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ABSTRACT

Few would disagree that artificial intelligence (AI) holds potential for advancing knowledge and innovation. Over the past dec-
ades, substantial research has been devoted to the development and application of AT in soil science. While most of today's AI
applications in soil science are related to machine learning (ML), AI also encompasses other fields such as digital image analysis,
natural language processing (NLP), expert systems, and knowledge representation. This review aims to provide a comprehen-
sive overview of Al in soil science. A definition of AI that equates intelligence with rationality is provided, followed by a typical
classification of AI into the three main domains of sensing and interacting, reasoning and decision-making, and learning and
predicting. From this framework, a taxonomy of AI in soil research is derived and serves as a basis for a literature review. The
major findings are as follows: i) AI in soil science is diverse, with applications in decision support systems, image classification,
prediction with ML and expert systems; ii) Al in soil science is currently almost exclusively characterized by ML; iii) applications
of ML are predominantly found in the field of digital soil mapping and for the development of pedotransfer functions; and iv)
most AT applications are used for prediction purposes. A few notable exceptions stand apart from mainstream applications, par-
ticularly in the realms of NLP, the development of soil cognitive models, and interpretable ML. Based on these findings, I discuss
attention points, such as using AI almost exclusively for prediction at the expense of explanation and the lack of integration of
soil knowledge in algorithmic AI solutions. I envision that future developments could include the use of AI for text recognition of
legacy soil profile data, providing a new source of soil information. Another promising line of research is the language process-
ing of soil texts to build meta-analyses that summarize the growing body of soil science literature. These new applications could
foster substantial new contributions to soil science research.

1 | Introduction support system evaluates semi-quantitatively soil functions in

agricultural lands (Debeljak et al. 2019), c) text-based metadata

Few would disagree that there is much to be learned and gained
from artificial intelligence (AI). Soil science is no exception.
Over the past decades, a considerable amount of research has
been devoted to the development and application of AI to soil
research. Consider the following cases: a) a machine learning
(ML) algorithm is fitted between measured soil data and envi-
ronmental factors of soil formation for predicting soil carbon
stocks in space and time (Heuvelink et al. 2021), b) a decision

are automatically extracted from mining soil-related scientific
publications (Blanchy et al. 2023), d) digital images of soil thin
sections are analyzed by an algorithm detecting mineral and
non-mineral constituents (Aydemir et al. 2004). In each of these
cases, a system is built or trained to achieve a certain goal with
some autonomy—whether this goal be spatial prediction, soil
function assessment, the creation of a meta-analysis, or the au-
tomated detection of soil features.
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Summary

« Intelligence is defined in terms of rationality.

« A taxonomy for artificial intelligence in soil science is
proposed.

« Applications exist in decision support systems, image
classification, prediction with machine learning and
expert systems.

« Applications to soil science are currently fueled by
the field of digital soil mapping and pedotransfer
functions.

« Promising future research lines are discussed.

The development of Al-based technologies has skyrocketed
since the 2010s across all fields of science and industry. The
AT Index, published annually by the AI100 panel of experts
(Nestor et al. 2024), noted a sharp increase in Al research,
with ML publications alone increasing nearly seven-fold
since 2015. This surge is fueled by major private invest-
ments and, consequently, a significant rise in the number of
AT patents. Soil science is no exception, with several reviews
(e.g. Padarian et al. 2020; Grunwald 2022; Chen et al. 2022;
Minasny et al. 2024) highlighting the excitement surrounding
AT applications in soil research.

For many, however, the definition of AI remains unclear.
While some focus on developing AI that models human think-
ing, others view AI as an algorithm designed to achieve opti-
mal results. This distinction is discussed later in this review.
Al is often equated with ML, and indeed, most of today's Al
applications are related to ML. But AT encompasses more than
just ML. According to Nestor et al. (2024), the study of AT also
includes computer vision, pattern recognition, control theory,
and process management, among others. Additionally, Russell
and Norvig (2016) note that AI includes disciplines such as
natural language processing (NLP), robotics, knowledge rep-
resentation, and reasoning. Hereafter, I adopt a definition that
considers AI beyond the mere application and development of
ML algorithms.

The use and widespread application of AI in soil science is not
new. Back in 1979, Holt (1978) foresaw a revolution in soil sci-
ence driven by the three domains of expert systems, pattern
recognition and natural language interfaces. From this early
enthusiasm succeeded great expectations, several applications
in fuzzy logic (e.g. Burrough 1992), decision support systems
(e.g. Skidmore et al. 1991; Zhang and Berndtsson 1991) but the
expected leap in research did not seem to materialize. From the
2010s onwards, AI applications to soil research experienced a
renewed interest fueled by developments in ML, easy-to-use
software resources and, in a number of ways, by the digital
convergence. Digital convergence in soil science was defined
previously by Wadoux and McBratney (2021) as “the conver-
gence of digital data, electronic databases stored in computers,
the internet and new tools to handle and process large amount
of electronic data”. Perusal of the literature (e.g. Canillas and
Salokhe 2002; Behrens et al. 2005; Fajardo et al. 2016; Alvarez
et al. 2011) reveals that AT has been applied to address numerous

questions across different fields of soil science, yet there appears
to be little inter-disciplinary dialogue, with each field operat-
ing in isolation. In that context, one could content that beyond
mere progress in the development of Al in soil science, there is
potential for synergies among the diverse and complementary
applications.

This review aims to explore the integration of AI into soil sci-
ence research and project potential future developments. The
objectives are to: i) characterize the use of AI within soil science,
ii) document its applications across different areas of the field,
and iii) identify key areas of focus, attention points and discuss
opportunities for future research.

2 | Adefinition and taxonomy of Al in soil
research

2.1 | What is artificial intelligence?

The field of AI emerged in the 1950s, and while there might
be earlier works (see, for example, the seminal contribution
of Turing 1950), early explorations in this domain were syn-
chronous to a series of scholarly gatherings between 1955 and
1956 on “Machine Learning”, “Artificial Intelligence” and
“Thought Processes” (Nilsson 2009) and to the proposal by
McCarthy et al. (1955) to explore the capacity of machines to
“use language, form abstractions and concepts, solve kinds of
problems now reserved for humans, and improve themselves”.
The historical trajectory of AI can be divided into two rela-
tively distinct periods. The first period, spanning the 1980s to
the 1990s, was characterized by research and applications in
expert systems, computer vision, fuzzy logic and speech recog-
nition. The second period, from the 2010s onwards, while con-
tinuing to witness developments in the forementioned areas,
is mostly characterized by data analytics, ML and extensive
applications of deep learning in various AI sub-disciplines
(e.g. robotics and speech recognition). The differences be-
tween the two periods are attributed to a change in computing
power, the availability of massive volumes of digital data, the
inter-connectivity of computer systems and the widespread
deployment of sensors and actuators.

The Merriam-Webster Dictionary defines AI as “the capability
of computer systems or algorithms to imitate intelligent human
behaviour” (Merriam-Webster dictionary 2011). This definition
is widely echoed in the scientific literature, where AI systems
are portrayed as intelligent entities capable of emulating the cog-
nitive functions of the human brain. This definition implies two
key points: that the domain of Al is limited to the emulation of
human behaviour, and that the concept of intelligence is clearly
defined and characterized. Even if one could argue in favour of
either point, both remain contentious. Regarding the first point,
it is observed that the majority of AI research and applications
address practical problems posed by the real world, rather than
focusing on the replication of biologically observable behaviours
in humans. This suggests that AI has a broader scope than
merely studying and replicating human behaviour.

The second point presupposes that we have a clear understand-
ing of what intelligence is. Yet, there is no universal definition
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of intelligence that could be applied to humans and machines
alike. As McCarthy (2007) writes, our definition of intelligence
is invariably influenced by our conception of human intelli-
gence, making it difficult to establish a standalone criterion for
intelligence in computational systems. In some instances a com-
puter system may display properties that we equate with human
intelligence, such as memory and the capacity to perform a task
(Legg and Hutter 2007). However, as McShea (2013) argues, no
artificial intelligence system can answer to inquiries about per-
sonal preferences or desires, such as “What would you like to do
this afternoon?”, because no want, preference or care is driven
by a chain of pure logic as encoded in AT systems. It appears that
significant distinctions exist between human intelligence that
include consciousness, behaviour, and concede to emotions, and
the functional capacities of computer systems. This difference
presents a challenge to any direct equivalence one could draw
between the two types of intelligence.

