML techniques
in the context of DSM. For a comprehensive examination, readers are
encouraged to consult the following review articles: Chen et al. [%!],
Grunwald [#(], Lagacherie [)&#], Ma et al. [)),], Minasny and McBratney
[)’#], Padarian et al. [)!&], Wadoux [)+&], and Wadoux et al. [)+’].

Over time, numerous ML algorithms have been explored for their suit-
ability in various soil mapping tasks. Among these, Random Forests
(RFs), developed by Breiman [’(], have emerged as one of the most
widely used algorithm in DSM for both continuous and categorical soil
predictions. Grimm et al. [#%] was one of the pioneers to use RFs in DSM.
Its popularity stems from its robustness, capability to model nonlinear
relationships, and its internal mechanism for estimating feature impor-
tance, which aids in model interpretability [)+%]. For example, Hengl
et al. [,*] used RFs within the SoilGrids project to predict a wide range
of soil properties at a ’(& m spatial resolution globally. More broadly,
Padarian et al. [)!&] observed that RFs consistently performed well across
diverse soil prediction tasks. Heung et al. [+&] likewise found that RFs
o"ered one of the best trade-o"s between prediction accuracy and model
interpretability for soil taxonomic unit tasks.

Cubist [)!+], a rule-based regression model that combines linear models
with decision trees, has shown good performance particularly in small
to medium datasets. Khaledian and Miller [*#] observed that Cubist
performed comparably to RFs and better than Multiple Layer Regression
or ANN when applied to relatively small DSM datasets under )&& samples.
This advantage is attributed to Cubist’s ability to generate interpretable
rules and local linear models, which enhances model transparency while
also maintaining lower computational demands. Similarly, Malone et
al. [))+] successfully employed Cubist for predicting soil pH across
Australian landscapes.

Support Vector Machines (SVMs) have been applied in DSM tasks that
benefit from their ability to model complex boundaries and reduce
overfitting [!&]. Kova-evi. et al. [)&’] used SVMs to classify soil types in
Mediterranean regions. Heung et al. [+&] reported that SVMs with radial
basis function kernels yielded high classification accuracy (up to ,’%)
when predicting soil taxonomic classes.

Though relatively simple, k-Nearest Neighbor (KNN) methods have
proven useful in DSM, particularly when modeling categorical outputs
[!), !*]. Heung et al. [+&] found KNN to perform comparably to SVMs
in classification accuracy. However, its performance is sensitive to data
density and feature scaling. KNN’s main advantages lie in its simplicity
and e"ectiveness in datasets where similar environments yield similar
soil types. Mansuy et al. [))*] produced high-resolution digital soil maps
of Canada’s managed forests using the KNN method. The study achieved
reliable mapping of key soil properties, improving over conventional
coarse-resolution maps and o"ering valuable tools for forest management
and environmental monitoring.

Decision tree methods like Classification and Regression Trees (CART)
and its ensemble variants are valued because the tree structure is easy to
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visualize and interpret [’#]. Han et al. [,’] proposes a high-resolution
soil moisture estimation framework for China using the CART algorithm,
integrating multisource data in a “pyramid” model structure to address
spatial data inconsistencies and model generalisability issues. The frame-
work showed stable performance and higher accuracy than conventional
methods.

Gradient Boosting Machines (GBM), e.g., XGBoost or LightGBM, have
recently gained popularity due to their high predictive accuracy in many
fields [(’]. Chen et al. [%!] reported that gradient boosting models often
outperformed RFs in DSM studies conducted under the GlobalSoilMap
framework, particularly for predicting soil pH and organic carbon at
depths up to ’ meters. Their capacity to handle interactions and rank
features also contributes to their appeal in DSM research.

One of the earliest applied statistical models in DSM is Multiple Linear
Regression (MLR). While limited in handling nonlinearity and multi-
collinearity, it remains useful for its transparency and ease of interpreta-
tion. Khaledian and Miller [*#] compared MLR with several ML methods
and noted that MLR generally underperformed in predictive accuracy
but o"ered advantages when interpretability was a priority.

Artifical Neural Networks (ANNs) represents a class of flexible, nonlin-
ear models capable of capturing complicated interactions between soil
properties and environmental features. Although ANNs were previously
underused due to high computational complexity and interpretability
concerns, they have re-emerged as a leading method in DSM research
with the advent of high-performance computing, large data sets and
better optimisation algorithms. Padarian et al. [)!&] noted increasing use
of DL models in spectral soil analysis and soil property prediction. In
addition, Heung et al. [+&] evaluated ANN for soil classification and
found performance on par with advanced tree-based models, particularly
when ample training data were available. Earlier, Behrens et al. [)%]
demonstrated the potential of ANNs for regional soil unit prediction in
Western Germany, underscoring their applicability even in earlier DSM
e"orts.

Given the increasingly successful applications of ANNs in DSM and
their suitability for modeling nonlinear, high-dimensional relationships,
ANNs are expected to have a growing advantage, particularly in the
future, where data availability will no longer be a major constraint, as
more and more data is generated and become publicly accessible [)+&].
Wadoux et al. [)+%] already found that advanced ML methods often
outperform simpler approaches due to their ability to capture complex,
nonlinear patterns.

However, it is important to acknowledge that certain precautions must be
taken to avoid producing misleading results. Compared to the other mod-
els, ANNs, as one of the advanced ML methods, are typically considered
"black box" models [)+%]. This means that their internal workings are not
easily interpretable, making it di$cult to understand how specific inputs
influence the outputs. Additionally, ANNs typically do not provide in-
herent mechanisms for UQ. Together, the lack of interpretability and the
absence of uncertainty tracking represent significant disadvantages of
using ANNs. In the following section, I address this issue and, in Part II
discuss potential solutions to improve the UQ of ANNs.
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2.3.2 Uncertainty Quanti!cation

With the increasing use of DSM, evaluating model performance and
reliability has become a key concern. While many studies have focused
on improving the predictive accuracy of ML models (e.g. [’*, *(, ),)]),
the quantification and communication of uncertainties remain underde-
veloped. The validation of model results and the estimation of explicit
uncertainty are increasingly recognised as essential tasks in DSM, as
emphasised by Belkadi and Drias [)#]. Wadoux et al. [)+’] identified UQ
as one of the key challenges in pedometrics, especially in contexts with
complex soil processes, sparse observations, and high spatial variabil-
ity.

However, despite its importance, UQ is still relatively rare in DSM. Ac-
cording to Piikki et al. [)!%], only %( % of DSM studies report uncertainty
estimates, with Wadoux et al. [)+%] and Padarian et al. [)!&] reporting
even lower figures of %&% and ’!%, respectively. This lack of coverage of
uncertainty is particularly pronounced in ANNs: several studies that use
ANNs, such as Behrens et al. [)%], Heung et al. [+&] and Aitkenhead and
Coull [(], ignore uncertainty metrics completely. This is despite the fact
that DL models, especially Convolutional Neural Networks (CNN) and
Recurrent Neural Networks (RNN) , have outperformed conventional
methods in several studies. Hybrid approaches that combine conven-
tional models with DL techniques show promise for improving both
performance and interpretability [)#].

To fill this gap, a number of UQ methods have been proposed. A widely
used technique is bootstrapping [)#,], in which multiple models are
trained on randomly resampled subsets of the training data and the
variability of their predictions is used to construct empirical confidence
or prediction intervals. This method is commonly used in combination
with various ML models, including CNNs [)%*], RFs, SVMs and Cubist
[#&], as well as GBMs [%(, ,)]. Another established approach is quantile
regression [*+], which estimates conditional quantiles of the response
variables, thus capturing the entire prediction distribution. This technique
has been successfully applied in DSM by Vaysse and Lagacherie [),+]
and Poggio et al. [)!(].

Several methods have been developed specifically for UQ in ANNs.
Bayesian neural networks (BNNs) model a posteriori distribution over
weights, enabling probabilistic predictions [))’]. Ensemble approaches,
as demonstrated by Guevara et al. [#,], aggregate the results of multiple
independently trained networks to estimate uncertainty. Monte Carlo
(MC) dropout, introduced as a Bayesian approximation, retains dropout
layers at inference time to generate a distribution of predictions [+,].
These methods are explained in more detail in Section %.’, with a focus
on their mechanisms, advantages and limitations.

Despite these advances, the application of UQ methods in ANN-based
DSM remains limited. ANNs are inherently complex and heavily param-
eterised and lack natural mechanisms for uncertainty estimation. As a
result, most ANN-based DSM studies report only deterministic results.
Methods such as BNNs and MC dropout o"er promising solutions, but
are often computationally intensive and di$cult to implement. A notable
exception is Wadoux [)+)], which used bootstrapping in combination
with variance estimation as a practical UQ approach for ANNs.
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In summary, while interest in UQ within DSM is growing, especially for
interpretable models such as RF and linear regression, its integration into
DL frameworks remains limited. To support more transparent and reliable
ground predictions, there is an urgent need for broader application of
UQ methods for ANNs.
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As shown in the previous chapter, ANNs have become essential tools
in DSM, with their conceptual basis rooted in the early mathematical
formalization of neural activity [)’%]. The growing interdisciplinary
relevance of ANNs is reflected in the fact that the ’&’! Nobel Prize
in Physics was awarded to researchers who advanced ML through the
integration of physics-based frameworks, underscoring the increasing im-
portance of these models in contemporary data-driven science. Inspired
by the functioning of biological neurons [)(%, )++], ANNs are capable of
learning complex patterns in large and high-dimensional datasets, often
beyond human interpretability. While early developments were rooted
in biologically motivated structures, modern ANNs now encompass a
broad class of models with little or no connection to biological systems.

Initially applied in domains such as image recognition and classification
[#)], their flexibility has enabled applications across various disciplines,
including spatial sciences, particularly when working with large datasets
and without requiring extensive prior knowledge of the data. As already
mentioned in Section ’.%, ANNs are also increasingly used in DSM, where
they support the spatial modelling of soil properties. In the following
sections, I describe the architecture of ANNs, discuss methods to assess
their predictive uncertainty, and introduce the LLLA, a Bayesian approach
that we apply to produce spatially explicit and calibrated uncertainty
estimates for our case studies.

3.1 General Structure of Arti!cial Neural
Networks

ANNs are composed of multiple layers of interconnected units called
neurons, typically organized into an input layer, one or more hidden
layers, and an output layer. Each neuron in the input layer corresponds
to a feature, in our case environmental variables, in the dataset, while the
output layer contains neurons representing the target outputs, in our case,
soil units. The hidden layers in between capture nonlinear relationships
in the data by passing weighted inputs through activation functions. This
layered architecture enables the network to learn and model complex,
nonlinear relationships between input features and target outputs [)*, ,(].
Various extensions to the basic ANN architecture have been developed
to address specific data types and challenges: Convolutional Neural
Networks (CNNs) for spatial or image data [)#(], Dropout layers to
prevent overfitting by randomly deactivating neurons during training
[)##], and Batch Normalization to stabilize and speed up learning [++].
For sequential data, RNNs and Long Short-Term Memory Network are
commonly used [+!].
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In this work, however, I focus on the Multilayer Perceptron (MLP), a
fully connected feed-forward architecture where each neuron in one
layer connects to every neuron in the next layer. The feed-forward nature
implies that data flows unidirectionally from input to output, without
cycles. MLPs are particularly e"ective for tabular or low-dimensional
spatial data common in DSM workflows [#)].

Given a dataset D := {(𝐿𝑀 ↑ ℝ𝑉
, 𝑂𝑀 ↑ ℝ𝑊)}𝑈

𝑀=1 with weights 𝑄 ↑ ℝ𝑋 , a
standard MLP 𝑌𝑄 : ℝ𝑉 ↓ ℝ𝑊 with 𝑌𝑄(𝐿) ↑ ℝ𝑊 , with one hidden layer
can be mathematically formulated as:

𝑌𝑄(𝐿)𝑃 = 𝜒

(
𝑑∑
𝑆=1

𝑄
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where 𝐿 is the input vector representing the features, 𝑉 is the dimension
of 𝐿, i. e. the number of features, 𝑓(·) is a nonlinear activation function,
𝑃 indexes the output layer and 𝜒(·) is the activation function for the
output layer. The parameters 𝑄 are the weights and 𝑇 the biases across
both layers, while 𝑑 is the number of neurons in the hidden layer. In
conclusion, a MLP is essentially a nonlinear function that maps inputs
𝐿𝑀 to the outputs 𝑂𝑀 . This function is built by stacking layers of linear
transformations (matrix multiplications) followed by nonlinear activation
functions.

One of the most widely used activation functions for in DL is the Rectified
Linear Unit (ReLU), introduced by Householder [+#]. It is defined as:

ReLU(𝑔) = max(0, 𝑔), (%.’)

where 𝑔 is the output of a neuron before applying the ReLU activation
function. The ReLU activation function, which will be used as the activa-
tion function 𝑓 in this thesis, returns & for any negative input and passes
positive values through unchanged. Despite its simplicity, it avoids the
vanishing gradient problem, allowing better learning in deep models
while also being computationally e$cient, even in large networks [),,
)&(]. For the sake of completeness, it should be noted that other activation
functions exist, such as sigmoid, tanh, Leaky ReLU, and Exponential
Linear Unit function [)#*]. However, since these are not used in our work,
they are not discussed in detail.

In the case of multiclass classification tasks, which is the focus of this
thesis, the activation function of the last layer 𝜒 used is the softmax
function. It is applied to the output layer of the ANN to transform the
raw output scores (logits) into a probability distribution. Each output
value lies between & and ), and the sum of all outputs equals ), making
the results interpretable as class probabilities. The softmax function is
defined as follows [’,]:

𝜒(𝑍𝑃) =
exp(𝑍𝑃)∑
𝑆
exp(𝑍𝑆)

, (%.%)
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where 𝑍𝑃 is the vector of raw values for all classes.

Now that the model architecture and activation function have been
defined, the focus is on the training process used to optimize the MLP
for the target task. The training data consists of input vectors 𝐿𝑀 along
with their corresponding labels 𝑂𝑀 , forming a supervised learning setup.
This means the goal is to train a model to learn a mapping from input
data to known target outputs using labeled examples. During training,
each input is passed through the network in a forward pass to produce
a prediction 𝑌𝑄(𝐿𝑀). This prediction is then compared to the true label
using a loss function, that we want to minimise. In supervised multiclass
classification, the cross-entropy loss is typically used:

𝑕(𝑄) = ↔
𝑈∑
𝑀=1

𝑊∑
𝑃=1

𝑂𝑀𝑃 ln 𝑌𝑄(𝐿𝑀)𝑃 , (%.!)

where 𝑈 is the number of training examples, 𝑊 is the number of classes
and 𝑂𝑀𝑃 represents the one-hot encoded class label. The objective is to
minimize this loss by adjusting the trainable parameters of the network,
i. e. the weights 𝑄 and biases 𝑇. These parameters define how input
information is transformed as it propagates through the network layers.
The network is trained using backpropagation, a method that calculates
how the loss changes with respect to each weight and bias in the network.
This information tells the model which direction and how much to adjust
each parameter to reduce the loss. These adjustments are then then
used to update the parameters using an optimization algorithm such as
variants of Adam [*,, ))(]. This process is repeated over several epochs,
i. e., it runs through the entire training data set, often using mini-batches
of training data, i. e., subsets that are processed together by the ANN.
Through this iterative training process, the MLP learns to approximate
the underlying function that maps inputs to outputs.