The concept of a universal form of intelligence shared by hu-
mans and machines is vague and debated, but the situation is
not as bad as it may appear. Instead of focusing on intelligence as
a fidelity to human performance and behaviour, some have de-
fined intelligence as the production of rational thought and ac-
tions, that is, making appropriate decisions based on the context
and objectives at hand. Clearly, considering intelligence as ratio-
nality and optimal behaviour in artificial systems diverges from
equating intelligence strictly with human-like performance and
behaviour. This difference is made clear in the seminal book of
Russell and Norvig (2016), which posits that artificially intelli-
gent systems may either mimic human thought and behaviour
or operate based on rationality. The latter definition, which
I advocate for, aligns with an early conceptualization of AI as
“the science of making machines do things that would require
intelligence if done by men” (Minsky 1969), as well as a more
contemporary definition by the European Commission expert
group on Al This recent definition characterizes AI as “systems
that display intelligent behaviour by analyzing their environ-
ment and taking actions—with some degree of autonomy—to
achieve specific goals” (European Commission 2019). Here too,
intelligence equates with rational actions.

Having explained that the notion of intelligence of artificial sys-
tems is linked to rationality, and having provided a definition
of such an AI system, points us to outline sub-disciplines and
techniques that constitute AI and facilitate the construction
of AI systems. These techniques can be classified into three
broad categories (European Commission 2019): reasoning
and decision-making, learning, and robotics, though numer-
ous other classifications exist. Techniques that aim at reason-
ing and decision-making include knowledge representation,
inference with symbolic rules, and optimization algorithms.
Learning is achieved with the popular techniques of machine
and deep learning, while robotics pertains to the interaction of
an Al system with the physical world, extending its capabilities
beyond mere reasoning and learning by engaging with other
systems and perceiving its environment. None of the practices
subsumed under these three broad categories form a coherent
whole, but they do help provide a separation between the hugely
diverse sets of techniques that compose AI. These categories are
widely accepted in the literature (e.g. Russell and Norvig 2016;
Pournader et al. 2021; Doorn 2021).

2.2 | Ataxonomy of Al in soil science

Having defined AI and highlighted the possible separation into
the three broad categories of reasoning and decision-making,
learning, and robotics, the question that arises is how this all
applies to the field of soil science. There is, to date, no classifi-
cation of what constitutes AT in soil science. I therefore propose
a taxonomy designed to encompass all applications and meth-
odologies used in AT soil science research. The process began
with a review of academic literature across the broad field of
AT and its applications to identify existing taxonomies. The
previously described three categories defined by the European
Commission (European Commission 2019) served as a starting
point. The three categories were then refined by expertise and
a comprehensive literature search using a wide range of key-
words. A soil science-specific taxonomy was formulated. Input
was solicited from three experts with diverse backgrounds in AI
and soil science to refine and enhance the proposed taxonomy
through discussion. The resulting taxonomy presented hereafter
reflects a synthesis of these discussions, though it is not with-
out limitations and areas of overlap. It shares similarities and
overlaps with other established AI taxonomies (e.g. Kotu and
Deshpande 2018; European Commission 2019) and taxonomies
specific to applied Al in other fields of science (e.g. optical net-
works (Mata et al. 2018), supply chain management (Pournader
et al. 2021) and water science (Doorn 2021)).

The resulting taxonomy of AI in soil science is shown in
Figure 1. It illustrates three levels: i) the core domains of Al ii)
their applications, and iii) example techniques and methods. All
levels have had at least one application in soil research, but tech-
niques often overlap significantly. Explainable AI, for example,
is composed of a broad range of methods that generate expla-
nations from fitted ML algorithms. The first domain, headed
Sensing and interacting, encompasses NLP, image analysis, com-
puter vision, and robotics. The second domain, Reasoning and
decision-making, involves knowledge representation, symbolic
rule inference, expert systems, and search/optimization tech-
niques. The third domain, Learning and predicting, includes a
variety of data-driven techniques, such as neural networks and
random forest. The next subsections provide more explanation
of these three domains. This taxonomy is also the basis for the
literature search conducted in Section 2.3.

2.2.1 | Reasoning and decision-making

The domain of reasoning and decision-making
relates to algorithms and programs that emulate
the reasoning (i.e. formalization and structuring) of
experts to solve well-defined problems. It involves the
steps of knowledge representation and inference with
symbolic rules and numbers, and a search through
various sets of possible solutions.

Expert systems or knowledge-based systems are programs
that contain organized knowledge which can be used to em-
ulate the behaviour of experts solving a problem. Expert sys-
tems were a major area of research in AI for soil science in
the 1980s. McCracken and Cate (1986) characterized expert
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FIGURE1 | A proposed taxonomy of Al in soil science. It has three layers composed of domains (three circles), applications (ellipses) and exam-

ple techniques (outer layer). The techniques are presented for illustration purposes but usually overlap and complement each other. For example,

Explainable Al typically requires prior learning, often using a machine learning algorithm.

systems as the computerized judgment and practical expe-
rience of experts. Expert systems and related techniques of
knowledge engineering, inference engines, and decision sup-
port systems were used extensively for agronomic decision
making (Smaling and Fresco 1993) and soil classification (Dale
et al. 1989; Galbraith et al. 1998; Galbraith and Bryant 1998)
in the 1980s, with recent, new applications and development
for soil functions and soil quality assessment (e.g. Debeljak
et al. 2019).

Cognitive science and knowledge representation are closely
linked in their applications in soil science. The knowledge base
for expert systems is composed of heuristic and formal knowl-
edge. The knowledge representation is the interface between the
expert's system of reasoning and the symbolic rules contained
in expert systems. It makes use of an ontology and conceptual
graphs. The role of cognitive science, in parallel, is to discover
and describe the mental processes by which experts encode
and organize their observations (McCracken and Cate 1986).
Cognitive science and knowledge representation support the
development of expert systems in cases where the formalization
of knowledge is feasible.

2.2.2 | Learning and predicting

The domain of learning and predicting represents
algorithms and groups of techniques that can solve
problems that cannot be easily formalized with rules,

by learning patterns from data and solving problems
with examples of input-output relationships to
generalize and predict.

Machine learning is a branch of artificial intelligence that fo-
cuses on the development of algorithms and statistical models
that enable computers to perform specific tasks using patterns
found in training data. It is currently the most popular domain
of AT in soil science (Padarian et al. 2020). ML for soil sci-
ence can be separated into supervised and unsupervised algo-
rithms. In supervised ML, the algorithms are fitted on labeled
data and predict outcomes for new, unseen data based on the
calibrated relationships. Common supervised algorithms are
neural networks and random forest. For example, de Oliveira
et al. (2021) fitted four supervised ML algorithms to predict
the spatio-temporal variation of soil moisture in tropical for-
ests in Brazil, while Minasny et al. (2021) developed a neural
networks model to estimate soil water retention and hydrau-
lic conductivity curves. Popular fields in supervised ML are
deep learning and ensemble modelling. Deep learning uses
neural networks with many layers to analyze various levels of
abstraction in the original data, whereas ensemble modelling
combines multiple ML models to improve predictions, using
techniques such as boosting, bagging, model stacking, or av-
eraging. Brungard et al. (2021), for instance, used an ensemble
of random forest models fitted with various regional subsets of
the data for soil depth class prediction in the upper Colorado
River Basin in the Western United States. The second set
of algorithms involve unsupervised ML which, conversely,

4 of 22

European Journal of Soil Science, 2025

85U8017 SUOWIWIOD BA 11810 3|l [dde ay) Aq pausenob ae ssppile VO ‘85N JO Sa|n. 1oy AkeldTauljuQ AB|1M UO (SUONIPUOD-pUe-SWe)LI00 A 1M Aled 1 jouluo//Sdny) SUORIpUOD pue swie | ay) 88s *[9202/60/0€] Uo Areiqiauliuo AB|IM ‘AISIBAIUN 00D Ssuwer A 0800L'SS/TTTT OT/I0p/W00 A3 IM Alelq 1l UO'S eUINOSSq//:Sany WOy papeojumoq ‘Z ‘5202 ‘685259ET



identifies patterns and structures directly from data, such as
with clustering and association algorithms. An example is De
Bruin and Stein (1998) where fuzzy c-means is employed for
clustering soil-landscape attributes in a small drainage basin
in southern Spain.