Hyperparameters (e.g. learning rate, batch size, number of layers) are
not learned during training. Instead, they must be manually set or tuned.
The standard approach involves splitting the dataset into three distinct
subsets:

⊋ a training set for optimizing the model’s parameters (weights and
biases),

⊋ a validation set for model selection and hyperparameter tuning,
⊋ and a independent test set for final performance evaluation.

The validation set is used to assess the model’s generalisation performance
during training and to guide adjustments to hyperparameters. This
process aims to strike a balance between underfitting and overfitting
while minimizing computational cost. Underfitting happens when the
model is too simple to capture patterns in the data, while overfitting
occurs when the model learns noise in the training data instead of
learning generalizable patterns. Several techniques are commonly used
for this task. For example, Grid Search tests all possible combinations
of hyperparameters, while Random Search samples them randomly for
quicker results [)+, )(*]. More advanced methods, such as Bayesian
Optimization, model the search space and use past results to predict
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which hyperparameter combinations are most likely to perform well
[(#].

To further prevent overfitting in ANNs, regularization techniques are
essential. Two common methods include weight decay and early stopping.
Weight decay penalizes large weights in the model, encouraging simpler,
more generalisable representations. Early stopping, on the other hand,
monitors performance on a validation dataset and halts the training
process when the validation error stops decreasing. This ensures that the
model does not continue learning noise from the training data, which
helps maintain better generalisation to unseen data [)*, #*]. Once the
optimal configuration is found, the final model is evaluated on the test
set to estimate its performance on unseen data.

3.2 Uncertainty Quanti!cation of Arti!cial
Neural Networks

While most popular performance metrics o"er a snapshot of model accu-
racy, they do not fully convey predictive uncertainty, i. e., how confident
the model is in its predictions. But this is crucial for decision-making, risk
management, model interpretation, and evaluating the trustworthiness
of the predictions. However, a major limitation of standard ANNs is
that they do not inherently provide this uncertainty. Once trained, they
behave deterministically: given the same input, they always produce
the same output, a single point prediction. Additionally, unlike other
ML models like RFs, ANNs are often seen as "black boxes" because they
o"er little transparency about how predictions are made. They don’t
give much insight into what’s happening inside the model. This lack
of interpretability, combined with the absence of uncertainty estimates,
makes it di$cult to understand or trust the model’s decisions.

Uncertainty can generally be categorized into two types, aleatoric and
epistemic uncertainty. Aleatoric uncertainty occurs due to inherent noise
in the data, it is irreducible and reflects randomness that cannot be
eliminated. In contrast, epistemic uncertainty is based on the model’s
lack of knowledge, often due to limited training data or out-of-distribution
(OOD) inputs [*!]. When we address uncertainty in ML, our primary
goal is typically to reduce epistemic uncertainty. However, aleatoric
uncertainty will always be present to some extent, as it is intrinsic to the
data itself.

An important point to highlight is the common misinterpretation of
softmax outputs, as defined in Equation (%.%), as indicators of model
uncertainty. Although the softmax function generates values that look
similar to probability distributions, these values do not provide calibrated
uncertainty estimates. In fact, softmax will always assign a nonzero
confidence to every class, even for completely irrelevant or OOD inputs
such as static noise. This apparent confidence simply reflects the relative
scores among the classes, not a meaningful assessment of how certain the
model truly is about the predictions as it does not take into account the
uncertainty in the parameters or structure of the model. As a result, the
model cannot express how unsure it is when it sees something unfamiliar
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or ambiguous. It doesn’t take into account whether it has seen similar
data before, or whether the input is very di"erent from its training data.

However, having a reliable measure of uncertainty is essential, especially
in situations where decisions depend on the model’s output, or when
applying the model to new tasks, i. e. transfer tasks. Knowing the model’s
confidence is therefore important, as it can be just as critical as the
prediction itself.

3.2.1 Methods for uncertainty quanti!cation

To provide context, I begin with a brief overview of commonly used
methods for UQ in ANNs, highlighting their respective advantages and
limitations. After this, I introduce our chosen method LLLA, which we
evaluated on soil unit prediction with ANN.

Overview

Bayesian Neural Networks (BNNs) di"er from standard ANNs by treating
parameters like weights and biases as probability distributions instead
of fixed values. Rather than learning a single best set of weights, BNNs
learn a range of possible weights, capturing how uncertain the model is
about them. Before training, BNNs start with prior assumptions about
the weights. After seeing data, these priors are updated to posterior
distributions, which better reflect the data. For predictions, BNNs average
over these distributions, allowing them to express epistemic uncertainty.
This makes BNNs more robust in uncertain or data-scarce situations.
However, they are computationally expensive, di$cult to scale, because
of the complexity involved in approximating the posterior distributions,
and challenging to train, especially for large models. Their performance
also depends heavily on the choice of priors; poorly chosen priors can
lead to overconfident predictions on OOD data [%%, )%)].

In contrast, Monte Carlo (MC) methods o"er practical alternatives for
uncertainty estimation, with two common approaches in soil science
being Markov Chain Monte Carlo (MCMC) and MC Dropout [))!, )’&,
)!), )*&]. MCMC performs full Bayesian inference by sampling from the
posterior over neural network weights, providing accurate uncertainty
estimates [%#, (+]. However, it is computationally intensive and scales
poorly with model size [)), )’*]. In contrast, MC Dropout approximates
Bayesian inference by applying dropout during testing. This means
the model makes multiple predictions with di"erent dropout masks,
which allows it to estimate uncertainty by sampling from its predictive
distribution [(!]. It is easy to implement and scales well, though its
uncertainty estimates depend on dropout settings and may be unreliable
for complex or OOD data [)#%].

Deep Ensembles o"er a simple yet powerful approach to UQ by training
multiple independent ANNs and combining their predictions. This
captures epistemic uncertainty through the variability across models.
Unlike BNNs or MC methods, Deep Ensembles do not rely on explicit
probabilistic modeling or posterior sampling. This makes them easier to
implement and scale, but it requires significantly more computation and
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memory, which can be limiting in resource-constrained environments
[((].

Gaussian Processes (GPs) are non-parametric models that o"er a princi-
pled Bayesian approach to UQ by defining a distribution over functions.
While not DL models themselves, GPs can be integrated with ANNs
in hybrid frameworks [!’, ))&]. They naturally provide uncertainty esti-
mates, capturing both epistemic and, with appropriate noise modeling,
aleatoric uncertainty. GPs are highly interpretable and well-suited to
low-data regimes, o"ering exact inference for small datasets [)!*]. How-
ever, they scale poorly with data size and input dimensionality, limiting
their applicability in large-scale or high-dimensional problems. Although
numerous alternative approaches and hybrid models for UQ exist, this
chapter has focused on the most widely used and established methods.

Last-Layer Laplace Approximation

One such technique is the Last-Layer Laplace Approximation (e.g. Kris-
tiadi et al. [)&!]). It is a simple and e$cient method for estimating uncer-
tainty in ANNs. Unlike full Bayesian approaches that model uncertainty
across all layers, LLLA applies a Gaussian approximation only to the last
layer. This reduces computational complexity while still enhancing the
model’s confidence calibration, particularly in OOD scenarios.

As discussed in the previous subsection, BNNs and Deep Ensembles
are known for providing good uncertainty estimates, but they are often
expensive to run and require a lot of computational resources. In contrast,
LLLA is much more e$cient. It avoids the high cost by approximating
uncertainty only in the last layer of an ANN. Simpler methods like MC
Dropout are fast and easy to use, but they often fail to give reliable
uncertainty estimates, especially when the model sees OOD data. GPs
can model uncertainty well in theory, but they do not scale to large
datasets. With all that, LLLA o"ers a good balance in all of this. It is fast,
easy to apply to pre-trained models without retraining, and gives more
accurate uncertainty estimates than lightweight methods [)&*, )*%].

Let’s take a closer look at the mathematical details of the LLLA based on
Kristiadi et al. [)&!] and Daxberger et al. [!!]: As mentioned in Section %.),
given an ANN 𝑌𝑄 , the standard approach of training an ANN is to
minimize a regularized empirical loss

𝑄MAP = arg min
𝑄↑ℝ𝑋

[
𝑗(𝑄) + 𝑖 (𝐿𝑀 , 𝑂𝑀 ;𝑄)

]
︸⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌︷︷⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌︸

=:L(D;𝑄)

. (%.()

As the loss function 𝑖 (𝐿𝑀 , 𝑂𝑀 ;𝑄) we use the cross-entropy loss 𝑕(𝑄) from
Equation (%.!) and 𝑗(𝑄) is a regularization term, such as weight decay.
From a Bayesian perspective, this objective corresponds to computing
the maximum a posteriori (MAP) estimate of the weights. That is, we are
finding the most probable set of weights 𝑄 given the observed data and a
prior distribution over the weights. To go beyond the point estimate 𝑄MAP
and capture uncertainty in the model parameters, we approximate the
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posterior distribution over the weights using the Laplace approximation
(LA) [)].

LA fits a Gaussian distribution centered at the MAP estimate with
covariance given by the inverse of the Hessian of the loss

𝑎(𝑄 | D) ↗ N (𝑄;𝑄MAP ,ω), with ω =
(
→2
𝑄
L(D;𝑄)

--
𝑄=𝑄MAP

)↔1
.

(%.#)

The shape of this distribution is determined by the curvature of the loss
function at the MAP, specifically through the inverse of the Hessian matrix.
This inverse curvature describes how much the loss function changes in
di"erent directions in parameter space. Intuitively, if the loss landscape
is steep and narrow in a particular direction, the corresponding Hessian
eigenvalue is large, resulting in low variance along that direction in the
posterior. This implies the data strongly constrain the parameter in that
dimension, indicating high confidence or low uncertainty. Conversely, if
the landscape is flat, the curvature is small, the variance in the posterior
is high, and the model expresses greater uncertainty in that direction.
This local geometry allows LA to capture epistemic uncertainty. However,
computing the inverted full Hessian →2

𝑄
L is computationally infeasible

for ANNs. Both time and memory requirements scale cubically with the
number of parameters, i. e., on the order of O(𝑋3), where 𝑋 is the total
number of learnable parameters in the ANN [)%#].

To address this, LLLA restricts the Laplace approximation to the final
linear layer only, treating it probabilistically while keeping the rest of the
network fixed at 𝑄MAP. This results in a predictive distribution of the
form:

𝑎(𝑂 = 𝑁 | 𝐿 ,D) =
∫

𝜒( 𝑌𝑄(𝐿))𝑁 𝑎(𝑄 | D) 𝑠𝑄 , (%.,)

where 𝜒(·)𝑁 denotes the softmax output for class 𝑁 (Equation (%.%)).
The predictive distribution captures the model’s output uncertainty by
integrating over the posterior distribution of the last-layer weights. After
training the ANN, the weights are fixed at their MAP estimate, except
for the final linear layer, for which a Gaussian distribution is fitted using
the LA. The predictive distribution for a class 𝑁 is then obtained by
averaging the softmax output 𝜒( 𝑌𝑄(𝐿))𝑁 across all possible values of the
final-layer weights, weighted by their posterior probability. This process
incorporates model uncertainty directly into the prediction by accounting
for how sensitive the loss is to changes in those weights.

One key advantage of the LLLA is the clear separation between the
deterministic training phase, where the model is trained using standard
optimization to obtain the MAP estimate 𝑄MAP and the probabilistic
modeling of uncertainty, which is applied post-hoc. This means that LLLA
can be applied after training without requiring changes to the training
procedure, simplifying both development and hyperparameter tuning.
While the LA itself involves additional computational overhead due to
the need to estimate the Hessian, prior work such as Daxberger et al. [!!]
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has demonstrated that approximating the Hessian using only the last
layer still provides well-structured and informative uncertainty estimates,
which leads us to the LLLA. Moreover, this restriction reduces both time
and memory complexity from O(𝑋3) to O(𝑋) or less. While there are
alternative curvature approximations available like diagonal factorisation
or Kronecker-factored approximate curvature (e.g., Daxberger et al. [!!]),
this work specifically focuses on the LLLA due to its balance of simplicity,
e$ciency, and e"ectiveness.
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Abstract

Artificial Neural Networks (ANNs) have proven to be a useful tool for
complex questions that involve large amounts of data. Our use case of pre-
dicting soil maps with ANNs is in high demand by government agencies,
construction companies, or farmers, given cost and time intensive field
work. However, there are two main challenges when applying ANNs. In
their most common form, Deep Learning (DL) algorithms do not provide
interpretable predictive uncertainty. This means that properties of an
ANN such as the certainty and plausibility of the predicted variables,
rely on the interpretation by experts rather than being quantified by
evaluation metrics validating the ANNs. Further, these algorithms have
shown a high confidence in their predictions in areas geographically
distant from the training area or areas sparsely covered by training data.
To tackle these challenges, we use the Bayesian DL approach Last-Layer
Laplace approximation (LLLA), which is specifically designed to quantify
uncertainty into deep networks, in our explorative study on soil classifi-
cation. It corrects the overconfident areas without reducing the accuracy
of the predictions, giving us a more realistic uncertainty expression of the
model’s prediction. In our study area in southern Germany, we subdivide
the soils into soil regions and as a test case we explicitly exclude two soil
regions in the training area but include these regions in the prediction.
Our results emphasise the need for uncertainty measurement to obtain
more reliable and interpretable results of ANNs, especially for regions
far away from the training area. Moreover, the knowledge gained from
this research addresses the problem of overconfidence of ANNs and
provides valuable information on the predictability of soil units and
the identification of knowledge gaps. By analysing regions where the
model has limited data support and, consequently, high uncertainty,
stakeholders can recognize the areas that require more data collection
e"orts.