Pattern recognition and data mining have methodologies that
are similar to those used in ML. Pattern recognition involves
the identification and classification of patterns in the data. This
field overlaps with supervised ML, where models are trained on
labeled data to recognize these patterns, but pattern recognition
specifically focuses on identification and the definition of new
classes. For example, Saadatpour et al. (2011) used pattern rec-
ognition to classify and rank the soil erosion potential in several
catchments of Ethiopia.

Data mining, conversely, is concerned with the extraction
of insights from large datasets by discovering patterns and
correlations, using techniques from ML (including unsuper-
vised learning) and outside of AI with statistical and database
system management. It is therefore not limited to predictive
modelling and includes descriptive and exploratory analysis to
understand the properties and relationships within the data.
Examples in soil science are Behrens and Scholten (2006) and
Bui et al. (2006).

2.2.3 | Sensing and interacting

The domain of sensing and interacting contains
a set of applications that link AI with the physical
world, including human-AI interfaces and vision/
sensing based methods that enable an algorithm to
process and interpret images and signals.

Robotics has advanced within the fields of agronomy and
soil analyses. It performs tasks such as soil sampling (Sikora
et al. 2011), monitoring and automated soil analyses (Igbal
et al. 2020; Kiti¢ et al. 2022), dealing with the dynamics of the
physical world and interacting with it using methods of path
planning, computer vision and sensing, and control systems.
Robots can be considered AI systems, but they interact with
many disciplines other than soil science and AI (e.g. mechanical
engineering, control theory, optics).

Sensing in soil science is also characterized by proximal and
remote soil sensors that relate a signal to soil properties and
characteristics using a model. This overlaps with the field of
ML because most models are highly empirical, relying on al-
gorithmic tools to analyze the sensor data, to identify patterns
and make predictions. Example studies are Ng et al. (2020) and
Baumann et al. (2022).

Computer vision and image processing are two closely related
applications that make use of image filtering and enhancement,
segmentation, and feature extraction. Although the difference is
not always clearly made, image processing focuses on the identi-
fication and extraction of features from digital images, whereas
computer vision uses image analysis to perform a task. An ex-
ample of image processing is Bogrekci and Godwin (2007), in

which a framework was developed to understand the size distri-
bution of clod and aggregate sizes from digital images. In Abeje
et al. (2024), a computer vision pipeline is developed to classify
soil types, with the aim of searching future targets for further
image processing.

NLP aims to make computers understand, interpret, and generate
human language. It involves text generation, word embedding,
and text mining from a corpus of documents to answer user que-
ries. NLP has been used to generate a language model specific to
soil science with word embedding (Padarian and Fuentes 2019)
and to perform a semi-automated extraction of drivers corre-
sponding to different soil management practices or amendments
from a large number of published studies (Blanchy et al. 2023).

Explainable AI are methods to understand the predictions
made by complex algorithms. They are used in various appli-
cations such as to understand the important contributors to
soil organic carbon (SOC) stocks (Wadoux et al. 2023) or soil
fertility (Chandra et al. 2023) prediction. These methods are
classified into the domain of sensing and interacting because
they are a human-AI interface that reports the explanation
in a way humans can understand. They are most often based
in the domain of ML. For example, Beucher et al. (2022) used
an explainable AI method called Shapley values to understand
how a complex deep learning model performed an acid sulfate
soil classification.

2.3 | Literature review and classification

Using the taxonomy illustrated in Figure 1, I applied a system-
atic review methodology to make an inventory of AI applica-
tions in soil science. The search was performed on the Web of
Science (WoS) Core Collection database on April 28th, 2024
using the strings “soil*” or “pedolog*” in the title and with at
least one of the following keywords: “Artificial intelligence”,
“Expert System”, “Knowledge Representation”, “Decision sup-
port system”, “Machine learning”, “Data mining”, “Pattern
recognition”,  “Evolutionary computation”, “Robotics”,
“Image processing”, “Machine vision”, “Computer vision”,
“Human-Al interaction”, “Natural language processing”,
“NLP”, “Explainable AI”. I adopted a trial and error approach
in which several lists of keywords were tested. This final list
of keywords was obtained to provide sufficient coverage of the
field without introducing too many irrelevant articles. While
I acknowledge that the inventory obtained by this list of key-
words is not exhaustive, it was deemed sufficient to capture
the diversity of AI research in soil science. The search yielded
8607 records which were refined for articles only, published in
English and in the categories Soil Science and Environmental
Sciences and “Topic Meso” for soil science. The term “Topic
Meso” refers to a specific category within the WoS classifi-
cation system, which organizes over 300 available categories
group of papers that are related to each other through citations.

This reduced the total number to 1392 articles, which were fur-
ther screened to remove studies that had no direct link to soil
science. After applying all the exclusion criteria, there were 1212
remaining articles used as a basis for the abstract analysis and
literature review.
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FIGURE2 | Research themes related to Al in soil science. The circles indicate the theme while the size of the circle signifies the relative number

of articles within this theme. The location of the theme relates to its type (i.e. niche, motor, emerging or declining and basic). The colour indicates the

domain of the taxonomy to which they were assigned.

To classify the 1212 articles into research themes, I performed a
thematic mapping using a co-occurrence keyword network and
plotted them in a two-dimensional plot. The approach consisted
of several steps (Cobo et al. 2011). First, the full record of 1212
articles was exported from the WoS database (i.e. title, abstract,
keywords, authors, etc.). The second step consisted of extract-
ing the co-occurrence frequency of groups of keywords. The co-
occurrence was obtained by counting the number of documents
in which groups of keywords appeared together. The similarity
between documents was then calculated from the information
extracted in the previous step. Hereafter, I used the equiva-
lence index. It equals unity when the keywords always appear
together and is zero when they are never associated. Finally,
subgroups of keywords were clustered using the simple centers
algorithm and referred to as themes hereafter. Two statistics,
namely the Callon centrality and density (Callon et al. 1991),
were calculated from the themes. The themes were plotted on
a two-dimensional diagram with centrality on the x-axis and
density on the y-axis. The location of a theme in the diagram
informs on the type of themes, classified in the quadrant into
niche themes (i.e. well developed but marginal themes, upper
left), motor themes (well developed and central research fields,
upper right), emerging or declining themes (i.e. not well devel-
oped and currently marginal in the field, bottom left) and basic
themes that are transversal and general (i.e. themes that are
important for a research field but not currently well developed,

bottom right). Further information is found in Cahlik (2000)
and Cobo et al. (2011).

The resulting themes plotted in the diagram with four quadrants
are shown in Figure 2. I found nine main themes across the 1212
articles. The colour represents the domain to which the theme
relates most. The domain of reasoning and decision-making
contains the decision support systems and expert systems. The
themes digital mapping of soil classes, evaluation of ML algo-
rithms, pedotransfer functions, and digital soil mapping are part
of the domain of learning and predicting. Finally, three themes re-
late to sensing and interacting (i.e. digital image processing, prox-
imal soil sensing and remote soil sensing). There is a dominance
of motor themes (e.g. proximal soil sensing) and three emerging
or declining themes, and only one (i.e. remote soil sensing) clas-
sified as a basic theme. No theme appeared to be a niche theme.

3 | Reasoning and decision-making

3.1 | Theme 1: Soil decision support systems

The dominating applications in this theme appear to be the
development and application of decision support systems

applied to the evaluation of soil management practices, ero-
sion potential of soils and to quantify soil functions and soil
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quality. A decision support system (DSS) is a computer-based
information system supporting decision-making activities of
unstructured and semi-structured problems through data,
models or analytical tools and user-friendly interfaces (Booty
et al. 2001; Power 2007).

In one early work included in this theme, Van Alphen and
Stoorvogel (2000) developed two components of a soil DSS to
include soil variation in precision agriculture for Dutch arable
lands: the building of a farm-scale soil database and the delinea-
tion of field-scale functional units which serve as basic manage-
ment units for fertilizer or irrigation recommendations. Here, the
DSS is based on unit-specific mechanistic simulations. This was
different in Kerebel et al. (2013) where an agro-meteorological
water balance model was used in a DSS to estimate the risk of
organic fertilizer pollution in relation to the soil water status. In
Kaur et al. (2007), a user-friendly mechanistic field-scale DSS
was proposed to suggest crop rotation and water management
plans in salt-affected soils. Schwenke et al. (2019) found in a
survey that simpler DSSs (e.g. spreadsheet from trial data) were
preferred by farmers over complex models including process
knowledge in a case study on nitrogen fertilizer recommenda-
tions by crop advisors in Australia. In this theme, studies on soil
management recommendations with DSS span from 1997 to the
present day.