4.1 Introduction

The use of ML in science has become incredibly valuable and has signif-
icantly transformed many areas of research. The number of studies in
which methods from the field of ML are used is constantly increasing
[)*’]. Soil science is one of the pioneers here, where extensive applications
in the field of soil mapping were already developed at the beginning of
this century [)%, )’)]. Today, DSM is one of the largest areas in which the
methods are widely used for all kinds of climatic and geomorphometric
regions of the World and in di"erent areas of soil science, which has been
demonstrated by numerous papers [)’#, )(’, )#), ),%, )*’]. Methodologi-
cally, applications of ML in soil science range from linear regression to
modelling soil properties and their relationships to complex DL methods
[)’+, ),*]. The increasing use of these methods is not only due to their
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suitability for soil scientific and geographical questions, but also because
producing soil unit maps in the conventional way with cartographers
surveying the landscape is very costly and time-consuming. This e"ort
can be reduced with ML, especially for larger or even di$cult to ac-
cess areas [)%, ##, +%]. At the same time, ML methods and their source
code are becoming more accessible due to open-source software and
widely available computational resources [!,], and with the publication
of several large open source datasets containing digital elevation models,
climate data and other remote sensing data, especially those describing
the vegetation, it is getting more convenient to apply them [(,, )’)].
Looking at the properties and functions of soils, for example carbon and
water storage and plant nutrition, the soil unit as a highly integrated
prediction variable has the advantage that we can infer mechanical prop-
erties, dynamic processes and general characteristics from it with little
e"ort [#, ,%]. For example, Zhou et al. [)*!] showed new spatial patterns
in the predicted soil unit map with their Bayesian predictive modelling
approach. Grinand et al. [#!] uses classification tree analysis, which also
supports decision-making in soil map extrapolation using ML methods.
Adhikari et al. [!] compared an existing soil map from a field survey with
a predicted map calculated using a decision tree model. ANNs are cur-
rently one of the most popular ML methods [),&, ),’], as they are able to
process large amounts of data and compute predictions comparably fast
[,(, )(#, )#!]. Brungard et al. [’*] predicted soil taxonomy classes using
eleven di"erent models and found that the complex models containing
ANNs were more accurate. Furthermore, Zhu [)*(] found that ANNs
can be used to obtain high-resolution soil maps. Although Heung et al.
[+&] has also achieved good results with ANNs, they also have to admit
that ANNs are di$cult to interpret. Despite the results being rich in
information, a major drawback of the predicted soil maps, and especially
of the survey maps, is that they do not quantify the uncertainty of the in-
dividual soil units at a given geographical location [,*]. Instead, mostly is
only given an overall accuracy statement in the form of a single statistical
number. This is usually calculated as a coe$cient using cross-validation
techniques, where a subset of the training dataset is used to quantify
the uncertainty of the overall performance [)+%]. However, this is not
su$cient, especially for regional or global tasks using unbalanced data
sets, and that further analysis on uncertainty statements is needed, which
was highlighted by Meyer and Pebesma [)’(]. Also, studies considering
the uncertainty of predicted classes, like soil or vegetation classes, only
looking at the probability of the predicted class or its confidence interval,
have been criticized as well [)+%]. They reported that out of ),( papers,
only %& % included UQ, most were focused on achieving high prediction
accuracy and only a handful used ML methods for the UQ. It is obvious
that a better understanding and quantification of the uncertainty of
soil maps modelled with ML is needed, especially when extrapolating
from the training domain or when transferring the model to other more
or less similar domains. In particular, working with ANNs as a black
box requires such an assessment, as this model class is also known to
be overconfident [’(, ,,, )%(]. This means that ANNs can predict very
reliable results, in our case soil classes, with a probability of up to )&& %,
even if the input data is incorrect or uncertain. The lack of uncertainty
measurement by the ANNs themselves makes it di$cult to assess the
reliability of the model predictions, which can lead to misinterpretations
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and incorrect decisions [#+]. With this study, we apply an ANN that
predicts soil units inside and outside the known training domain in a
trial study. We quantify the uncertainty of our model at every pixel in the
area using LLLA [)&!]. Our aim is to add this uncertainty measurement
to a soil classification problem to identify and correct the overconfidence
of ANNs and to be able to spatially analyse and interpret in a following
step the prediction of the ANN and its uncertainty derived from the
LLLA. Further, we will discuss the transferability of the ANN to adjacent
similar areas. Overall, our analyses will help to better understand and
interpret results from ML models in soil science to provide new insights
into soil processes and the spatial structure of the di"erent domains.

4.2 Material & Methods

4.2.1 Study area

Our study area is located in the centre of Baden-Württemberg in Germany
and covers an area of about %( km2. The average altitude in this region is
(&! m, but if we look at the Swabian Jura (SJ) and the rest of the region
separately, we have an average of ,%) m and !!! m respectively, which
can also be seen in Figure !.)A. The Neckar valley with its tributaries
dominates this area, which extends from the southwest to the northeast
over the area of the study site. In between are predominantly agriculturally
used landscapes with settlements and towns, and the Schönbuch with
its extensive, characteristic forests.

Figure %.!: (A) Digital elevation model of the study area with its important landscapes, (B) distribution of the soil families, (C) location of
the study area in Germany

In the southeast is the SJ, which is characterized by its unique maritime
geologic formation with calcaric sedimentary parent material and the
resulting di"erent terrain, climate, geological substrates and thus soil
units. Because of these features, it stands out from the region and in our
case can be considered as an almost distinct area. In the northwest we
have the Black Forest (BF), which also di"ers from the rest of the area in
terms by the features mentioned, but at the same time has similarities due
to the likewise terrestrial geologic formation including sandstone. This
great di"erence in such a small area naturally influences the vegetation
and the processes in the soil, including soil formation. In total, the area
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Table %.!: Overview of the features for
the ANN

Environmental input data Definition after

Topographic features Altitude above channel network [)(] and [%*]
Eastness
Northness
Catchment area
Convergence index
Crest index for lowlands
Crest index for mountain areas
Di"use radiation
Direct radiation
Elevation
Elevation below culmination line for lowlands
Elevation below culmination line for mountain areas
Horizontal curvature
Mean slope
Plan curvature
Profile curvature
Projected distance to stream
Relative elevation
Relative hillslope position for lowlands
Relative hillslope position for mountain areas
Steepest slope
Terrain classification index for lowlands
Topography

Spectral features Brightness index [+(]
Colouration index
Hue index
Normalized di"erence vegetation index
Redness index
Saturation index

Geological features Geological map LGRB

comprises five major soil landscapes with di"erent characterization,
shown in Figure !.)B. These are areas in which, under similar geological,
morphological and climatic conditions and under the influence of human,
a landscape-typical association of soils has developed.

4.2.2 Data

Figure !.’A shows the soil units in the study area, with each number
representing a soil unit and its characterization. The soil units are de-
termined according to the German soil classification system, which is
based on the processes taking place in the soil and their properties [!+].
In our area, there are !& di"erent soil units and the urban area, which is
represented by the number &. A detailed description can be seen in the
Table !.’, including the translation from the German into the WRB soil
systematics [+*].

In order to preserve the diversity that is lost in this translation, we
will stick to the German classification. The soil unit map used for our
prediction variable was initially provided by LGRB as a polygon map
(Figure !.’A). We converted this polygon map to a raster file using a
rasterization function based on the digital elevation grid. While the
original scale of the map is ):(&,&&&, its rasterization allowed to produce a
raster with pixels of )& x )& meters. As features for the ANN, exemplified
in Figure !.’B, we looked for spatially dense data over the whole region
to get as detailed data as possible, which is also important for the
performance of the ANN. For this purpose, we use a digital elevation
model (Figure !.’B (a)), which was also provided by the LGRB with a
resolution of )&m, based on which topographic indices were calculated,
also with a resolution of )&m. The decision on which of the variables we
use as features is based on expert geographical knowledge of the region,
commonly used features in the geosciences and by using the scorpan



Figure %.": (A) soil unit map over the study area, created by the LGRB with the train and validation area (solid rectangle) and the test
area (dashed rectangle) (B) Examples of four used features over the study area: a. digital elevation model, b. soil moisture, c. slope and d.
NDVI

model introduced by McBratney et al. [)’)], which is based on Jenny [*&].
To cover most of the features presented in the scorpan model, we also
included satellite data. Copernicus provides the Sentinel-’ data, available
from ’&), in )% spectral bands with a (-day repetition frequency. For us,
the most important variables are the visible (R, G, B) and near-infrared
bands, which have a resolution of )& m. We use these spectral bands to
calculate important indices such as the NDVI (Figure !.’B (d)) to describe
vegetation cover. Finally, we calculate the median value for each index
over the time series from March to May ’&)*. In our analysis, we used
the median as the mean over years to mitigate the influence of outliers
and to ensure a more robust representation of the data. To capture the
influence of geology, we add a geological map with the scale of ):(&,&&&,
provided by the LGRB and rasterized in the same way as the soil unit
map. We provide an overview of all the features used for the ANN and
the corresponding references in Table !.).

!!



Table %.": Detailed description of
the soil units

Classes
number

Label German Soil Classification WRB-Classification Detailed information

& None None None Ablation, order, settlement
) A) Brauner Auenboden, Auenbraunerde Fluvisol, Cambisol partly with gleying in the near subsoil, of alluvial sand and alluvial loam
’ A’ Auengley-Brauner Auenboden, Auengley-Auenbraunerde Cambisol from alluvial sand and alluvial clay
% A% Auengley, Auenpseudogley-Auengley, Brauner Auenboden-Auengley Fluvisol from alluvial sand and alluvial clay
! A, Auenbraunerde, Auenparabraunerde Cambisol from older alluvial sediment
( B) Terra fusca-Braunerde, Terra fusca-Parabraunerde, Reliktbraunerde Leptosol, Cambisol from solifluction soils over limestone and dolomite stone
# B’ Braunerde, Pelosol-Braunerde, Pseudogley-Braunerde Cambisol from solifluction soils, partly alluvial and flood loam
, B! Braunerde, Podsol-Braunerde Arenosol mostly podzolic, from sandstone, debris-rich fluvial soils and slope debris
+ CF) Braunerde-Terra fusca, Terra fusca Cambisol from limestone and dolomite
* CF’ Terra fusca, Braunerde-Terra fusca Cambisol from relocated river gravels
)& D) Pelosol, Braunerde-Pelosol, Pseudogley-Pelosol Luvisol from solifluction soils, subordinate from alluvial debris
)) D’ Pelosol, Pseudogley-Pelosol Luvisol from flood and terrace sediments
)’ D% Pelosol, Braunerde, Parabraunerde, Nass- and Quellengley Cambisol from sliding masses
)% G) Gley, Quellengley, Kolluvium-Gley Gleysol from solifluction soils and sedimentary formations, mostly alluvial deposits
)! G’ Pseudogley-Gley, Braunerde-Gley, Gley Planosol from flood loam, old water and alluvial sediment
)( G% Anmoorgley, Nassgley, Humus- and Moorgley Gleysol from alluvial deposits, floodplain and flood sediments, and glacial deposits
)# H) Niedermoor, Gley-Niedermoor, Hochmoor Gleysol from peat
), K) Kolluvium Anthrosol partly over Braunerde and Parabraunerde, from alluvial deposits over solifluction soils
)+ K’ Pseudogley-Kolluvium, Gley-Kolluvium Planosol from alluvial deposits
)* L) Parabraunerde Luvisol from loess and sand loess
’& L’ Parabraunerde, Braunerde-Parabraunerde, Pseudogley-Parabraunerde Luvisol of loess loam and loess-loam-rich solifluction soils
’) L% Parabraunerde, Pelosol-Parabraunerde, Terra fusca-Parabraunerde,

Pseudogley-Parabraunerde
Luvisol from solifluction soils and slope debris

’’ L( Parabraunerde, Parabraunerde-Braunerde, Pseudogley-Parabraunerde Luvisol from terrace sediments, river and meltwater gravels
’% N) Ranker und Braunerde-Ranker Leptosol-Cambisol from sandstone
’! P) Podsol und Braunerde-Podsol Podzol-Cambisol of sandstone, sandstone and flint rubble and solifluction soils
’( Q) Regosol, partly (Locker)Syrosem Regosol of slope debris, partly anthropogenically redeposited debris
’# R) Rendzina Leptosol from limestone and dolomite, partly from slope or alluvial debris
’, R’ Rendzina und Pararendzina Leptosol from slope debris, partly from landslide debris
’+ R% Rendzina und Terra fusca-Rendzina Leptosol from river gravels
’* R! Rendzina Leptosol from calcareous tu" and tertiary freshwater limestone
%& S) Pseudogley, Braunerde-Pseudogley, Pelosol-Pseudogley Planosol-Cambisol from solifluction soils, partly Pleistocene alluvial debris
%) S’ Pseudogley, Parabraunerde-Pseudogley Planosol-Luvisol of loess loam and loess-loam-rich solifluction soils
%’ S% Pseudogley, Kolluvium-Pseudogley Planosol from alluvial deposits
%% SS) Stagnogley, Moorstagnogley Gleysol from solifluction soils, basin sediments and alluvial deposits
%! X) Disturbed terrain original soils often heavily modified
%( Y) Rigosol Anthrosol from solifluction soils, loess and various solid rocks
%# YY) Deposit soil from di"erent substrates
%, Z) Pararendzina, Pelosol-Pararendzina, Braunerde-Pararendzina Leptosol-Vertisol from solifluction soils and slope debris, partly from landslide masses
%+ Z’ Pararendzina Leptosol of loess and sandy loess, partly washed away or periglacially redeposited
%* Z! Pararendzina Leptosol from flood deposits, alluvial debris, river and meltwater gravels
!& Z, Pararendzina, Braunerde-Pararendzina Leptosol-Cambisol from volcanic weathering, partly covered by sedimentary material

!"
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4.2.3 Model architecture

The origin of ANNs lies in the field of image recognition, especially in
the area of classification [#)]. These models are known for their ability to
model multiple outcomes quickly and e$ciently with a large amount of
data, even with absence of prior knowledge about the data. Inspired by
the neuronal structure, they look for dependencies and patterns in the
given data that include input features and a responding output variable.
ANNs are organized in layers consisting of neurons using a (non-)linear
activation function to transform and forward their inputs to the next layer,
allowing the ANN to learn complex patterns. The input layer receives the
input data and consists of one neuron per input feature, in our case, one
neuron per feature. The neurons in the hidden layers pass the weighted
sum of the outputs from the previous layer to their activation function.
The final layer outputs the prediction and consists of one neuron per
output variable, in our case, one neuron per soil unit. During training the
weights of the connections between the layers are learned via stochastic
gradient descent to minimize a loss function measuring the error of the
predictions. There is a wide variability of di"erent constructs for an ANN
for computation or information processing in terms of the architecture of
the ANN, the number, types and dimensions of layers, or the activation
function chosen. Since the focus of our study is on uncertainty of ML
models in a soil context rather than on model performance, the simplicity
of the model was very important to us. We choose a fully connected MLP
as described in Table !.%. As the activation function for the hidden layer,
the rectified linear unit function was chosen, first used by Hahnloser et al.
[,&] and defined as

ReLU(𝑔) = max(0, 𝑔)

with 𝑔 as input to a neuron.

Layer Number
of Neurons

Activation
Function

Input layer %& ReLU
Layer ) %*( ReLU
Layer ’ ()& ReLU
Layer % !+* ReLU
Output Layer !) Softmax

Table %.$: Architecture of the ANN

4.2.4 Con!dence and uncertainty measurement of
Arti!cial Neural Networks

We use the softmax function for the output layer to transform the previous
layer’s outputs into a vector of probabilities, essentially a probability
distribution over the input units. Mathematically, the softmax function is
defined as follows [’,, #)]:

𝜒(𝑍𝑃) =
exp(𝑍𝑃)∑
𝑆
exp(𝑍𝑆)

,
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where 𝑍𝑃 is the vector of raw values for all soil units. The soil unit with
the highest value is often used as the ANNs’ prediction. However, we are
not only interested in determining the soil units for a given location and
creating a soil unit map, but also in evaluating the probability distribution
of these units over individual pixels. These probability values can be
interpreted as a measure of confidence in the classification result. A higher
maximum probability indicates that the predicted soil unit is more likely
to accurately represent the soil unit at the given pixel position. In other
words, the ANN has predicted this unit with a low uncertainty and is
therefore very confident about the prediction. A value of ) demonstrates
that there is a very high level of confidence in the predicted unit for that
particular pixel, suggesting that the model is almost certain about its
prediction. On the other hand, a value of & reflects a very low level of
confidence, indicating that the model shows a high uncertainty about
the predicted unit for that pixel.

4.2.5 Last-Layer Laplace Approximation

To analyse the uncertainty of ANNs, most studies only consider the
confidence measurement from the previous section. However, this does
not yet take into account the uncertainty of the model itself. As mentioned
earlier, ANNs are known to be miscalibrated in terms of their uncertainty
[#+] or even tend to be overconfident in areas that are not well covered
by training points or that are far away from them [,,]. To improve this
overconfidence and at the same time obtain a spatially broad uncertainty
expression, we use the LLLA by Kristiadi et al. [)&!]. This method is
based on a probabilistic and Bayesian method by [)], which calculates
the a posteriori uncertainty for the ANN weights. More precisely, we
approximate the posterior with the Laplace approximation by estimating
the posterior with

𝑎(𝑄 | D) ↗ N (𝑄;𝑄MAP ,ω), with ω =
(
→2
𝑄
L(D;𝑄)

--
𝑄=𝑄MAP

)↔1
.

where 𝑄MAP is the maximum a posteriori estimate of the last-layer
parameters, obtained by minimizing the negative log posterior L(D;𝑄),
e.g. standard DL with a cross-entropy loss and an isotropic Gaussian
prior. In other words, this amounts to training the network as usual to
find 𝑄MAP, then computing the Hessian of the training loss at this point.
This approach is significantly cheaper than alternative methods based on
sampling weights (both in terms of compute and memory cost). It also has
the benefit that the point estimate (ε𝑉𝑏𝑘) is una"ected by the uncertainty
estimation, which simplifies development and tuning. Nevertheless, the
computation of the Hessian adds a computational overhead. Computing
the full Hessian is not feasible for large networks. But prior work by
other authors [)&!] has shown that limiting the Hessian to just the last
layer, which is much less costly, already produces structured and useful
uncertainty. Other approximations to curvature are also possible [!!],
but we limit ourselves to the LLLA in this work.
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4.2.6 Training and optimization process of the model

In contrast to most studies, our train and validation area is not arbitrarily
chosen, but we deliberately select a specific area, that contains all soil
units typical for the four soil landscapes, developed under terrestrial
conditions, shown as a solid rectangle in Figure !.’A. The reason for
the intentional selection is that we want to ensure that the soil units of
the maritime soil landscape, i. e., those from the SJ, are not included in
order to look at how the model relates to regions about which it does not
receive information on soil units. In addition, we choose the centre of
our map because we want to simulate a situation that often occurs, that
some parts of a study area are well sampled due to previous individual
projects.

Ground truth Training and vali-
dation area

Test area

classes in the
area concerned

&, ), ’, %, !, (, #, ,,
+, *, )&, )), )’, )%,
)!, )(, )#, ),, )+, )*,
’&, ’), ’’, ’%, ’!,
’(, ’#, ’,, ’+, ’*,
%&, %), %’, %%, %!,
%(, %#, %,, %+, %*,
!&

&, ), ’, %, !, #, ,, )&,
)%, )(, ),, )+, )*, ’&,
’), ’%, ’(, %&, %),
%’, %(, %#, %,, %+

&, ’, %, #, ,, )&,
)%, )(, ),, )+, ’&,
’), ’%, %&, %),
%’, %%, %!, %#

Total number of
classes

!) ’! )*

classes that
change
compared to
previous column

- (, +, *, )), )’, )!, )#,
’’, ’!, ’#, ’,, ’+,
’*, %%, %!, %*, !&

), !, )*, ’(, %%,
%!, %(, %,, %+

Table %.%: Distribution of soil units in
data subsets

The datasets contain the %& features from Table !.) and the soil unit
labels. The SJ and its typical soil units are intentionally not present in
the training and validation dataset to avoid providing information to
the model. The test dataset (dashed rectangle in Figure !.’A) is similar
in respect of the occurring soil units to the training and validation area
to be able to determine the overall accuracy of the model. The detailed
breakdown of soil units in the di"erent data sets is shown in Table !.!
and in Figure !.%. The training and validation set comprise ),*’’,*!#
datapoints, while the test set contains +’!,)’& datapoints.

We tuned architectural and training hyperparameters using sequential
model-based optimization on 1% of the full dataset, to obtain results in a
feasible time. Specifically, we used Bayesian optimization [(#] combined
with Successive Halving to allocate resources to promising settings, as im-
plemented in the tool SMAC [))%]. We tuned a total of six hyperparameters
comprising the number of neurons for each of the three layers (between
32 and 512 units), the initial learning rate (between 1𝑡 ↔ 4 and 1.0), the
learning rate scheduler (cosine annealing or exponentially decaying), and
weight decay (between 1𝑡 ↔ 7 and 1𝑡 ↔ 1). We used 500 configurations
as the optimization budget and trained each network using Adam [*,,
))(] with a fixed batch size of 1024 on 70% of the training data and used
the obtained accuracy on the 30% validation set (obtained via a stratified
split from the subsampled train dataset) as the optimization objective.
For the remaining analysis, the best performing network configuration,
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shown in Table !.% with a weight decay of &.&&+%*!!#!(’#’!##*+ and a
learning rate of &.&&#’&%!#+’#*()+)*# was used.

Figure %.$: Histograms of the distribution of soil units in the training, validation and test area

After optimization, we made the decision to use the ANN with an
early stop triggered when the ANN predicted the training accuracy,
measured as the percentage of pixels where the model correctly predicts
the outcome, to be above *& % and the accuracy of the test data set did
not increase significantly.

4.3 Results & Discussion

4.3.1 Loss and accuracy of the Arti!cial Neural Network

It is important to note that our research’s aim is not to outperform
other state-of-the-art ANNs in DSM. Instead, our goal was to provide
a realistic representation of the model’s capabilities and limitations,
especially when dealing with predictions in new areas with di"erent soil
units. We deliberately kept the model architecture simple and performed
only a brief tuning process to simulate a real-life situation where quick
predictions with a prepared ANN are required. At the same time, we
focused on a specific scenario where we had two well-sampled areas: one
for training the model and the other for testing. For the rest of the study
area, we assume that we have no information on soil units. The developed
model achieved a low loss of &.&,, which can indicate its e"ectiveness.
The training accuracy of *(.))% and the validation accuracy of *!.%,%
also indicate that the model is capable of performing well within the
specific training area, which only includes a deliberate selection of soil
units. By limiting the training data to a geographically enclosed area
with similar soil characteristics, we could assess how well the model
generalises to unseen similar regions. The test area, while geographically
close to the training area, had some di"erences in soil units and their
distribution, as shown in Figure !.%. Even with these variations, the
model’s test accuracy was !,.*(%, which was expected and still can be
considered as good. Comparing our model to other ANNs used in DSM,
particularly for predicting soil units, it performed at an average level,
which aligns with our expectations based on previous studies [*, )%, ’!,
)*(].
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4.3.2 Prediction of the Arti!cial Neural Network

Predicted soil unit map

When we directly compare the map generated by the ANN prediction in
Figure !.! (Plot A) with the ground truth map derived from the LGRB
in Figure !.’ (Plot A), several significant results emerge. Not all soil
units occur in the prediction, which is expected, as certain soil units
were not in the chosen training domain (see Table !.! column two).
Consequently, the ANN was unable to predict these missing soil units
because it had no knowledge of them. The decision to consider a specific
area as our training data, where some soil units are missing, stems from
the recognition that even within a relatively small geographical region,
there can be significant variability and transitions between di"erent soil
units [)+#]. In such complex landscapes, it is entirely plausible that certain
soil units may not have been sampled due to their close proximity or
subtle variations that might have been overlooked during the sampling
process [+’]. By deliberately incorporating this aspect into our training
dataset, this approach provides valuable insights into how the ANN
responds to such common scenarios and assesses its ability to generalise
and extrapolate predictions across the entire area, including regions
with missing soil units [)’(]. In our study the absent soil units include
the soil family Terra fusca (class (, +, and *), a specific soil unit of the
Rendzina family (class ’*) and the Pararendzina family (class %* and
!&), which are typical soil units from SJ. The other part of the soil family
Rendzina (classes ’#, ’, and ’+) is also typical for the SJ region and is also
found at the border to the BF, specifically in the Oberen Gäue and along
the upper course of the Neckar. In addition, some soil units are only
found in specific areas. For instance, Pelosol (classes )) and )’) and Gley
(class )!) occur exclusively within the SJ region and the northern area
of the Neckar valley. Conversely, classes )#, ’’, %%, and %! are sparsely
distributed throughout the entire area. Lastly, the soil unit Podsol (class
’!) is typical for the BF. Because these soil units are only found in the
specific regions SJ (southeast) and BF (northwest), it was anticipated that
the SJ and BF areas have incorrect predictions for these soil units.The
results in Figure !.!B illustrate this, where each green pixel represents a
correctly predicted soil unit.

The square in the centre of the Figure !.!B, with a high number of
correctly predicted pixels, corresponds to the training area where the
model performed very well. Additionally, when observing the diagonal of
the image, which corresponds to areas similar to the training region, the
predictions are also accurate. Notably, in the SJ area in the southeast, class
), is the only one that was partially predicted correctly. Class ), contains
soils that are a result of human land use, including slope sediments from
soil erosion (Colluvisol), soils that have been formed by mixing of natural
material through human activity (Anthrosol) and alluvial deposits along
creeks and rivers. All these azonal soils lack a close relation to natural
soil forming factors as described by Jenny [*&] and used in the scorpan
model by McBratney et al. [)’)] except topography. They occur in any
populated landscape, which is true for our full prediction area. This result
demonstrates that the spatial pattern of the occurrence of azonal soils like
Colluvisols and Anthrosols strongly relates to their topographic position
[)!’]. This facilitates a transfer of the model results to other areas. In
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Figure %.%: (A) Prediction map of the soil units in our study area by the ANN, (B) Comparison of the prediction with the ground truth:
green means correct prediction of the soil unit

addition, it can be understood as an indicator for process proximity of an
ANN, in that basic process-based rules of soil formation are recognized
and reproduced by the model, as indicated before from several studies
[%), )’+, )%,].
Consequently, as observed from the predicted map, it is evident that
certain soil units occur more frequently and are more widely distributed,
while others are less prevalent compared to the ground truth map. A
detailed breakdown of the soil units from the soil truth map and their
descriptions can be found in Table !.’. The most substantial increase
in predicted pixels compared to ground truth pixels, both in absolute
numbers and relative proportions, was observed for classes &, #, )%, and
’&. Additionally, in relative numbers, there was an increase in classes %,
%), and )(. A more moderate increase was noted for classes ’, )&, %&, %’,
and %#. On the other hand, a decrease was observed mainly in absolute
numbers for classes ,, ),, )*, ’), and %,, and in relative proportions for
classes ) and !. A minor decrease was recorded for classes )+, %(, %+, ’(,
and ’%. Despite these decreases, it is essential to note that they are not as
significant as the increases observed in some other classes.
The noticeable increase in the occurrence of classes &, #, and ’& can be
attributed to the fact that our training data set is unbalanced. These
particular classes are more frequently represented in the training set
compared to other soil units. As a result, the ANN tends to predict them
more often in the output [*)]. During the prediction, not only are soil
units that are absent in the training area assigned to certain regions, but
also less frequently occurring soil units, as clearly shown in Figure !.(.
The increase in the occurrence of certain soil units in our ANN is not a
random phenomenon. For instance, even though class & exists in the SJ
region in the ground truth, it is not predicted there by our ANN. Instead,
classes # and ’& dominate in that region. Both represent the two most
commonly occurring soil units in Central Europe, making it reasonable
for the ANN to classify areas about which it has no information [,].
The occurrence of class )% in the prediction is not accounted for by the
frequency of it the training data. When we closely examine its distribution
in the prediction, we find that this class is predicted for the high ridges
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around the BF. Previously, these areas were dominated by classes #, ,,
and %&, but now they are predicted as class )%, along with classes ),
and &. Both class )% and class ), share similar characteristics to those in
the ground truth soil units. For example, Gley soils can indeed occur
in the BF as associated soils, although not as extensively as depicted in
the prediction [’&]. The overestimation of class ), in the region is not
surprising, as Colluvium is a correlated sediment of soil erosion, and it
can occur independently of climate and geology, primarily in depressions
and valleys, just as shown in the prediction [**]. Another significant
change is observed in classes ) to !, which collectively represent the soils
in the floodplains. The increase in class % is a result of soil units ) and ’
being assigned to it. On the other hand, the decrease in class ! is because
this soil unit is now primarily predicted as class ’. Despite these shifts, it is
important to note that overall, the soil units in classes ) to ! have remained
within their respective soil family. The prediction map highlights this
phenomenon, particularly in the upper course of the Neckar and its
tributaries, where class % is predicted, and in the Nagold valley, which is
located in the BF. Meanwhile, the middle and lower Neckar valley are
primarily predicted as class ). These predictions support the notion that
the floodplain soils retain their general characteristics, even with some
changes in specific soil unit assignments. The repetitive nature of river
systems, with their well-defined channels and floodplain areas, provides
a distinct and recognizable pattern that can be learned e"ectively by the
ANN during training [)+*].

4.3.3 Con!dence and Uncertainty of the Arti!cial Neural
Network

Based on the previous results, especially the incorrect prediction of soil
units in the SJ and BF regions, the next step is to analyse the confidence
of the ANN in predicting the soil unit. In the case of an ANN, apart
from cross-validation methods and other techniques, a common step is to
assess the probability of the predicted class [)+%]. This probability can be
interpreted as the model’s confidence in its predictions. In Figure !.(A,
this confidence value is plotted.