Another active line of research in this theme is the develop-
ment of DSS for soil conservation and erosion mitigation. In
Montas and Madramootoo (1992), a DSS is developed for an
agricultural watershed in Quebec from the combination of a
geographic information system, a distributed erosion model,
and an expert system. The system takes individual cells of the
erosion model and returns through an interface soil conser-
vation strategies for specific land use, soil type, and existing
management practices. A wide range of similar DSSs have
been developed for soil erosion mitigation with soil manage-
ment, making use of geographic databases and expert sys-
tems. Most of these were developed for a specific geographic
context, such as the Mediterranean region (e.g. De la Rosa
et al. 2004; Anaya-Romero et al. 2015) or the semi-arid and
humid regions of India (e.g. Agnihotri et al. 2021).

While there are many example applications of DSS reported in
this theme, for example for soil protection (Sarangi et al. 2004)
and precision agricultural management (Young et al. 2021),
many studies have recently applied DSS for the evaluation of
soil functions at field scale. The most common approach was
described in Debeljak et al. (2019) where the DSS is composed
of data, a knowledge base relying on expertise, a model, and a
user interface. The core of the DSS is the model which returns
a prediction given decision choices and input variables. Several
studies used a model that takes the form of a hierarchical deci-
sion tree from the field of multi-criteria decision analysis. An
example structure for the climate regulation function is given
in Figure 3. Sandén et al. (2019), Van Leeuwen et al. (2019),
Schrioder et al. (2016), Trajanov et al. (2019), Van de Broek
et al. (2019) and Wall et al. (2020) are relevant applications for
the primary productivity, habitat for biodiversity, nutrient cy-
cling, climate regulation and water regulation functions, re-
spectively, and Bohanec et al. (2007) for evaluating the effect of
cropping systems on soil quality.

3.2 | Theme 2: Expert system for soil classification

Expert systems were classified as a niche research theme.
Expert systems were considered in the 1990s as one of the most
important realizations of AI (Fisher 1989). An expert system
is an inference engine coupled with a knowledge base. It pro-
vides an outcome from predetermined condition-action rules.
Expert systems and the cognitive theory to build a knowledge
base in soil science were extensively discussed in McCracken
and Cate (1986) and Dale et al. (1989) with application in soil
classification. Dale et al. (1989), for example, argued that the
elements of expert systems correspond to the class definition
and class assignment phases of soil classification. Most appli-
cations to soil classification in this theme relate to the assign-
ment of an observation to a pre-defined class. Examples are
MacMillan et al. (2005), in which soils are assigned to land-
form position based on a soil landscape database, likelihood
tables and a rule-base, or Galbraith et al. (1998), where an
object-oriented expert system was developed based on decision
rules to identify the Histosol, Spodosol, Andisol, and Oxisol
orders. Despite few developments, notably with fuzzy logic
(McBratney and Odeh 1997), expert systems for soil classifica-
tion have not had any major progress in the last two decades.

4 | Learning and predicting
4.1 | Theme 1: Digital mapping of soil classes

The main themes in this theme are the development and appli-
cation of ML algorithms for mapping soil classes and the disag-
gregation of polygon-based soil type maps. Early studies in this
theme are Cialella et al. (1997) and Bui et al. (1999), in which
classification trees were used to predict soil drainage classes and
soil map units, respectively, using the relationship between co-
variates and a sample taken within the class. A typical example
of a study in this theme is Behrens et al. (2005), where soil units
are predicted in a regional area of Western Germany using ar-
tificial neural networks and a large set of terrain, geologic and
land use attributes. In recent years, the field has matured with
methodological developments (e.g. probabilistic prediction or
the accounting of taxonomic distance between classes, Odgers
et al. 2015; Minasny and McBratney 2007) and the application
of various ML algorithms to case studies (e.g. Heung et al. 2016;
Brungard et al. 2015).

Another stream of research in this theme is the updating of
conventional soil maps using ML and data-driven AI methods.
This theme contains studies on the disaggregation of existing
soil map units to increase their resolution, the updating of ex-
isting maps with new data and the harmonization of several
conventional soil maps using ML methods. A popular algorithm
for soil map disaggregation with decision trees was developed
in Odgers et al. (2014). The algorithm works by selecting a set
of sampling points randomly within soil map units, and by
fitting a model between the points and a set of environmen-
tal covariates. A decision tree is used to generate realizations
of the soil type from which a probability of occurrence is ob-
tained. Chaney et al. (2016) used this method to disaggregate the
soil map of the contiguous United States of America, whereas
Vincent et al. (2018) combined this approach with expert-based
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soil-landscape rules to disaggregate a soil map in a regional area
of Brittany, France. Various methodological developments are
also reported in this theme to support the application of ML
algorithms to various study cases, one of which is the alloca-
tion of sampling points correcting for the unbalanced class size
(e.g. Sharififar et al. 2019; Liu et al. 2020).

4.2 | Theme 2: Evaluation of machine learning
algorithms

Within this theme, most research papers referred to the com-
parison and evaluation of ML algorithms applied to a specific
purpose. The articles in this theme partly overlap with other
themes but appeared as a separate theme because of their spe-
cific focus on algorithm comparison. Many articles in this theme
focus on the predictive accuracy of algorithms for soil mapping

and sensing purposes. For example, Xu et al. (2022) compared
four ML algorithms for soil iron content mapping on intact soil
profiles with hyperspectral imaging. Comparison was made
with two validation statistics, and the results were compared to
that of a conventional linear model. The study concluded that a
support vector machine was suitable for soil iron content pre-
diction at profile scale, both for its high predictive accuracy and
its low computational cost. Another example study is Zhang
et al. (2020), which compared five ML algorithms for mapping
classes or continuous values of soil texture in a regional case
study in China. They concluded that the random forest algo-
rithm was better than other algorithms for both classification
and prediction purposes, but that XGboost was more efficient
computationally. This theme contains many studies that per-
formed a similar comparison between algorithms for a large
range of applications, such as soil erosion susceptibility mapping
(e.g. Chakrabortty and Pal 2023), prediction of soil properties
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from visible and near-infrared spectra (e.g. Gruszczynski and
Gruszczyniski 2022) or soil salinity estimation with field spec-
troscopy (e.g. Wang et al. 2019). The studies show that there
appears to be no clear conclusion on the relative merit of the
various algorithms in different situations. This conclusion was
supported in Khaledian and Miller (2020), in which various ML
algorithms were compared on the basis of five factors for soil
mapping purposes. It was concluded that the appropriate ML
algorithm depends on the nature of the data and purpose of the
mapping activity.

4.3 | Theme 3: Pedotransfer functions

The main theme in this theme is the development of pedotrans-
fer functions (PTF) with ML algorithms. In most studies, the use
of Al was typically described as a means to obtain accurate pre-
dictions. Pachepsky and Rawls (2004) describe two methods for
obtaining a PTF, either with linear or non-linear statistical re-
gression or with data mining and algorithmic tools. Within the
latter set of methods, artificial neural networks have been pop-
ular since the 1980s for their ability to find complex non-linear
relationships between the PTF input and output (e.g. Haghverdi
etal.2012). Several studies found that neural networks performed
well for prediction purposes (e.g. Minasny and McBratney 2002)
and better than linear statistical regression models (e.g. Tamari
et al. 1996; Schaap et al. 1998), although Pachepsky and
Schaap (2004) found that ML performed similarly in terms of ac-
curacy when comparing neural networks with regression trees.
A typical study in this theme is Koekkoek and Booltink (1999)
where three types of neural networks were fitted with different
sets of input properties to predict soil water retention character-
istics for Dutch and Scottish soil horizons. The authors obtained
satisfactory results but concluded that the validation statistics
were not significantly higher than those of previous studies that
used linear statistical regression models. Another, more recent
study, is that of Li et al. (2024) where an ensemble modelling
approach composed of several ML algorithms is used to predict
soil hydraulic properties. Historically, a lot has been done on de-
veloping PTFs for estimating soil hydraulic properties; see, for
example, the reviews by Vereecken et al. (2010) and the compari-
sons amongst PTFs in Wang et al. (2022). Nemes et al. (2005) and
Bagnall et al. (2022) presented PTF studies that went beyond the
development of PTFs and attempted to explore relationships be-
tween selected soil inputs (e.g. organic carbon content) and the
estimated soil hydraulic properties of interest. The complexity
and multi-dimensionality of such relationships warrant that AI
tools may further assist similar studies in the future.