Figure %.&: (A) probability of the class in our study area predicted by the ANN calculated with the softmax function, interpreted as
confidence of the ANN (B) probability after applying the LLLA, interpreted as uncertainty of the ANN
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A value of ) indicates high confidence in the corresponding pixel’s
predicted class, while a value of & indicates low confidence in the
prediction. This information provides insights into the reliability of
the model’s predictions for each specific pixel and the corresponding
predicted class. One striking observation is the presence of three areas
where pixels with high confidence are concentrated. The central area
corresponds to the training region of the ANN, and it aligns with
previous results, indicating that over *&% of the pixel predictions in this
region were accurate. However, it is not the area with the highest overall
confidence, as we would expected it. Instead, the regions of SJ in the
southeast and BF in the northwest show almost uniform high confidence
values approaching one, despite the ANN’s poor performance in these
areas. These regions are geographically and in terms of soil units distant
from the training area and in addition the predicted classes often di"er
from the ground truth labels. As previously mentioned, ANNs tends
to be overconfident in situations where it lacks su$cient training data,
leading to inaccurate interpretations [,,, *’]. Looking specifically at the
pixels where the ANN correctly predicted soil units, we find that the
mean confidence is *%%. Interestingly, even for the wrong predictions, the
mean confidence remains relatively high at *’%. This indicates that the
ANN assigns high confidence to both correct and incorrect predictions,
further exacerbating the problem of overconfidence. Furthermore, in the
surrounding regions of our training area, there are lower confidence
values for the prediction of classes, particularly extending along the
diagonal from southwest to northeast. This is also problematic because
this area outside the training domain is where the prediction worked
well previously.

Figure %.(: Confidence and uncertainty distribution of the soil unit classes individually, illustrated with the help of a kernel density
estimate and additionally by quartiles of the distribution of each predicted class (blue shows the distribution before the application of
LLLA, salmon afterwards)

Our examination of the confidence distribution of the probability of the
predicted classes for each individual class reinforces a similar pattern, as
visually depicted in Figure !.#. The confidence distribution is represented
by the blue curve on the left-hand side of the axis at each class. The soil
units shown here correspond to those in the training set, as only these
could be taken into account by the ANN in its prediction and thus in the
confidence distribution. Strikingly, for each class, there is a peak near
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the value of ), indicating that most confidence values for these classes
lying there. As well, as the confidence values decreases, the number of
points lying around the lower values rapidly decreases, approaching
zero. However, we noticed a distinct pattern for classes !, ’%, and ’(,
where a wider distribution of confidence values was observed. This can
be attributed to the fact that these soil units appear infrequently in the
predictions and are located in a diagonal region on the map, where we
have a more heterogeneous representation of the model’s confidence.
Interestingly, classes ), )*, ’), %( to %+, which are also situated in this
diagonal region, exhibit a weakly spread confidence distribution. Given
the characteristics of the confidence distributions observed, it is evident
that conducting a reliable analysis of the predictions made by the ANN is
challenging. The presence of sharp peaks near ) for most classes, suggests
that the ANN is generally highly confident in its predictions. But as
shown before, this high confidence may not always be well-calibrated or
reliable, which is to be expected due to the absence of these soil units in
the training area [(!, )&%]. These findings emphasize the need to address
the issue of overconfidence in the ANN, particularly for distant regions
from the training area, and to improve the model’s confidence prediction
with an uncertainty measurement in the surrounding regions where it
previously showed correct predictions. These further investigations and
adjustments are necessary to enhance the reliability and applicability of
ANNs.

4.3.4 Uncertainty of the Arti!cial Neural Network due to
Last-Layer Laplace Approximation

As described in Section !.’.(, the application of the LLLA method has
allowed us to obtain uncertainty statements for our model’s predictions,
e"ectively addressing the issue of overconfidence commonly associated
with ANNs [)&!]. Following the post-processing of the model confidence
with the LLLA method, we obtained Plot B in Figure !.(, where lighter
shades represent higher uncertainty. In the plot, we observe distinctive
patterns among di"erent regions. The training area stands out promi-
nently with low uncertainty, boasting the lowest overall uncertainty
levels across the map. This aligns with the predictions in the training
area, as it has the highest concentration of correctly predicted soil units.
Conversely, the SJ region now exhibits the highest uncertainty in the plot,
indicating a higher level of uncertainty for the predicted soil units in that
area. This observation is consistent with our knowledge that this area
could not be predicted accurately because its main soil units were not
provided to the ANN during training [(!]. However, it is worth noting
that the few correctly predicted pixels belonging to class ), in the SJ
area have the lowest uncertainty there. This is again consistent with the
previously observed fact that the model correctly observed the soils and
remains confident after applying LLLA with the correctly predicted class
), representing the colluvisols, which also simplifies the application of
the model by adding LLLA to di"erent regions. Similar to the SJ area, we
also observe the BF region with a relatively high uncertainty, except for
the Nagold valley, where the uncertainty is notably lower. This indicates
that the model’s predictions in the BF region are generally less reliable,
except for the specific area of the Nagold valley where the model exhibits
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higher confidence. In the southwest region, we encounter a more diverse
picture with varying levels of uncertainty. As in the previous cases, there
is surprisingly little uncertainty in the Neckar Valley. Upon closer exam-
ination, we find that the predicted soil unit for both the Neckar valley
and the Nagold valley corresponds to the previously described soil unit
number %. Although this prediction was incorrect, the low uncertainty
in these cases can be explained by the fact that the original soil units in
both valleys belong to the same soil unit family as class %. Even though
they are ultimately incorrect, this similarity in soil unit family allows the
model to be more certain in its predictions [)(!]. The area in the diagonal
of the map, which is the most similar to the training area, has now slightly
higher uncertainty after the application of LLLA. Nevertheless, these
uncertainty values are still higher than those observed in the SJ and BF
regions. The slight increase in uncertainty after LLLA is acceptable, even
if it is the most correct prediction after the training range. Considering
the other results we have obtained, this increase in uncertainty is still
within an acceptable range. Upon revisiting the mean uncertainty of all
correctly predicted pixels, we find that it has dropped to #&.! %, which is
significantly less than before. If we instead examine the mean uncertainty
of incorrectly predicted values, we observe a decrease of nearly ’&%,
indicating that we are able to detect the uncertainty even on average.

When we delve into more detail by examining the corresponding part in
Figure !.#, which is depicted in orange on the right side of the axis for each
class, we gain a more diverse and informative understanding compared
to the previous representation. The plots are wider, indicating a broader
distribution of uncertainty values. Notably, class % stands out distinctly, as
it is the only class with a peak of uncertainty surpassing *&%. This aligns
with the previous knowledge that class % is found in the valleys, precisely
representing the locations where the uncertainty is lowest. Additionally,
the only other wider plot at higher values belongs to class ), which belongs
to the soil family of floodplains as class %, and exhibits similar behaviour.
It has been further observed that class ’ and class !, also belonging to this
soil family, show a notable concentration of uncertainty values around
the average, unlike all the rest of the classes. These clear patterns of
uncertainty within the alluvial soil family underline the ability of the
LLLA uncertainty measurement to recognize subtle geographical and
pedological features. This shows that the model not only recognizes that
these soil units belong to the alluvial soil family, but also distinguishes
them from other soil units with di"erent characteristics.

The analysis of class & reveals that its uncertainty values span a wide
range from nearly & to ), but there is a significant concentration at low
values. Similar patterns are observed for other classes, specifically class
# and class ’&. This is a positive outcome compared to the previous
situation, as these soil units were previously consistently overpredicted
with high confidence at the SJ, but at the same time still well predicted in
the other areas. The uncertainty statement thus covers both situations
well for these classes. This shows that the uncertainty measurement can
better classify the spatial variability of the soil classes and is not only
based on the fact that these classes occur with the highest number of data
points in the training data, which is important for a reliably prediction
with an imbalanced dataset [)’(]. Another important observation is
related to classes )% and ),, which now exhibit distributions concentrated
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at the lowest confidence values, indicating higher uncertainty for these
classes. This increased uncertainty now captures the fact that these classes
were completely overestimated in the BF region, leading to their relative
increase in the number of pixels in the prediction range. In summary,
the integration of the Bayesian method LLLA has allowed us to obtain
more reliable uncertainty estimates for the model’s predictions, which
has proven to be in line with other Bayesian methods for predicting
soil variables [)!#]. The distinct patterns observed in the uncertainty
values for di"erent regions provide valuable insights into the model’s
performance and its reliability in various areas.

4.4 Implication on soil management

In the field of soil management, the integration of ANNs is promising
to improve precision and e$ciency [*#]. However, a major challenge is
to address the problem of overconfidence in ANNs, which can lead to
inaccurate predictions and suboptimal decision-making. To combat this,
we can leverage the LLLA method, which generates reliable uncertainty
statements from ANNs. This method allows us to create uncertainty
maps that play a crucial role in decision-making processes [+), )’’].
Uncertainty maps allow soil mappers to target and prioritize areas to
increase e$ciency. By incorporating targeted sampling in regions with
high uncertainty into the prediction workflow, we can quickly improve the
quality of soil maps generated by ANNs [(&, )#+]. Thereby optimizing soil
management practices by providing the dual benefit of broader spatial
coverage and targeted re-sampling. In addition, exploring the potential
transferability of a trained ANN to similar regions with comparable soil
classes is of great interest [)’,]. When an ANN trained in one region
is applied to another with similar soil characteristics, it is crucial to
understand how well the model performs in the new context. A map
indicating areas of greater uncertainty can directly show where the ANN
may not function e"ectively. This visualization of uncertainty is crucial
as it helps us understand the limitations and constraints of the model
in practical applications. Such information provides essential insights
for future investigations and improvements in both data collection and
model development.

4.5 Conclusion

The primary objective of this research was to develop a reliable and
straightforward method for quantifying uncertainty in ANNs used in
DSM, particularly for soil unit predictions in order to make the predic-
tions more reliable and interpretable. This also includes the correction
of overconfidence of ANNs, a tendency of ANNs to make overconfi-
dent predictions, especially in regions with limited data. This issue is
particularly concerning in soil mapping because accurate and precise
soil information is essential for e"ective soil management. To tackle
the issue of insu$cient uncertainty measurements for ANNs, we intro-
duced the Bayesian technique LLLA. The LLLA method is designed
to produce more trustworthy uncertainty statements for the specified
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study area predicted by ANN. By incorporating LLLA into the ANN
modelling process, the study demonstrates its e"ectiveness in showing
of the areas, where the ANN erroneously has a high confidence and
thereby preserves the low uncertainty in the correctly predicted areas.
This improvement in uncertainty estimation ensures that the model’s
predictions are more reliable and trustworthy. This is crucial, because
it helps users understand the level of confidence they can place in the
model’s predictions and therefore make decisions. Additionally, this
research provides valuable insights into identifying knowledge gaps by
analyzing areas with limited data support and high uncertainty. This
information guides researchers in prioritizing data collection e"orts in
regions where the model’s predictions are less reliable. Moving forward,
we plan to apply the ANN with the LLLA approach to real soil samples
and compare the results with maps generated by soil mappers. This
comparison will further enhance our understanding of the underlying
processes. In conclusion, the incorporation of LLLA into ANN modeling
o"ers a promising solution to improve uncertainty estimation, making
DSM predictions more reliable, interpretable, and actionable for e"ective
soil management.
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Abstract

Artificial Neural Networks (ANNs) are valuable tools for predicting soil
properties using large datasets. However, a common challenge in soil
sciences is the uneven distribution of soil samples, which often results
from past sampling projects that heavily sample certain areas while
leaving similar yet geographically distant regions under-sampled. One
potential solution to this problem is to transfer an already trained model
to other similar regions. Robust spatial uncertainty quantification (UQ)
is crucial for this purpose, yet often overlooked in current research. We
address this issue by using a Bayesian deep learning (DL) technique,
Laplace Approximations, to quantify spatial uncertainty. This produces
a probability measure encoding where the model’s prediction is deemed
reliable, and where a lack of data should lead to a high uncertainty. We
train such an ANN on a soil landscape dataset from a specific region in
southern Germany and then transfer the trained model to another unseen
but to some extend similar region, without any further model training.
The model e"ectively generalised alluvial patterns, demonstrating its abil-
ity to recognize repetitive features of river systems. However, the model
showed a tendency to favor overrepresented soil units, underscoring the
importance of balancing training datasets to reduce overconfidence in
dominant classes. Quantifying uncertainty in this way allows stakehold-
ers to better identify regions and settings in need of further data collection,
enhancing decision-making and prioritizing e"orts in data collection.
Our approach is computationally lightweight and can be added post-hoc
to existing DL solutions for soil prediction, thus o"ering a practical tool
to improve soil property predictions in under-sampled areas, as well as
optimizing future sampling strategies, ensuring resources are allocated
e$ciently for maximum data coverage and accuracy.

5.1 Introduction

ML has become an indispensable tool in scientific research, leading to
significant advances in many fields, including soil science [)*’]. Since the
early ’&&&s, ML methods have been steadily integrated into soil mapping
[)%, )’), )#)]. Over the past two decades, the use of ML in soil science has
grown substantially, reflecting its increasing importance and e"ectiveness
[*%, )’#, )(’, ),!, )*’]. However, new research challenges have emerged as
ML methods become more widely used. One key challenge is improving
model interpretability in order to promote scientific knowledge [)!&].
Chen et al. [%!] further added that future research should focus on making
the most of legacy datasets, using smarter sampling strategies, improving
model accuracy and interpretability, and developing advanced mapping
methods to create detailed and high-quality soil maps. In line with this,
Bohn and Miller [’’] showed that locally enhanced, bottom-up oriented
DSM approach has been shown to deliver higher accuracy compared to
both conventional soil maps and global DSM products in many cases.
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Using legacy datasets e"ectively means applying data from already sam-
pled areas to predict conditions in similar but unsampled regions. This
extrapolation process has been discussed for many years. For example,
Lagacherie et al. [)&,] pointed out the need to develop self-learning
systems that dynamically adapt predictions. Bui and Moran [%&] demon-
strated that existing soil maps can be combined with environmental
and geological data to extend their usefulness beyond their original
boundaries. Additionally, Scull et al. [)#’] showed with classification
trees that this technique allows soil experts to focus field mapping on
unique areas and e$ciently extrapolate soil-landscape relationships,
making it a valuable tool for soil surveys. Extrapolation approaches also
address the challenges of conventional soil mapping, which relies on car-
tographers manually surveying landscapes, a process that is both costly
and time-consuming. These methods o"er a particularly cost-e"ective
solution for predicting soil classes in regions with limited data, helping
to fill the gaps in soil maps and improving the e$ciency of DSM [),(].
For example, decision trees demonstrated a 46.00 % overall accuracy for
extrapolating soil subgroups using digital mapping methods, making
them a cost-e"ective option for areas with limited data or challenging
sampling conditions [)%!]. Similarly, multinomial logistic regression and
classification trees have been used successfully to extrapolate soil classes
[’, #!, )))]. To summarize, the increasing adoption of ML is driven not
only by its relevance to soil science but also by its ability to significantly re-
duce the e"ort required for mapping, especially in large or hard-to-access
areas [##, +%, )#+].

More advanced methods, in particular ANNs, have proven e"ective for
extrapolation in soil mapping. For instance, the study by Arruda et al.
[+] demonstrated the potential of ANNs to produce digital soil maps,
providing initial classifications for unexplored areas. Building on this,
Coelho et al. [%+] introduced an innovative methodology that combined
georeferenced soil profile point data and ANN models for extrapolation
tasks. Responding to the growing demand for high-resolution soil maps
in, for instance, precision agriculture, environmental management, and
land-use planning, ANNs are becoming more and more popular due to
their ability to process large amounts of data and provide predictions
comparably fast [,(, )(#, )#!]. Brungard et al. [’*] demonstrated the
superior accuracy of complex models containing ANNs in predicting
soil taxonomy classes compared to simpler models. Similarly, Zhu [)*(]
highlighted the capability of ANNs in generating high-resolution soil
maps.

Despite their advantages, one notable challenge is the lack of inherent
interpretability [+&]. As “black box” models, ANNs make predictions
through complex internal processes that are di$cult to understand and
interpret. Recent studies have addressed this limitation by introducing
model-agnostic interpretation techniques and game theory-based Shap-
ley additive explanations (SHAP), which provide valuable insights into
the relationships between environmental features and model predic-
tions [)%+, )+!]. In addition, ANNs typically lack built-in UQ, which
complicates the evaluation of their predictive reliability and may lead
to misinterpretations or suboptimal decision-making [#+]. They often
produce overly confident predictions, sometimes reaching 100.00 % cer-
tainty, even when the input data is flawed or noisy [’(, ,,, )%(]. In the
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context of DSM, this issue is compounded by the broader challenge of
quantifying spatial uncertainty in soil maps [,*, )(), )+%]. Between ’&),
and ’&’’, only 35.00 % of studies that addressed significant DSM tasks
incorporated uncertainty in their analysis [)#]. Similarly, while DSM
research is expanding in countries such as India and Iran, the integra-
tion of uncertainty mapping remains limited. In India, only 34.00 % of
DSM studies include uncertainty maps, while in Iran, fewer than 20.00 %
address uncertainty [!%, )*)]. Typically, these maps then present just an
overall accuracy expressed as a single statistical measure, often derived
through cross-validation techniques, an iterative process that partitions
the training data into multiple subsets to repeatedly train and validate
the model to estimate overall performance uncertainty [)+%]. Although
this approach o"ers some insight, it falls short, especially for applications
involving unbalanced datasets. This gap has led to calls for more detailed
uncertainty analysis [)’(], particularly for tasks involving extrapolation
to new areas because of poor uncertainty performance in such contexts
[#!]. Some recent studies have made strides in incorporating UQ. For
instance, Carvalho Monteiro et al. [%’] and van der Westhuizen et al. [),,]
have demonstrated progress in quantifying uncertainties for RFs, while
Saygın et al. [)((] have explored the use of ANNs. However, many of these
methods rely on variance estimates, which fail to adequately address
critical issues such as model overconfidence. This problem has emerged
in the study by Schmidinger and Heuvelink [)(,] that ANNs produce
overly optimistic probabilistic predictions, resulting in low-reliability
scores. Additionally, these approaches frequently neglect spatial un-
certainty, an essential aspect of practical soil mapping [)&]. The most
commonly used methods for UQ in DL algorithms, particularly in ANNs,
include MC Dropout, ensemble methods, and full Bayesian approaches.
These methods, while e"ective, often require significant computational
resources and memory [%]. These techniques have begun to gain traction
in soil science applications, particularly for estimating uncertainty in soil
moisture retrieval or soil spectral models [))’]. For example, Padarian
et al. [)!)] and Huang et al. [+,] utilized these approaches to assess uncer-
tainty in their models, demonstrating their relevance and utility despite
the computational demands. These findings underscore the urgent need
for methodological advancements that go beyond variance estimation
to also tackle overconfidence together with spatial uncertainty while
remaining computationally e$cient and easy to integrate into existing
workflows. Such improvements are crucial to ensure that ML models
for DSM provide both accurate and reliable predictions. Our previous
work Rau et al. [)()] introduced for DSM the LLLA, a computationally
e$cient technique that addresses these challenges. Building on this
methodological foundation, the current study applies an ANN model
to an extrapolation task, predicting soil units non-adjacent target area
outside the training area. To identify and correct the overconfidence of
the ANN and perform a spatial analysis of the model’s predictions and
associated uncertainties, we use the LLLA, providing corrected uncer-
tainty estimates for every pixel in the target area. Through this, we assess
the transferability of the ANN by improving its interpretability and
reliability for soil mapping tasks. Ultimately, our work aims to promote
more robust, accurate, and insightful applications of DSM.
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5.2 Material & Methods

5.2.1 Study area

This study investigates two regions in central Baden-Württemberg, Ger-
many, near the city of Tübingen. The reference area is located northwest
of the city, and the target area lies to the southwest, as shown in Fig-
ure !.’ (A). These regions were chosen because they share similar geology,
climate, and cultural development, making them suitable for compara-
tive analysis. The reference area, named after the Goldersbach stream,
covers 8.86 km2 with an average elevation of 445.51 m above sea level,
ranging from 325.31 m to 552.48 m. It represents the lower section of the
upstream part of the Goldersbach River and its catchment. The main land
use since the )*th century in this area is forestry and since )*,’ it has
been part of a nature park. The target area, named after the Bühlertalbach
stream, is larger, covering 18.5 km2 with an average elevation of 498.26 m
above sea level, ranging from 388.86 m to 583.04 m. It includes the entire
Bühlertalbach stream valley, from its upstream to downstream sections.
Similar to the reference area, forestry is the main land use, and this area
is extensively used for forest-related activities. Both areas have the same
underlying geology, belonging to the Middle and Upper Keuper series,
which consist of layers of sandstone, claystone, and marlstone, creating
typical soil patterns of the Keuperbergland. The climate in both regions is
cool temperate moist, with an average annual temperature between 8.3 ↘C
and 8.7 ↘C and annual precipitation ranging from 740 mm to 770 mm.
The target area was deliberately chosen to be larger, encompassing the
entire catchment of the Bühlertalbach River. This strategic decision allows
for the investigation of how predictions and findings extend beyond the
upstream areas on which the reference area is based. By including the full
catchment, this approach provides a broader and more comprehensive
understanding of processes in similar but not equal landscapes.

5.2.2 Data

Figure (.) illustrates the distribution of soil units across the reference
area (blue, subfigure (B)) and target area (red, subfigure (C)), with
each number corresponding to a specific soil unit and its associated
characterization. The classification of the soil types in these units follows
the LGRB soil classification system, a local variant of the German soil
classification KA(, which is structured around soil formation processes
and properties [!+]. Within the reference area, there are eight distinct
soil units, alongside an urban zone represented as unit 0. In contrast, the
target area exhibits greater diversity, comprising 14 unique soil units.
A comprehensive description of all these units is provided in Table (.),
including their correspondence with the WRB soil classification system
[+*].

For international understanding, we use the WRB classification system.
The soil unit maps, initially sourced from the LGRB, were provided in
vector format. To facilitate our analysis, these polygons were converted
into raster files using a rasterization process based on digital elevation
grids. The original map scale of 1:50 000 was rasterized to produce a 10 m
≃10 m resolution. It should be noted that this study is based entirely



Figure &.!: (A) Digital elevation model of the study area with the location of the study area in Germany, reference area in blue, target
area in red, (B) and (C) Soil unit maps over the reference and target areas, created by the LGRB

on pixel-based soil unit prediction using these rasterized soil maps as
training and validation labels rather than direct field observations. To
enhance the performance of the ANN and ensure detailed analysis,
spatially dense variable data were required for the entire region. For this
purpose, digital elevation models (Figure (.) (A)) were used for both areas.
These models o"er a 10 m resolution and serve as the basis for calculating
topographic indices, also at 10 m resolution. The variable selection was
informed by local expert geographical knowledge, guided by commonly
used proxies representing the scorpan model introduced by McBratney
et al. [)’)], which draws upon Jenny [*&]. In addition, we included
spectral indices based on satellite data from the Copernicus Sentinel-"
program. Since ’&),, Sentinel-" provides data in 13 spectral bands with
a 5-day revisit time. For this study, we focused on the visible (R, G, B)
and near-infrared bands, which have a 10 m resolution. Using these
bands, we calculated indices such as the NDVI to measure vegetation
cover. To ensure robust data representation and reduce the impact of
outliers, we computed the median values of these indices for the time
series of cloud-free images from March to May ’&)*. We also included
geological maps, scaled at 1:50 000, provided by the LGRB. These maps
were rasterized in the same way as the soil unit maps.

#$



Table &.!: Detailed description of
the soil units Class

no.
Label German Soil Classification WRB-Classification Detailed information

& None None None Ablation, order, settlement
) A) Brauner Auenboden, Auenbraunerde Fluvisol, Cambisol partly with gleying in the near subsoil, of alluvial

sand and alluvial loam
’ A% Auengley, Auenpseudogley-Auengley,

Brauner Auenboden-Auengley
Fluvisol from alluvial sand and alluvial clay

% A, Auenbraunerde, Auenparabraunerde Cambisol from older alluvial sediment
! B’ Braunerde, Pelosol-Braunerde,

Pseudogley-Braunerde
Cambisol from solifluction soils, partly alluvial and flood

loam
( B! Braunerde, Podsol-Braunerde Arenosol mostly podzolic, from sandstone, debris-rich fluvial

soils and slope debris
# D) Pelosol, Braunerde-Pelosol, Pseudogley-

Pelosol
Luvisol-Vertisol from solifluction soils, subordinate from alluvial

debris
, K) Kolluvium Anthrosol partly over Braunerde and Parabraunerde, from

alluvial deposits over solifluction soils
+ K’ Pseudogley-Kolluvium, Gley-Kolluvium Gleyic Anthrosol from alluvial deposits
* L’ Parabraunerde, Braunerde-

Parabraunerde, Pseudogley-
Parabraunerde

Luvisol of loess loam and loess-loam-rich solifluction soils

)& L% Parabraunerde, Pelosol-Parabraunerde,
Terra fusca-Parabraunerde, Pseudogley-
Parabraunerde

Luvisol from solifluction soils and slope debris

)) N) Ranker und Braunerde-Ranker Leptosol-Cambisol from sandstone
)’ S) Pseudogley, Braunerde-Pseudogley,

Pelosol-Pseudogley
Planosol-Cambisol from solifluction soils, partly Pleistocene alluvial

debris
)% S’ Pseudogley, Parabraunerde-Pseudogley Planosol-Luvisol of loess loam and loess-loam-rich solifluction soils
)! Z) Pararendzina, Pelosol-Pararendzina,

Braunerde-Pararendzina
Leptosol-Vertisol from solifluction soils and slope debris, partly from

landslide masses
)( R% Rendzina und Terra fusca-Rendzina Leptosol from river gravels

#%
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Environmental
input data

Definition after

Topographic Eastness, Elevation, Northness, Slope [)’]
indices Di"use radiation, Direct radiation, Slope discon-

tinuities, Terrain classification index for lowlands
[’)]

Relative height above the depth line, Soil mois-
ture

[’%]

Catchment area [()]
Plan curvature, Profile curvature [,#]
Convergence divergence index, Crest index for
lowlands, Crest index for mountain areas, Cul-
mination line for lowlands, Culmination line for
mountain areas, Elevation below the culmination
line for lowlands, Elevation below the culmina-
tion line for mountain areas, Horizontal distance
to the depth line, Relative hill slope position for
lowlands, Relative hill slope position for moun-
tain areas, Relative altitude, Relief

[)&&]

Depth of closed surface depressions [)+(]

Spectral
indices

Brightness index, Colouration index, Hue index,
Normalized di"erence vegetation index, Redness
index, Saturation index

[+(]

Geological
variable

Geological map LGRB

Table &.": Overview of the features for
the ANN

Table (.’ summarizes the indices and variables used for the ANN as
features and their respective references. To compare the features in the
reference and target areas, we applied the cosine similarity index, as
outlined by Schütze et al. [)#&]. This method, which measures similarity
on a scale from ↔1 (completely opposite) to 1 (identical), resulted in
a mean value of 0.85. Using this score confirmed a strong similarity
between the areas. In addition, we collaborated with experts from the
LGRB, whose extensive regional knowledge ensured the appropriate
selection of study areas. Both the similarity assessment and the expert
consultation were carried out in recognition of the fact that, even at the
local scale, it is crucial to apply models only where they are valid, a
principle already established in global-scale research [))#].

5.2.3 Model design

ANNs originated in the field of image recognition, particularly for
classification tasks [#)]. These models are highly e"ective at identifying
patterns and relationships in data, even without prior domain knowledge,
and excel in handling large datasets. ANNs are composed of layers of
neurons leveraging activation functions to learn complex patterns. The
structure of an ANN can vary widely in terms of its architecture, the
number and type of layers, their dimensions, and the activation functions
used. Since our research prioritizes understanding uncertainty in ML
models applied to soil data rather than optimizing model performance,
we opted for a straightforward design: a fully connected MLP, as described
in Table (.%. For the hidden layers, we employed the rectified linear unit
(ReLU) activation function, which is defined as:

ReLU(𝑔) = max(0, 𝑔)

with 𝑔 as input to a neuron [(%, (*, )%&]. For training and validation, we
used data from the reference area, which includes 33 features (listed in
Table (.’) and soil unit labels. The reference area comprises eight distinct
soil units, which the model aims to predict. To evaluate the model’s
performance, we tested it on the ground truth map of soil units from the
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target area (Figure (.) (C)). The training and validation dataset consisted
of 142 569 data points, i. e. the number of raster cells, which was separated
through random sampling to a ,&%-%&% split, while the test dataset
contained 378 214 data points. We used the architecture mentioned above.
A detailed description of the model tuning protocol is provided in Rau
et al. [)()], where the method was first tested in a simplified, controlled
soil classification setup. The optimized hyperparameters derived from
this process were successfully transferred and applied to the reference
area, yielding excellent results. To enhance the model’s robustness and
prevent overfitting, we implemented an early stopping criterion. The
training process was halted when the model’s training accuracy, defined
as the percentage of correctly predicted pixels, exceeded 95.00 %, and no
significant improvement in test dataset accuracy was observed.

Table &.$: Architecture of the ANN
Layer Number

of Neurons
Activation
Function

Input layer %% ReLU
Layer ) %*( ReLU
Layer ’ ()& ReLU
Layer % !+* ReLU
Output Layer * Softmax

5.2.4 Uncertainty measurement of ANNs with Last-Layer
Laplace Approximation

For ANNs commonly the softmax function in the output layer is used
to convert raw scores into a probability distribution over the predicted
classes. The softmax function transforms the output of the previous layer
into a vector of probabilities, essentially forming a distribution across
input classes. The softmax function is defined as follows:

𝜒(𝑍𝑃) =
exp(𝑍𝑃)∑
𝑆
exp(𝑍𝑆)

,

where 𝑍𝑃 is the vector of raw score for all soil units [’,, #)]. These proba-
bility values can be interpreted as uncertainty about the classification
output. A higher probability indicates greater certainty, while a lower
value signifies uncertainty. In other words, the ANN has predicted a
class with low uncertainty and is therefore very confident about the
prediction. Nevertheless, relying solely on softmax-derived uncertainty
measures has limitations, particularly in regions where the ANN encoun-
ters data points far from its training distribution, as they do not account
for the uncertainty in the model’s parameters or structure [#+, ,,]. To
address these limitations and quantify model uncertainty, i. e. epistemic
uncertainty, we employ the LLLA following Daxberger et al. [!!]. This
method is based on Bayesian principles and provides a computationally
e$cient approach to estimate posterior uncertainties for neural network
parameters.
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The LLLA approximates the posterior distribution of the weights as

𝑎(𝑄 | D) ↗ N (𝑄;𝑄MAP ,ω), with ω =
(
→2
𝑄
L(D;𝑄)

--
𝑄=𝑄MAP

)↔1
.