The studies show that many different AT methods were used
for fitting PTFs, such as nearest neighbour, support vector ma-
chines, decision trees, random forest, and boosted regression
trees (Nemes et al. 2006; Jorda et al. 2015; Van Looy et al. 2017;
da Silva et al. 2023). Twarakavi et al. (2009) introduced support
vector machines for predicting soil hydraulic properties using
texture, bulk density, and retention points, and found improve-
ments compared to PTF developed with neural networks. A sim-
ilar exercise was made in Akpa et al. (2016) with random forest,
a tree-based ensemble ML algorithm, to predict bulk density
and cation exchange capacity with a set of basic properties and
environmental covariates at various depth intervals. Overall,

the study found that a PTF made with random forest outper-
formed the ones made with linear models. A review by Van Looy
et al. (2017) provides a broad overview of PTFs-estimated soil
properties along with useful ML-based models (e.g. support vec-
tor machines) and evaluation criteria of the PTFs.

4.4 | Theme 4: Digital soil mapping

The theme here is the application of ML to the mapping of con-
tinuous soil properties. This theme is the largest of this review
and overlaps with the theme on the evaluation of ML algorithms
discussed above, but the studies discussed in this section have
as a main objective the creation of a digital soil map with data-
driven methods, which is not the case for the other category that
has as its main objective the comparison of algorithms. A typical
example study of this theme is Baltensweiler et al. (2021), where
three ML algorithms, geostatistics and model averaging were
used to predict seven chemical and physical soil properties at
various depth intervals in Swiss forested areas. The predictions
were validated with usual statistics and indicated that random
forest had better prediction performance than other models for
most soil properties and depth intervals.

Most studies of this theme follow the digital soil mapping (DSM)
conceptual framework proposed in McBratney et al. (2003), in
which room for using data mining and ML algorithms in DSM
is made in the empirical quantitative function that links the
soil property to the factors of soil formation (for an example
of DSM, see Figure 4). Other studies in this theme using this
approach are Malone et al. (2020), Lacoste et al. (2014) and
Poggio et al. (2021), for example. The large number of studies
has logically led to several review papers documenting the ap-
plication of ML in DSM of continuous properties. Minasny and
McBratney (2016) reviewed the development of DSM and noted
that advances in DSM were concomitant with the development
of data mining and ML algorithms. A review of ML for DSM
was done specifically in Wadoux et al. (2020a) whereas more
specific reviews on DSM were done in Minasny et al. (2019) for
peatlands, Minasny et al. (2013) for soil carbon mapping and
Piikki et al. (2021) for the statistical validation of quantitative
soil maps. In each of the cases, AI methods for prediction pur-
poses were described extensively.

A review by Wadoux et al. (2020a) highlighted several chal-
lenges related to the use of ML in DSM. These challenges are
about sampling designs, accounting of spatial information,
multivariate mapping, quantification of uncertainty, statistical
validation of models, integration of pedological knowledge and,
finally, model interpretation. Many studies in recent years focus
on one or several of these challenges (e.g. van der Westhuizen
et al. 2023; Dasgupta et al. 2023; Fantappié et al. 2023).

5 | Sensing and interacting
5.1 | Theme 2: Digital image processing
Within the set of articles found in the domain of sensing and

interacting, a small number referred explicitly or implicitly to
the use of ML in combination with imaging methods for the
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FIGURE 4 | Example maps of SOC stocks predicted with quantile regression forest, a tree-based ML algorithm. The map on the left shows the
0.05 quantiles, the map in the center shows the 0.50 quantiles and the map on the right shows the 0.95 quantiles of the predicted SOC stocks for the
0-30cm depth interval in Argentina for the year 2017. With permission from Heuvelink et al. (2021).

non-destructive characterization of the architecture of soil sam-
ples. Most articles in this category focus on pattern analysis and
classification of images obtained with imaging equipment such
as nanoscale secondary ion mass spectroscopy (NanoSIMS),
X-ray computed tomography (CT) or nuclear magnetic resonance
(NMR). A CT image of a soil sample, for example, is composed of
a series of grey level values associated with the individual vox-
els. The grey scale is transformed into binary black and white
using a threshold to segment the image into pores and solids.
Techniques from ML and deep learning have been adopted
for this purpose; for example, in Han et al. (2019), Lavrukhin
et al. (2021), Han et al. (2021) and Ferreira et al. (2022). A rep-
resentative example of such analysis is Lavrukhin et al. (2021),
where 3D samples are sliced into individual images, split be-
tween calibration and validation folds, and fed into neural net-
work models that classify each pixel/voxel into a pore phase (see
Figure 5).

The use of ML and deep learning has occasionally been used
in X-ray CT image processing for purposes other than soil pore
space detection. Many of the articles published in this theme
were reviewed in Hou et al. (2022) and Ghosh et al. (2023).
Some of the soil features estimated with deep learning and
X-ray CT are root distribution (Douarre et al. 2018; Smith
et al. 2020). In a review, Hou et al. (2022) described deep
learning algorithms as one of the four main root segmenta-
tion algorithms for soils, which could be applied to examine
a range of soil features, such as soil-root interaction, root sys-
tem architecture, soil micro-organism behaviour, earthworm
burrows, and stones (e.g. Wieland et al. 2021). Specific tech-
niques employed are surrogate learning (Wieland et al. 2021),
convolutional deep network with transfer learning (Douarre
et al. 2018) and multi-resolution encoder-decoder networks
(Soltaninejad et al. 2020). These are all variants of artificial

neural networks. As an alternative, Schweizer et al. (2018)
studied the microspatial arrangement of SOM coatings on soil
microaggregate using an image processing procedure based on
a multichannel machine-learning segmentation and nanoscale
secondary ion mass spectrometry (NanoSIMS) data. Similarly,
Steffens et al. (2017) used NanoSIMS to investigate secondary
ion characteristics in intact soil aggregates with a supervised
classification.

5.2 | Theme 2: Proximal soil sensing

The main theme here is the application of ML and deep learn-
ing to the processing of proximal soil sensing data. Proximal
soil sensing is defined as the measurement of soil features
with a sensor at a distance no greater than 2m or within the
soil body. Development in this area was fueled by the digital
convergence (Wadoux and McBratney 2021) coupled with the
availability of new sensors providing abundant and cheap data,
which served as a basis for the deployment of ML and deep
learning models. Viscarra Rossel et al. (2011) reviewed exist-
ing proximal soil sensors (e.g. y-rays, X-rays, micro- and radio-
waves, seismic, radar), but progress in these areas was largely
driven by the application of ML to the analysis and interpreta-
tion of visible, near and mid-infrared digital soil spectra. A typ-
ical study in this theme is Viscarra Rossel and Behrens (2010),
where several ML algorithms were compared for the prediction
of organic carbon, clay content and pH from diffuse reflectance
spectra of soils. They showed how a small number of wave-
lengths selected by the model related to molecular vibration
of organic and mineral groups. Many similar studies used AI
techniques to process infrared spectra and obtain information
from the high-dimensional and correlated spectral dataset.
Nawar and Mouazen (2022) used four different ML algorithms
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FIGURE 5 | Example greyscale images of soil samples obtained with X-ray CT (left hand-side images) and binary classification into black and

white areas with convolutional neural networks (right hand-side images) along with areas of false negative and false positive predictions of each pixel

into a pore phase. With permission from Lavrukhin et al. (2021).

combined into a single meta-model for predicting several soil
properties. The results were compared to those obtained with
an artificial neural network model. This theme of studies sug-
gests that possibly all ML algorithms were tested for similar
purposes (e.g. Ng et al. 2020; Xu et al. 2022; Gruszczynski
and Gruszczynski 2022), although recent studies show an

interest in using deep learning (e.g. Padarian et al. 2019b; Shen
and Viscarra Rossel 2021), and a focus on solving particular
issues pertaining to the use of large soil datasets (e.g. the lo-
calization of spectroscopic models through transfer learning
(Shen et al. 2022), or the interpretation of complex models
(Wadoux 2023; Viscarra Rossel et al. 2022)).
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In the same fashion, several studies in this theme applied ML
and deep learning algorithms to the analysis of other proximal
soil sensor data. Priori et al. (2014), for example, tested two ML
algorithms for the prediction of soil texture with y-radiometric
data in vineyard fields in Italy. Biney et al. (2022) tested porta-
ble X-ray fluorescence for the quantification of arsenic level in
a field in Czech Republic. They tested various ML algorithms
and an ensemble model and found that the combination of an
ensemble model, portable XRF data obtained in the lab coupled
with field spectroscopy data predicted arsenic level accurately.
Similar research lines are found in Ji et al. (2019) for the fu-
sion of y-rays, electrical conductivity, visible and near infrared
spectra, whereas in Romero-Ruiz et al. (2024) electromagnetic
induction data were combined with supervised clustering to de-
lineate compaction fields.