Here,𝑄MAP represents the maximum a posteriori estimate of the last-layer
parameters, obtained by minimizing the negative log posterior L(D;𝑄),
typically the cross-entropy loss with an isotropic Gaussian prior. Epis-
temic uncertainty is captured by the LLLA through the local curvature
(Hessian) of the loss: flat directions in this geometry indicate parameters
that are weakly constrained by the data and thus remain uncertain. Such
flatness arises in regions of limited data, structural uncertainty, or poor
transferability, all of which reflect ambiguity in the posterior distribution
over model parameters. The method is accessible through the open-
source laplace.torch package, which facilitates easy integration into
PyTorch-based workflows. The LLLA method o"ers key advantages: it is
computationally e$cient by focusing on the last layer [)&!] and has the
benefit that the point estimate (𝑄MAP) is una"ected by the uncertainty
estimation, which simplifies development and tuning. We already have
shown that LLLA e"ectively identifies areas of high uncertainty in soil
classification tasks [)()], making it crucial for generating uncertainty
maps with uneven training data coverage.

5.3 Results & Discussion

5.3.1 Loss and accuracy of the ANN

In our study, we used a simple neural network architecture rather than
a highly specialized one tailored to the soil classification extrapolation
task. This decision reflects common scenarios where pre-built models
are preferred due to their ease of use and quick deployment. Our goal
was to assess and enhance the ANN’s ability to extrapolate, and not to
achieve the highest possible overall accuracy outperforming other state-
of-the-art ANNs, an objective that could be pursued through deliberate
and targeted hyperparameter optimization [)!,]. For this reason, we
focus on the spatial uncertainty at pixel level rather than the total
uncertainty of the soil map, which is used in DSM [)+%]. The study was
therefore based on two di"erent areas: a well-sampled reference area and
a completely unsampled target area (Figure (.)). This setup simulated a
realistic challenge, where models are often required to make predictions
in areas with limited or no prior information [+’]. The results indicated
that the model learned the training data e"ectively, achieving a low
loss value of 0.01, a high training accuracy of 98.57 %, and a validation
accuracy of 96.73 %. However, when applied to the target area, the test
accuracy dropped significantly to 47.38 %. This decrease was expected
since there was no area-specific tuning for the ANN and our target area
is substantially larger than the reference area including the entire course
of the river. The reference area can thus not fully represent the target
area [)+#]. Compared with other studies in DSM that use ANNs for
soil classification (e.g., [*, )%, ’!, )%!, )*(]), our model performed at an
average level, consistent with our expectations due to similar parent
material and climate as well as cultural development of the areas over
the last centuries. These initial findings emphasize the trade-o"s between

https://aleximmer.com/Laplace/
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simplicity and predictive performance when using simple ANNs in soil
mapping applications. While these are convenient and easy to deploy,
their performance is often limited in data-sparse regions. This highlights
the importance of complementing ANN predictions with UQ to e"ectively
identify data gaps.

5.3.2 Prediction of the ANN

The prediction of soil units across the target area reveals several notable
patterns and challenges when we compare the ANN-predicted map
in Figure (.’ (A) with our ground truth derived from the LGRB in
Figure (.) (C). Not all soil units were predicted, which is expected as
certain soil units (in that case soil units ), %, ,, +, )&, )!, and )() were
absent from the reference area. The ANN could not predict these soil
units due to its lack of training data. This phenomenon is not uncommon
in practice, as soil units in complex areas often remain untested in reality
[+’]. For example, units ) and % belong to floodplain soils, more precisely
to Fluvisols after WRB, and are not included in the reference area.
Similarly, soil unit )!, representing soils over the Gipskeuper formation,
is also missing. The absence of certain soil units in the training dataset
reveals how the ANN handles such cases and provides insight into the
associated uncertainty. A detailed breakdown of the soil units is provided
in Table (.).

Figure &.": (A) Prediction map of the soil unit in our target area by the ANN, (B) Comparison of the prediction with the ground truth:
green means a correct prediction of the soil unit

An overall evaluation of the predictions reveals that certain regions,
particularly the northern and southwestern parts of the target area, were
predicted wrong (Figure (.’ (B)). Interestingly, these areas correspond to
the upstream and downstream sections of the river, which were areas not
well represented in the reference area. We can see that predictions were
more accurate in the middle stream of the river, which closely aligns with
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the reference area, compared to the downstream and upstream regions.
This is likely due to the increasing distance from the training data. A
brief and selected breakdown of the prediction of the specific soil units is
now given and can be followed with the comparison of the ground truth
map in Figure (.) (C) with the prediction of the ANN in Figure (.’ (A)
and with the confusion matrix in Figure (.%.

Figure &.$: The confusion matrix of the ANN displays true vs. predicted classifications, with diagonal values indicating correct predictions
and o"-diagonal values showing misclassifications. The percentages reflect how much of each actual class was predicted either correctly
(diagonal) or incorrectly (o"-diagonal).

Unit &, which represents the settlements, was completely misclassified
and often predicted as unit ’ or more often as units ! and #. Because unit
& is found in the river valley and extends towards the receiving stream,
these predictions are not surprising. It is interesting to see what happens
to soil units ) and %, both alluvial soil units, neither of which occur in
the reference area. Soil unit ), a Fluvisol from alluvial sand and loam,
was predicted as soil unit ’, which is the only Fluvisol in the reference
area, also from alluvial sand and clay. Meanwhile, unit %, classified as
Cambisol, is often predicted as soil unit !, representing Cambisol formed
from alluvial deposits, which aligns with unit %’s characteristics as a
floodplain Cambisol from older sediments. In conclusion, the model’s
predictions for units ) and % demonstrate its ability to recognize and
generalise alluvial patterns, even when specific soil units are missing from
the reference data. These results suggest that floodplain soils maintain
recognizable characteristics across regions, and the model e"ectively
learns the repetitive patterns of river systems, such as floodplains and
channel deposits, during training. Unit ! is dominant in both the reference
and target areas, as confirmed by the ground truth map. Its proportion
increased from 51.09 % in the ground truth from the target area to 64.21 %
in the prediction by the ANN. However, this soil unit was overestimated
in the central region and underestimated in the south, demonstrating the
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importance of spatial analysis. This is also the case for soil unit (. This
soil unit was underestimated in the central region but correctly identified
in the southwest and north. Overestimations occurred in the south, and
misclassifications primarily involved unit !. This can be explained by
the fact that both represent the most common soil units in Germany and
the domination of ! in the training data [,, )+*]. As a result, the ANN
tends to predict them more often in the output [*)]. Soil unit # was also
underestimated overall but maintained its proportional representation
due to false predictions along the southern margins. The colluvial soil
units , and +, were not part of the training set, so they were misclassified
as ! and #, soil unit , specifically as unit # in the southwest and unit ! in
the north. Unit * was extremely accurately detected in four areas in the
south, east, and west but was underrepresented overall. In the southwest,
areas belonging to unit * were often predicted as unit )%, which is also a
Luvisol from loess loam.

The model e"ectively recognizes familiar soil units, indicating that it
successfully learns and applies process-based rules of soil formation,
as demonstrated by the predictions for soil units ) and %. However, it
shows a tendency to generalise soil units based on shared properties,
as seen in the misclassification of soil unit )% as unit * due to their
similar origin as Luvisols from loess. This suggests the model is adept
at identifying broad patterns but lacks sensitivity to regional nuances
and finer distinctions between similar units. The substantial regional
variability in the predictions highlights the need for spatial uncertainty
analyses to improve accuracy and address the model’s limitations in
handling less common or unfamiliar soil units.

5.3.3 Con!dence of the ANN

Based on the previous results, especially the large distribution of correctly
and incorrectly predicted classes in an unit and a non-spatial accuracy
of 47.38 %, we now analyze the uncertainty of the ANN prediction of
every single soil unit before applying the LLLA. In the case of an ANN,
besides cross-validation methods and other techniques, a common step
is to evaluate the probability of the predicted class [)+%]. This probability
can be interpreted as the confidence of the model in its predictions, thus
the degree of uncertainty of the model regarding the predictions per
pixel (Figure (.! (A)).

Notably, the highest confidence values, often reaching 100 %, are observed
at the borders in the south, west, and north, as well as in the central
region near the river. In contrast, the intermediate regions display a
more diverse confidence distribution, though the values remain generally
high. This trend is reflected in the mean confidence value, which stands
at 96.22 %. When examining the relationship between confidence and
prediction accuracy, it can be seen that in areas where the ANN performs
poorly (Figure (.’ (B)), the confidence values paradoxically remain high
(Figure (.! (A)). This indicates overconfidence in regions, which happens
with ANNs when the training data does not represent the target area. For
example, pixels where soil units are correctly predicted exhibit a mean
confidence of 97.17 %, while incorrectly predicted pixels also demon-
strate a high mean confidence of 95.36 %. This pattern underscores the
ANN’s tendency to assign high confidence to both correct and incorrect
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predictions, exacerbating the issue of overconfidence. Such behavior
aligns with findings from previous studies, which have highlighted the
tendency of ANNs to exhibit overconfidence in data-scarce regions [,,,
*’, )()].

Figure &.%: (A) probability of the soil unit in our target area predicted by the ANN calculated with the softmax function, interpreted as
the confidence of the ANN (B) probability after applying the LLLA, interpreted as the uncertainty of the ANN

Further analysis of the confidence distribution for each soil unit is
presented using a violin plot in Figure (.(. The blue curves represent
the distribution of confidence values for each unit, focusing only on soil
units present in the reference area, as these are the only ones the ANN
can predict. The width of the plot indicates where confidence values are
more frequent, and the shape shows the range of these values. For most
soil units, there are sharp peaks around 100 %, which means that the
ANN is overly confident in all units. However, soil units )) and )’ stand
out, as the ANN also shows high confidence here, but the shape is in
a wider range. This analysis highlights the issue of overconfidence of
ANNs: here the ANN is too confident, even in areas where it performs
poorly. This overconfidence is especially apparent in regions far from
the training data or underrepresented areas. To improve the ANN’s
reliability, its ability to estimate its uncertainty needs to be enhanced.
Further detailed analysis by soil units will be provided when comparing
the ANN’s predictions with those after applying the LLLA method as
described in Section (.’.!.
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Figure &.&: Distributions of the probability of predictions across the soil units (Blue: before LLLA; orange: after LLLA).

5.3.4 Uncertainty of the ANN from Last-Layer Laplace
Approximation

As discussed in Section (.’.!, the application of the LLLA method
enabled us to generate uncertainty estimates for the model predictions,
addressing the overconfidence issue typically associated with ANNs [)&!].
It is important to note that LLLA captures only epistemic uncertainty.
Aleatoric uncertainty remains, as predictions are inherently constrained
by the data on which they are based. After applying LLLA, the model’s
adjusted confidence values are shown in Figure (.! (B), where lighter
colors indicate higher uncertainty. Some areas, like the western edge
and the river region, showed almost no change, but overall, the average
confidence dropped from 96.22 % to 88.66 %. This decrease shows that the
LLLA method helped adjust the ANN’s confidence to be more realistic.
When looking at areas where the ANN made correct predictions, the mean
confidence decreased by 5.97 %, so just minor adjustments are needed.
A larger reduction can be observed in areas where the predictions are
wrong. The mean confidence decreased more, by 9.00 %. This shows that
LLLA was e"ective in reducing the model’s overconfidence, especially
where it previously made incorrect predictions.

Considering spatial di"erences inside correctly predicted areas, confi-
dence reductions mainly occur along the edges. The opposite is true
for wrongly predicted areas, where larger reductions occur more in
the center, which is particularly apparent in the northern and southern
regions. This indicates that it is important to look at the spatial variability
of the single soil units. A first insight is provided by the violin plot
(Figure (.(), where the orange-colored part shows the confidence after
LLLA. It shows that the spread of confidence values has increased for
some soil units, like units &, (, #, )), and )’. This suggests that LLLA
made the model uncertainty more precise for these units. For other units,
like ’, !, *, and )%, the confidence distribution stayed mostly the same.
The highest points of confidence, called peaks, shifted for some units.
For example, units &, (, and # still had high peaks, but units )) and )’
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showed much lower peaks after LLLA. For most other units, the peaks
remained high, meaning the ANN stayed confident in its predictions for
those units.