5.3 | Theme 3: Remote soil sensing

Articles categorized in this theme typically combine remotely
sensed data with ML or deep learning algorithms to assess soil
properties or use remotely sensed data as a source of second-
ary information in DSM. With no specific focus on the use of
AI, Mulder et al. (2011) reviewed these two themes and listed
soil properties that can be sensed by airborne and spaceborne
spectroscopy. The publications in this theme mirror the list of
properties from Mulder et al. (2011) and the sensors available.
A representative study of this theme is Pasolli et al. (2014),
where soil moisture was obtained from synthetic aperture radar
(SAR) images in a mountain area in Northern Italy. The soil
moisture retrieval algorithm comprised a support vector re-
gression model and the use of covariates (e.g. a digital elevation
model) calibrated with field measurements. The fitted model
was used in combination with pre-processed SAR images in an
operational estimation phase for soil moisture monitoring over
time. The list of publications in this theme reveals a large list of
properties that were estimated with remote sensing imagery of
bare soil coupled with ML, such as soil texture, CEC, and SOC
(e.g. Chang and Islam 2000), salinity (e.g. Wang et al. 2020)
and soil nutrients (e.g. Zhang et al. 2023). Common ML algo-
rithms used for this purpose are neural networks (e.g. Chang
and Islam 2000), random forest (e.g. Rezaei et al. 2023) and deep
learning (e.g. Odebiri et al. 2021). A review of the use of ML
to estimate soil properties with remote sensing is provided in
Diaz-Gonzalez et al. (2022).

The review showed a large proportion of studies in which re-
mote sensing is a source of information for DSM. This category
partly overlaps with Theme 4 of learning and predicting, but
because of its specific focus on remote sensing, it serves a dif-
ferent purpose. The use of remote sensing for direct estimation
of soil properties is usually hampered by vegetation cover. This
renders an incomplete coverage of the property over an area of
interest, and only for the surface soil layer. To solve this, remote
sensing is combined with soil sampled data and environmental
covariates through a soil inference system or transfer function.
Al is used here to build such a system or function. Examples
are Lacoste et al. (2011), de Sousa Mendes et al. (2022) and Bao
et al. (2024). In these examples, remote sensing is used directly
as a covariate or indirectly through the calculation of indices
(e.g. the normalized difference vegetation index).

6 | Discussion
6.1 | The use of Al in soil science

The literature review showed that AI found its early applica-
tion in soil science through expert systems and decision sup-
port systems (e.g. McCracken and Cate 1986; Van Alphen and
Stoorvogel 2000), which involved the programming and emula-
tion of expert reasoning. Yet, the field appeared to stagnate post-
1990s, a period that coincided with the so-called “AI winter”: a
period of reduced funding and interest in AI research, typically
due to unmet expectations and the perceived limitations of Al
technologies. The literature review also showed an accelera-
tion in the number of AI applications in soil science since the
2000s with a marked acceleration in the 2010s. This resurgence
is largely attributed to the advancements and widespread adop-
tion of ML and deep learning techniques. There are numerous
instances where these algorithms have been employed for pre-
dictive purposes, such as the spatial prediction of soil classes
(Heung et al. 2016), analyzing the architecture of soil samples
(e.g. Lavrukhin et al. 2021), making accurate pedotransfer func-
tions (e.g. Li et al. 2024), and determining soil properties from
both proximal and remote sensing data (e.g. Ng et al. 2020).
While differing in scope, they share the common objective to
use algorithms for prediction purposes. A notable distinction
between contemporary applications and those of the 1980s is
the sheer volume of digital data now available. This abundance,
driven by the digital convergence, offers a vast and diverse data-
set that is ideally suited for training ML and deep learning mod-
els (Wadoux and McBratney 2021). A few notable exceptions
stand apart from the mainstream applications, particularly in
the realms of NLP, the development of soil cognitive models,
and the field of interpretable ML. While these areas have seen
some scholarly attention, the volume of research has not been
sufficient to form a theme within the broader body of studies
previously discussed. These themes present promising avenues
for future soil research and will be discussed hereafter.

6.2 | Attention points

While the literature review showed that AI has been applied to
a wide range of study cases, I identified five main risks, limita-
tions, or attention points that pertain to the current use of Al in
soil research.

« Predicting and explaining. Recent studies focus on AI al-
most exclusively for prediction purposes, such as for gen-
erating accurate digital soil maps, pedotransfer functions,
or spectroscopic model predictions. This is very different
from the “first wave” of AI research in soil science, where
prediction accuracy was not the primary objective. The
main goals in data analysis are usually twofold: to make
predictions and to extract information (Breiman 2001).
The current trend in AI applications within soil science,
however, indicates a rise in modelling complexity, which
pairs with the increasing size, abundance, and complexity
of soil datasets. While highly sophisticated AI algorithms
are advantageous for making predictions, the increased
complexity in modelling poses challenges for soil scientists
because it becomes increasingly difficult to explain the
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rationale behind the predictions and to formulate an expla-
nation from the link between predictor and response soil
variables (Wadoux et al. 2021b, Section 5). Several studies
(e.g. Wadoux et al. 2020b; McBride 2022) have stressed that
with complex ML models it is possible to obtain accurate
predictions, with the possibility that the correlations found
amongst the data do not link to any causal relationship.

Accounting for soil knowledge. There is a need to better in-
tegrate existing soil knowledge into AI soil models. Current
Almodels, driven by ML and deep learning algorithms, aim
to establish a function that links inputs to outputs. The form
of this function, however, is not constrained by any physical
principle or existing process knowledge. It is instead purely
driven by criteria that assess the quality of the fit. Questions
can be raised on the validity of such output. For instance,
is the AI model accurately predicting carbon change over
time for the right reasons, that is, because certain dynamic
covariates can inform on carbon addition over time. This
is likely due to the fact that we rarely have enough soil
samples to fully capture the high variability of the soil ob-
ject being studied. In other words, truly large datasets are
missing, preventing AI from accounting for this variabil-
ity. AI models often lack a foundation on existing knowl-
edge, but incorporating constraints and soil knowledge
into these models is a challenging task. This issue has been
highlighted in numerous studies (e.g. Angelini et al. 2016;
Nussbaum et al. 2018) and identified as a significant
challenge in pedometrics research (Wadoux et al. 2021a,
Challenge 6). As the authors note, there is currently lim-
ited research on integrating various types of soil knowledge
(e.g. tacit, conceptual) into the highly empirical ML models
for soil. Although some work is being done in this direction
(e.g. Koop et al. 2023), this review underscores the necessity
of guiding ML models towards directions where their inter-
nal functions are mechanistically sound. Without this, the
validity of conclusions drawn by AI models in soil science
may be called into question.