Examining the behavior of individual soil units gives further insights. For
soil unit &, which was completely misclassified, the confidence in the areas,
where it was predicted, dropped significantly, and the same happened for
areas where this soil unit was wrongly predicted. In contrast, soil unit ),
which was mostly misclassified as soil unit ’, maintained high confidence
in the correct areas, except for one point in the north, where it was
misclassified as soil unit !. This pattern indicates that when the model
predicted soil unit ’, a familiar and similar soil unit, it remained confident,
whereas the misclassification to soil unit !, a less related unit, triggered a
higher uncertainty adjustment. This finding indicates that the model is
capable of di"erentiating between plausible misclassifications and more
significant errors. A similar pattern is observed with soil unit %, which
was often misclassified as soil unit !, a closely related soil unit, where the
confidence remained high after LLLA. The most extreme example of a
plausible misclassification is soil unit *, which was misclassified as unit )%
for a large area in the west. Notably, there was no reduction in confidence
despite the large spatial error, suggesting that the LLLA method failed
to detect the misclassification, likely because soil units * and )% are very
similar. This highlights a limitation of the LLLA adjustment when soil
units have closely overlapping characteristics, making it di$cult for the
model to recognize the need for uncertainty in such cases. Soil unit ’,
which was well-predicted overall, maintained high confidence in both the
correct areas and the false positive areas, where it was misclassified as
soil unit ). In the correct areas, it retained the highest confidence levels of
all soil units, indicating that the ANN remained highly confident after the
LLLA in its accurate predictions. The behavior of the LLLA for soil unit !
is more complex. Recall that it was overestimated in the center and north
and underestimated in the south. After applying LLLA (Figure (.! (B)),
the confidence decreased significantly in the central areas, where it was
wrongly predicted over soil units (, *, and )’, indicating that the model
recognized uncertainty in those regions. However, in most of the other
misclassified areas, with a small exception in the north, the model’s
confidence remained high, suggesting that it did not adjust su$ciently
for those errors. This lack of uncertainty adjustment could be explained
by the large proportion of soil unit ! in the training data, leading the
model to overtrust its predictions for this unit. The model seems to favor
overrepresented units, even when faced with evidence of misclassification,
which highlights the importance of balancing the training dataset to
avoid overconfidence in dominant soil units [)&)]. The soil units , and
+, both absent from the training data, were misclassified as units ! and
#. However, these misclassifications were detected extremely well by
the LLLA adjustment. Initially, the model assigned high confidence
to these areas, but after LLLA, the regions corresponding to soil unit
+ showed some of the lowest confidence values. This indicates that
LLLA e"ectively identified areas of high uncertainty, particularly where
the model faced unknown soil units, suggesting that the method is
highly e"ective in detecting errors related to unfamiliar inputs. Soil
unit # was underestimated overall, with false predictions along the
southern margins. In the correct areas, where this unit should have
been identified, LLLA significantly lowered the confidence, indicating
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that the model recognized the initial overconfidence. However, in the
wrongly predicted areas, the confidence decrease varied spatially. In the
south and east, the model remained highly confident, even where soil
unit # was misclassified as unit !, showing that LLLA had di$culties
detecting the uncertainty of soil unit !. This is another example of
overtrusted predictions of the model in regions where dominant units
like soil unit ! were prevalent in the training set. Conversely, in the center
and north, LLLA e"ectively detected the misclassification, leading to a
clear reduction in confidence. In conclusion, the application of LLLA
e"ectively addressed the overconfidence issue of the ANN by providing
uncertainty estimates and adjusting confidence levels in both correct
and incorrect predictions. The method successfully reduced confidence
in misclassified areas, particularly for unknown soil units like , and +,
indicating its e"ectiveness in detecting unfamiliar inputs. However, the
results also show regional variability in the uncertainty adjustments. For
some soil units, such as unit !, the model remained overconfident in
dominant units, especially for units that were prevalent in the training
data. This highlights a limitation of LLLA in handling closely related or
overrepresented soil units, emphasizing the need for balanced training
data to improve the model’s uncertainty calibration and overall robustness.
Nevertheless, compared to broader global approaches like Homosoils,
where even the study by Nenkam et al. [)%’] acknowledged that model
accuracy improved significantly when incorporating local data, LLLA
provides a key advantage by o"ering spatially resolved uncertainty
estimates. This allows for more localized and detailed insights into the
reliability of predictions, making it a valuable tool for identifying regional
variations in model performance and improving uncertainty calibration
at finer scales. In addition to established UQ methods for ANNs, such
as MC Dropout, ensembles and full BNNs, the application of LLLA
presents a practical and computationally e$cient alternative. As a post
hoc method, LLLA enables uncertainty estimation to be incorporated after
model training without requiring any modifications to the architecture
or learning process. This simplicity made it especially attractive for
our soil prediction task, where retraining the model or restructuring
the network would have been costly and unnecessary. LLLA operates
by approximating the posterior distribution of the final layer weights,
capturing model uncertainty with a single forward pass at inference time.
Though the computation of the Hessian or its approximation introduces
a one-time cost, it does not impact the e$ciency of prediction, unlike
MC Dropout which multiplies inference costs with repeated forward
passes [!!, )&!]. In our case, LLLA was highly e"ective at mitigating
overconfidence and highlighting spatial uncertainty in the extrapolation
domain, especially in under-sampled areas, confirming its value as a
robust, scalable, and lightweight UQ tool for DSM applications.
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5.4 Conclusion

This study explored the use of ANNs for extrapolation tasks in DSM
in under-sampled regions and proposed a novel UQ approach using
LLLA. The uneven distribution of soil samples limits the reliability of
models when extrapolating to new areas. Our research addressed this
issue by training an ANN on soil data from a reference area and apply-
ing it to a similar but unsampled target area. The results showed that
while the ANN could recognize familiar soil patterns, it often produced
overconfident predictions, particularly in regions outside the training
domain. By applying the LLLA method, we successfully reduced the
overconfidence of the ANN and generated spatial uncertainty estimates.
This approach provided more realistic confidence values and identified
regions where the model’s predictions were less reliable. Importantly,
LLLA was particularly e"ective in detecting areas with unfamiliar soil
units, reducing confidence in those regions and highlighting the need
for further data collection. Our findings underline the importance of
UQ in DSM, particularly when using ML models in spatially diverse
landscapes. While ANNs excel in recognizing patterns and extrapolating
soil units, their inherent “black-box” nature and tendency for overconfi-
dence pose significant risks when models are deployed in new areas. The
LLLA method o"ers a practical, computationally lightweight solution
to address these issues, making it a valuable tool for improving the
reliability of soil predictions. Future work should focus on improving
the balance and representativeness of training datasets to enhance the
accuracy of uncertainty estimates. Integrating spatial uncertainty maps
into sampling strategies can further optimize data collection by directing
limited resources to regions of high model uncertainty. Additionally, re-
search should examine how the LLLA responds to established strategies
for improving model transferability through the targeted addition of
samples, as shown for example by Broeg et al. [’+]. In particular, evalu-
ating how LLLA-based uncertainty estimates evolve with such sample
augmentation under transfer learning conditions is essential. To further
assess the generalisability of LLLA, systematic benchmarking on diverse
datasets is necessary. A valuable foundation for this purpose o"ers for
example the LimeSoDa dataset collection, with its broad range of environ-
mental conditions and standardized DSM features [)(,]. In conclusion,
our research demonstrates that combining ANNs with post-hoc Bayesian
UQ techniques can significantly enhance the interpretability, reliability,
and transferability of DSM models. This advancement is essential for
making ML models more robust and trustworthy in practical applications,
particularly in regions with sparse or uneven soil data.
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6.1 Impact & Implications . . . 69
6.2 Future Work . . . . . . . . 70This thesis evaluated the capability of Artificial Neural Networks (ANNs)

for Digital Soil Mapping (DSM) in terms of three core aspects: uncertainty
quantification (UQ), spatial generalisation, and the practical use of spatial
uncertainty in spatial soil predictions. Central to this research was the
application of the Last-Layer Laplace Approximation (LLLA), a Bayesian
approach that allows post-hoc computationally e$cient uncertainty
estimation in ANNs. Using two case studies based on heterogeneous soil
landscapes in southern Germany, this research has resulted in a number
of important findings that are promising and have implications for DSM,
environmental modelling and spatial data analysis.

(RQ1) How e!ectively can the LLLA quantify and correct the uncertainty in
ANNs predictions for soil mapping?

The LLLA proves to be an e"ective and computationally e$cient method
for estimating uncertainty in ANN-based soil predictions in both studies.
While standard ANNs are powerful, they tend to be overconfident,
especially in regions with little or no training data. They can predict
soil types with )&&% confidence in certain locations, even if the true
soil unit is not included in the input data or is contaminated by noisy
data. This overconfidence can mislead users and decision-makers and
lead to unreliable soil maps. LLLA solves this problem by using a
Bayesian approach applied only to the last layer of the ANN, which
makes the computation very fast and e$cient. It estimates a probability
distribution over the model’s final weights, which allows the model
to express how uncertain it is about each prediction. This leads to
uncertainty maps that show, pixel by pixel, where the model is confident
and where it’s not, including the epistemic uncertainty due to sparse data
or extrapolation. Furthermore, LLLA is a post-hoc method, meaning it
can be applied to already trained ANNs without requiring retraining. In
the two contributions, we showed that using LLLA adds uncertainty to
the softmax outputs and thus avoids false confidence in the predictions.
It reveals high uncertainties in regions that were not covered during
training. At the same time, the overall accuracy of the model is maintained.
Thus, LLLA is e"ective at making ANN outputs more trustworthy
without significantly increasing computational cost in the case of soil unit
prediction. However, there are limitations. LLLA assumes a Gaussian
posterior which may not accurately reflect the true distribution of weights,
especially in highly non-convex landscapes like those seen in deep
learning. Finally, while LLLA improves uncertainty estimation, it does
not take into account any uncertainty in the input data, which remains
unmodeled in this approach. Overall, though, LLLA represents a highly
promising method for enhancing the trustworthiness and communication
of ANN-based soil predictions.
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(RQ2) To what extent can Arti"cial Neural Networks (ANNs) trained on
well-sampled regions generalise to soil predictions on geographically similar
but distant, data-sparse regions via model transfer?

The studies show that ANNs can generalise to new, similar regions, but
with limitations. An important strength was that ANNs were able to
recognise certain patterns, especially in the context of colluvisols soils
and river systems and their floodplain soils, even when the specific soil
units were not included in the training set, the prediction remained in
the soil family. As expected, the predictions were more accurate in areas
that were very similar to the training area in terms of environmental
characteristics. Nevertheless, the results also revealed significant limita-
tions. The ANN often selected overrepresented soil units, indicating a
bias towards predictions in favour of dominant soil units. This highlights
a fundamental weakness of ANNs in dealing with imbalanced classes
and limited representation. This could be recognised by the uncertainty
statement developed with the LLLA, but also shows the need for more
balanced training datasets, better domain adaptation techniques and
hybrid modelling strategies. In summary, the transfer of ANN models
works moderately well for similar regions, but additional quantification of
uncertainty is crucial to make these predictions useful and trustworthy.

(RQ3)What role does spatial uncertainty play in the reliability and
practical application of digital soil maps?

Spatial uncertainty is very important for making digital soil maps more
reliable and useful in practice, as shown in our research. When we clearly
show where the model is less certain, users can better understand where
predictions might not be accurate. This is especially helpful in real-world
applications like farming, building projects, or environmental planning,
where using uncertain data without caution could lead to poor decisions.
Knowing where uncertainty is high also helps make future soil sampling
more e"ective [)#+]. Instead of collecting new data randomly, we can focus
on the areas where the model is unsure. This saves time and money, and
improves the quality of the map. In addition, spatial uncertainty helps us
understand the limits of the model. For example, it can reveal if the model
is biased toward more common soil types, if it struggles to predict soils in
certain landscapes, or if it cannot be reliably transferred to areas outside
the training region. This information is useful for improving both the
training data and the model itself. Overall, including spatial uncertainty
is essential for ML in soil mapping. It helps make predictions more
transparent, supports better decision-making, and guides improvements
in data collection and model design, especially when the model is used
in new or di"erent areas.
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6.1 Impact & Implications

Advancing Digital Soil Mapping Through Uncertainty Quanti!cation

The integration of UQ into DSM, already presented as one of the chal-
lenges in Wadoux et al. [)+’], is a significant advancement in the field of
geospatial environmental modeling. Conventional soil maps, whether
derived from field surveys or DSM maps, often do not provide accu-
rate confidence in their results. This gap can lead to overconfidence in
decision-making processes, especially in under-sampled or extrapolated
regions. By embedding spatially explicit uncertainty metrics into ANN-
derived soil maps, this research enhances the interpretability, reliability,
and ultimately the usability of DSM products.

Practical Relevance for Stakeholders

The studies emphasize the real-world applicability of uncertainty-aware
models for a wide range of stakeholders, including land-use planners,
agricultural managers, geologists, and policy makers. For example, con-
struction companies and environmental agencies require high-confidence
assessments of subsoil conditions, while precision agriculture depends
on accurate soil data to optimize inputs and yields. By identifying areas
of high model uncertainty, these methods allow stakeholders to prioritize
targeted field sampling, especially in poorly characterized or extrapolated
zones. That could lead to allocate resources more e$ciently, improving
the cost-benefit ratio of field campaigns. With uncertainty maps they can
interpret predictions with appropriate caution.

Scienti!c Contributions and Methodological Advancements

The combination of ANNs with LLLA addresses several challenges in
DSM. One is the overconfidence mitigation. ANNs are known for making
predictions with unwarranted certainty, particularly outside their training
domain. This research e"ectively diagnoses and corrects this error and
promotes more robust model behaviour. By deliberately testing model
performance in areas absent from the training data, the studies contribute
critical insight into the limits of model generalisability, a common yet
under-addressed challenge in spatial modeling. The most practical in
terms of programming is the post-hoc uncertainty integration, which
only requires access to the weights of the final linear layer. The proposed
framework enables retrofitting existing ANNs with uncertainty estimates,
making it practical and scalable for legacy systems or operational models
where retraining is infeasible. Additionally the interpretability comes
without sacrificing performance. Importantly, these methods enhance
model interpretability without degrading accuracy. In fact, the results
highlight that even average-performing models benefit meaningfully
from the added uncertainty layer, particularly when accuracy alone is
insu$cient to guide decisions.
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Broader Implications for Environmental Modeling

Beyond the specific domain of soil science, the implications of this
research could be extended to other geospatial modeling applications.
The methodological framework laid out here, based on a simple ANN
and classification task, combining ML with probabilistic reasoning,
aligns with broader trends toward interpretable, trustworthy artificial
intelligence in environmental science. Moreover, these findings underline
the ethical and practical importance of quantifying uncertainty in spatial
models. In an era increasingly reliant on automated predictions to inform
land management and policy decisions, acknowledging what we do not
know is as critical as what we claim to know.

6.2 Future Work

Extension to Continuous Soil Properties

So far, our work has focused on classifying soil units. However, in
agriculture and environmental science, stakehoders are often more
interested in continuous soil properties, like how much soil organic
carbon is present, the soil’s acidity, or its cation exchange capacity. These
values are very important for understanding soil health and deciding
how to manage land or grow crops. Future work should extend the UQ
with LLLA to ANNs predicting these continuous values instead of just
classifying categories. To do this, we will need to adjust the ANN, so
that it can handle continuous outputs. The LLLA method we used is
also well-suited for continuous data, so we can still use it without major
changes.

Integration of Real Sampled Soil Data

So far, our models rely on existing soil maps and raster data from o$cial
sources. While this provides a useful starting point, future research
should also include new soil data collected directly from the field. This
would allow us to compare modern DSM methods together with statistical
sampling strategies like conditioned Latin Hypercube Sampling (cLHS)
with conventional soil sampling and mapping techniques. By doing so,
we can better understand the strengths and weaknesses of each approach,
and identify which methods work best in di"erent situations.
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Closed-Loop Feedback Between Model and Field Data

To improve the accuracy and usefulness of soil predictions, future work
should explore a closed-loop feedback system between model outputs
and field data. In this approach, predictions made by the model would
guide where to collect new soil samples in the field. Then, the new data
would be fed back into the model to improve its accuracy. This feedback
loop can help identify areas where the model is uncertain or likely to
be wrong, allowing for smarter, more e$cient sampling. It also helps
the model learn from its mistakes, leading to continuous improvement
over time. By combining field observations and model predictions in an
ongoing cycle, we can create a more adaptive and reliable system for soil
mapping and monitoring.

Benchmarking the LLLA

To better understand the performance and potential of the LLLA, future
work should include a detailed benchmarking study. This involves com-
paring LLLA with other commonly used uncertainty methods in DSM,
such as MC Dropout, Deep Ensembles, and other Bayesian approaches,
using the same tasks and datasets. To carry out such comparisons, well-
curated benchmarking datasets are essential. E"orts like the LimeSoda
project by Schmidinger et al. [)(+] are already underway to provide
suitable datasets for this purpose. By evaluating performance in terms of
accuracy, uncertainty estimation, computation time, and interpretability,
we can assess deeper insights in the strengths and limitations of LLLA
beyond my contributions. Benchmarking will also help determine where
LLLA o"ers practical advantages. These comparisons are crucial for
building confidence in LLLA and for informing its e"ective use in DSM
applications.
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