Proprietary-based AI software. The advantages of Al are
the scalability, repeatability (i.e. reproducibility of out-
comes and bit-reproducibility), and the ability to handle
large amounts of data. Models can also be algorithmically
transparent, provided that certain caveats, such as the
need for interpretability of ML algorithms, are addressed.
However, these benefits are at risk when using proprietary,
closed-source Al software. For instance, in research appli-
cations, cartographic software now includes deep learning
tools that are readily applicable for the spatial prediction
of soil properties. Similarly, black-box image analysis soft-
ware is routinely used for the supervised classification of
images obtained by X-ray CT. The use of Al is widespread
in commercial soil applications, with on-the-spot soil test-
ing instruments capable of predicting a range of soil prop-
erties with a single scan. In these examples, the proprietary
nature of some software limits the ability to fully under-
stand and verify these predictions. Another problem with
proprietary software is the strong dependency on the soft-
ware producer. To ensure the reliability of AT models, it is
crucial to incorporate uncertainty measures and develop
standards for assessing the quality of AI models, which
is in line with the recent proposal from the field of PTFs

(see Weber et al. 2024). Additionally, there should be a re-
quirement for software back-up, including details of inter-
nal functionalities, and the ability to keep a version control
of the software to evaluate and modify the AI models in the
long term. Finally, explicit information on the reproduc-
ibility and replicability of outcomes would ensure that the
results and conclusions of a study can be duplicated in the
long term (Konkol et al. 2019; Kedron et al. 2021).

Ethics on data sharing and harvesting. The literature re-
view suggests emerging ethical considerations regarding
data sharing and harvesting. AI models typically require
large amounts of data to function effectively, which
raises issues concerning the ethical use and sharing of
data. One of the primary concerns is the harmonization
of data, ensuring that data from various sources can be
integrated and used cohesively while maintaining data
provenance (Todd-Brown et al. 2022). There is a risk of
building models on data that are not sufficiently curated
or fit for the intended purpose. Another risk involves de-
veloping models without acknowledging the data provid-
ers, especially when the data are not publicly available and
agreements are not in place. Finally, there is a risk that the
metadata may not be adequately propagated to all down-
stream uses of soil data, which could result in the loss of
substantial information and a loss of meaning. Recent
developments in soil science have called for a decentral-
ized, data-preserving policy for AI. The blockchain can
provide a secure and transparent way to store and share
data used by AI systems (for an example, see Padarian and
McBratney 2020).

Running out of quality data. Al models are typically
trained on extensive datasets, with advancements in AI
modelling often achieved by increasing the dataset size.
For instance, Hengl et al. (2021) observed significant
improvements in mapping African soil nutrients by ex-
panding the training dataset from 30,000 to 150,000 soil
samples, depending on the target property. This dataset
size is substantially larger than previous mapping efforts
for the same region. The reliance of AI models on large
datasets raises the question of whether we will eventually
run out of quality data to further enhance these models.
There are valid concerns that the existing stock of high-
quality data is nearly depleted. Although new data sources
may emerge (see Section 6.3), the rate of new basic soil
data collection does not appear to be increasing in most
countries worldwide. This challenge of limited new data
in the coming years could be addressed through new data
collection efforts, thorough standardization of new mea-
surements and harmonization of existing data. Another
solution is to rely more on synthetic soil data. Examples of
this approach already exist in soil science literature. For
instance, pseudo-points (e.g. Koch et al. 2019) or pseudo-
covariates (e.g. Behrens et al. 2018) are commonly gen-
erated to inform about the value of a soil property or the
spatial context, or data augmentation techniques can be
employed. An example of data augmentation in soil sci-
ence is provided by Padarian et al. (2019a), where the
stack of images used to train convolutional neural net-
works for soil mapping was rotated to increase the size of
the training dataset.
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6.3 | Opportunities and promising future lines
of research

Innovative advances in the field of AI offer new perspectives
and lines of research that could advance soil science. I list five of
them in the following paragraphs with examples of preliminary
studies.

« Openup data sources. Soil science possesses a rich repository
of historical qualitative descriptive data that is currently
being converted into digital text format. Although this type
of information is often overlooked in contemporary soil re-
search, AT methods present a promising approach for har-
vesting qualitative data, and open up data sources that were
until now hardly accessible, as demonstrated in other fields
(e.g. Colavizza et al. 2021). For example, descriptive soil
data can be used to complement numerical data, as illus-
trated by Furey et al. (2019). Additionally, legacy soil profile
information can be digitized using automated text recog-
nition techniques (e.g. Chemchem et al. 2021). Digitizing
archived soil profile descriptions can help counteract the
global decline in soil profile descriptions by introducing a
new set of historical data currently stored in archives. This
process can be facilitated through computer vision and text
mining techniques. Recent studies have highlighted the
added value of harvesting legacy data, despite its higher un-
certainty (Lagacherie et al. 2024).

« Interpretable AI. To move beyond mere prediction with
AT and explain how predictions are made, the field of
explainable AI is gaining traction, showing promising
results in soil research. In the taxonomy of AI described
in Section 2.2, explainable AT falls into the category of
sensing and interacting, as it aims to provide insights into
model functioning in a user-friendly manner. This line
of research is expanding within soil science, with nota-
ble examples including Beucher et al. (2022) and Albinet
et al. (2022). A representative study by Wadoux et al. (2023)
demonstrates the application of Shapley values, a method
from game theory, to interpret a ML algorithm predict-
ing SOC stocks in France, thereby elucidating how the
model adjusts predictions locally. Beyond interpretable
Al the emerging field of “self-explaining” AI (Elton 2020)
will certainly achieve progress for soil research. Self-
explaining AI techniques provide human-understandable
explanations of model predictions, along with confidence
levels for both the decisions and explanations. This ca-
pability is particularly relevant in soil research, where
understanding the extrapolation and reliability of predic-
tions is crucial.

+ Conscious AI. While some research has been done to extract
soil information from the fitted ML and deep learning algo-
rithms, the applications have not kept pace with techniques
that include domain knowledge in AI algorithms. Hybrid
physical/dynamic modelling at the interface between data-
driven AI and physical modelling is one avenue of future
research. Some early examples are Ghorbani et al. (2021),
which derived soil water flow from soil moisture observa-
tions with ML constrained on physically consistent solu-
tions from the Richardson-Richards equation. In Zhang
et al. (2024), the ML model used prediction of process-model

RothC as an additional source of data for space-time soil
carbon modelling (Figure 6). There are also recent devel-
opments in the statistical literature that have not made it to
soil research, for example, causal discovery and inference
(Reichstein et al. 2019). Despite some successful implemen-
tations in earth system sciences (e.g. Tesch et al. 2023), it is
not clear whether the stringent assumptions made during
modelling would hold for soil research with observational
data.

« Language processing of soil texts. The field of NLP in AI
offers an opportunity for summarizing the information
of a large body of scientific literature. The number of
publications in soil science has been steadily increasing
(Hartemink and McBratney 2008), and these publications
are now readily available in digital format. As a result,
meta-analyses and review articles have attempted to sum-
marize this growing body of literature. Large Language
Models (LLMs), such as ChatGPT, can be employed for this
purpose. LLMs are ML models that can understand, gen-
erate, and manipulate human language by leveraging vast
amounts of text data. Despite some attempts in the broader
scientific literature (e.g. Gougherty and Clipp 2024), the
field still needs to advance to enable LLMs to extract use-
ful and accurate qualitative and quantitative information
from scientific literature. An entry point in soil science is
provided by Blanchy et al. (2023), Figure 7, where a set
of 36 meta-analyses were used to extract relationships be-
tween soil management and target soil properties using
NLP techniques. The authors further extracted the type
of relationship, whether positive, negative, or absent. The
results support the use of NLP with human supervision
to synthesize scientific literature. Several systems not spe-
cific to soil science exist (e.g. ChatGPT, Google Gemini,
Claude), and while they allow long texts as input, they
are not sufficiently trained on soil science corpora. A fu-
ture line of research will involve building a LLM specifi-
cally designed to synthesize soil science literature, which

PO model
@

— W, T Losspy P!
ML model U Tossmram
: &) i
1-wy,

FIGURE 6 | Framework of a hybrid model that incorporates the out-
put of the process-oriented (PO) model RothC into an ML algorithm.
The numbers 1 and 2 above the arrows indicate the order of model cal-
ibration. The process-oriented model is first fitted with environmental
covariates (i.e. X) and observed SOC data (i.e. y). The simulation of SOC
stocks for all sampling locations (i.e. ¥) and all years are then used as
additional source of calibration data to feed the ML algorithm in addi-
tion to the measured SOC stocks. The final prediction is obtained from
a weighted (w) function of the loss functions (Loss) of the two models.
With permission from Zhang et al. (2024).
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In the short term, tillage operations significantly increased K [...].
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In the short term, tillage operations  significantly  increased K
ADP DET ADJ NOUN NOUN NOUN ADV VERB PROPN
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@ i 0‘Hillage 'mitigate’,
9 operations negative: 'decrease', 'reduce', 'prevent',
T ) 'be lower',

increased
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’

neutral: have no effect', 'have no significant

effect’,

'have minimal effect', ...

FIGURE7 | Example ofaextraction from a sentence of a soil text. The panel (a) shows the split of the sentence into words and assigned to a catego-

ry (e.g. verb, noun, adjective) in dependence (i.e. with the arrows) to the other words. Panel (b) shows a graph with one link per word, differentiating

the driver (blue), the variable (green) whereas the shortest path is shown with red links. In the panel (c), the verb is classified into a positive, neutral

or negative according to a pre-defined list. With permission from Blanchy et al. (2023).

should be sufficiently large and adaptable to achieve the
cognitive capacity to answer user queries effectively. Such
LLM would certainly remove the language barrier and en-
able users to reach a large body of literature currently not
available in the English language.

« Al beyond ML. The literature review has highlighted that
our current use of Al in soil science is focused almost ex-
clusively on ML for prediction purposes. However, there
are other aspects of AI beyond ML that warrant investi-
gation. One notable example is generative AI (Goodfellow
et al. 2020), which uses generative models (e.g. Generative
Adversarial Networks) to produce data (e.g. images, text
or videos). Generative Al likely holds future applications
in soil science, to create a soil digital twin (e.g. gener-
ating fully consistent pedons given certain boundary
conditions). Another example is genetic algorithms and
evolutionary computation, inspired by the principles
of natural selection and genetics. Although these meth-
ods have been used in soil science, their application for
prediction has been limited (e.g. Tsakiridis et al. 2019).
Genetic algorithms present an intriguing research ave-
nue to reconcile prediction with the understanding of soil
dynamics and evolution. Beyond ML, there is also an op-
portunity to rediscover other aspects of Al that are cur-
rently overlooked in soil science, such as expert systems
and decision support systems, which have seen little prog-
ress in the past two decades. Despite some recent studies
(e.g. Debeljak et al. 2019), there is significant potential for
new developments driven by the availability of computa-
tional resources and spatial data. Advancements in this
area would certainly make a valuable contribution to the

soil science literature at the interface of domain knowl-
edge and data science.

6.4 | Towards Al-driven soil scientific discovery?

The review discussed several applications of AI in soil re-
search. It explained how these applications advanced the field
by automating or accelerating parts of the scientific process
that were previously handled by humans, including summa-
rizing the literature, reading text, and making predictions.
AT analyzes patterns in data to make predictions, while hu-
mans rely on experience, knowledge, and cognitive processes
to form educated guesses about future events. Similarly, AI
performs automated text recognition through algorithms and
data, just as humans use vision and cognition to read and in-
terpret written language. In the same way, critical thinking,
knowledge synthesis, and a systematic approach to reading
scientific papers are the human equivalent of how AI-NLP
processes and synthesizes scientific literature in a meta-
analysis (Hastings 2023). While AT aids part of the scientific
process in soil research, it yet appears that it performs only
minor parts of it and mainly under human supervision and
refinement.

Thinking about the process of performing research in soil sci-
ence can focus attention on all steps of the scientific process and
the means to perform them. In soil science, a human researcher
usually gathers relevant background information, formulates
a series of testable hypotheses and designs a method for eval-
uation. Both fieldwork and laboratory experiments can be car-
ried out to collect data supporting or refuting the hypotheses.
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Finally, the researcher analyses the evidence and can make
statistical analyses to draw conclusions which can, eventually,
be communicated to the scientific community and end users.
The near future of soil science will undoubtedly see more of the
scientific process become automated and managed by AL The
question that arises is whether in the more distant future parts
of soil science research could become automated?

The scientific literature reports on numerous efforts to auto-
mate the entire scientific process. For instance, the Automatic
Statistician (Steinruecken et al. 2019) was designed to generate
automated statistical analyses, complete with validation and re-
porting. More recently, the first attempt at creating an “Al scien-
tist” has been introduced, aiming to automate the entire research
pipeline—generating ideas, conducting literature reviews,
planning and refining experiments, performing experimental
iterations, drafting manuscripts, and even undergoing the peer
review process (Lu et al. 2024). While one can rightly argue that
scientific inquiry extends beyond merely producing papers, this
end-to-end system offers a preview of the potential for a fully
automated scientific process in the future (Castelvecchi 2024).
This vision could also include traditionally human-led tasks,
such as laboratory analysis and fieldwork, where AlI-assisted ro-
bots might play a significant role thanks to recent developments
(Gibney 2024).

While it may not be appealing to envision a future where soil sci-
ence is fully automated, no AI to date—particularly in soil sci-
ence—has demonstrated the ability to formulate truly creative
or novel scientific directions that extend beyond the existing
body of knowledge (Krenn et al. 2022). In discussing the future
of soil science, Hartemink et al. (2006) and McBratney (2024)
highlight that breakthroughs often come from exploring
unknown unknowns, requiring speculative ideas that push the
boundaries of creativity. Here, imagination plays a crucial role,
something that AT is not yet equipped to replicate. But for the
rest? Surely AI can help for normal research: much of our work
involves testing hypotheses or addressing known unknowns, as
McBratney (2024) describes—areas where we spend most of our
time and where AI can offer substantial assistance. In the fu-
ture, it is likely that soil science will be driven by Al-augmented
researchers, where AI assist and accelerate nearly all the tasks
involved in the scientific process. Ultimately, the vision remains
with the human, while the execution increasingly falls to AL

7 | Conclusion

AT initially found its application in soil science through expert
systems and decision support systems that emulated expert rea-
soning. However, the field experienced stagnation post-1990s
during the “AI winter”, a period marked by reduced funding and
interest in AI research in all fields of science. Since the 2000s,
there has been a notable resurgence in AI applications, particu-
larly in the 2010s, driven by advancements and the widespread
adoption of machine learning and deep learning techniques.
Based on my analysis and a review of the literature, I draw the
following conclusions:

« The field of AI can be defined in various ways. A practical
definition equates intelligence with rationality, meaning

that artificial intelligent systems take actions with some de-
gree of autonomy to achieve specific goals.

« Al encompasses more than just ML. In the broader litera-
ture, AI techniques are classified into three broad catego-
ries: reasoning and decision-making, learning, and robotics.
For soil research, these categories can be adapted into three
domains: reasoning and decision-making, learning and pre-
dicting, and sensing and interacting. Each domain has seen
a significant number and diversity of applications in soil sci-
ence, with the domain of learning and predicting currently
experiencing the most research activity due to advance-
ments and widespread adoption of ML and deep learning
techniques.

« The literature review indicates that AI applications in soil
science are diverse, including examples in image process-
ing, decision support systems, expert systems, pedotransfer
functions, and a wide range of sensing technologies coupled
with ML algorithms.

« While AT applications in soil science are diverse, the by far
dominant application is the use of ML for prediction.

« Grouping of research items reveals that the field is currently
mainly driven by developments in digital soil mapping and
for the development of pedotransfer functions, with numer-
ous applications in soil remote and proximal sensing, situ-
ated at the interface between sensing technologies and ML
algorithm development.

« Five risks and points of attention regarding the current use
of Al in soil science are discussed: the distinction between
prediction and explanation, the difficulty of incorporating
soil knowledge into Al algorithms, the risks associated with
using proprietary Al software, ethical considerations in data
sharing and harvesting, and the potential risk of running
out of quality data to train AT models in the coming years.

« Opportunities for future research include enabling more ob-
servations to train AT models, developing interpretable and
conscious AI algorithms that better extract or incorporate
soil knowledge into modelling, utilizing language processing
of soil texts to summarize existing literature, exploring new
techniques such as evolutionary computation, and rediscov-
ering expert systems and decision support systems to create
interfaces between pedological knowledge and data science.

Based on these findings, it is clear that AI has a significant role
to play in soil science, extending beyond the mere application of
ML for prediction purposes. Substantial advancements in soil
science can be achieved with AT if more exploration is directed
towards mining existing legacy data in text format, both to open
up data sources that were until now hardly accessible and to
summarize information. With the digital convergence, more in-
formation is becoming available; however, this information has
not yet been fully integrated into AI-driven developments in soil
science, at least not at the same pace as is currently being done
in other scientific fields.
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