
Computer Science Review 59 (2026) 100832 

A
1

 

Contents lists available at ScienceDirect

Computer Science Review

journal homepage: www.elsevier.com/locate/cosrev  

Review article

What can artificial intelligence do for soil health in agriculture?
Stefan Schweng a, Luca Bernardini b,c, Katharina Keiblinger b, Hans-Peter Kaul c, Iztok Fister Jr. d, 
Niko Lukač d, Javier Del Ser e,f, Andreas Holzinger a ,∗

a Human-Centered AI Lab, Institute of Forest Engineering, Department of Ecosystem Management, Climate and Biodiversity, BOKU University, Vienna, Austria
b Institute of Soil Research, Department of Ecosystem Management, Climate and Biodiversity, BOKU University, Vienna, Austria
c Institute of Agronomy, Department of Agricultural Sciences, BOKU University, Vienna, Austria
d University of Maribor, Faculty of Electrical Engineering and Computer Science, Slovenia
e TECNALIA, Basque Research & Technology Alliance (BRTA), Spain
f Department of Mathematics, University of the Basque Country (UPV/EHU), Spain

A R T I C L E  I N F O

Keywords:
Artificial intelligence
Machine learning
Agriculture
Soil health
Soil parameter modeling
Regional data bias

 A B S T R A C T

The integration of artificial intelligence (AI) into soil research presents significant opportunities to advance the 
understanding, management, and conservation of soil ecosystems. This paper reviews the diverse applications 
of AI in soil health assessment, predictive modeling of soil properties, and the development of pedotransfer 
functions within the context of agriculture, emphasizing AI’s advantages over traditional analytical methods. 
We identify soil organic matter decline, compaction, and biodiversity loss as the most frequently addressed 
forms of soil degradation. Strong trends include the creation of digital soil maps, particularly for soil 
organic carbon and chemical properties using remote sensing or easily measurable proxies, as well as 
the development of decision support systems for crop rotation planning and IoT-based monitoring of soil 
health and crop performance. While random forest models dominate, support vector machines and neural 
networks are also widely applied for soil parameter modeling. Our analysis of datasets reveals clear regional 
biases, with tropical, arid, mild continental, and polar tundra climates remaining underrepresented despite 
their agricultural relevance. We also highlight gaps in predictor–response combinations for soil property 
modeling, pointing to promising research avenues such as estimating heavy metal content from soil mineral 
nitrogen content, microbial biomass, or earthworm abundance. Finally, we provide practical guidelines on data 
preparation, feature extraction, and model selection. Overall, this study synthesizes recent advances, identifies 
methodological limitations, and outlines a roadmap for future research, underscoring AI’s transformative 
potential in soil science.
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1. Introduction and motivation

Agriculture faces a dual challenge: meeting the rising global demand 
for food, feed, energy, and fiber while ensuring the sustainability of 
natural resources. The increasing demand for agricultural products 
is driven by population growth, higher per capita calorie consump-
tion, and shifts in dietary preferences towards animal-based products, 
particularly in developing countries [1,2]. These trends exert signif-
icant pressure on agricultural systems to intensify production while 
minimizing environmental impacts.

A key strategy to address this challenge is sustainable intensifica-
tion, which aims to increase productivity without disrupting natural 
nutrient cycles [3], degrading soil organic carbon (SOC) content [4] or 
impairing other soil properties [5]. Soil health is particularly critical, 
as an estimated 98.8% of the calories consumed by humans globally 
originate from soil, with only 1.2% derived from aquatic sources [6]. 
Furthermore, [2] predicts that global crop calorie production will 
rise by 47% from 2011 to 2050, driven by population growth, rising 
incomes, and evolving dietary preferences. However, intensification 
practices to meet growing demands often degrade soil quality, threaten-
ing long-term agricultural productivity and environmental stability [7,
8]. These factors underscore the necessity of innovative solutions to 
sustainably manage agricultural resources.

The European Green Deal [9], launched in 2019, represents the 
European Union’s overarching strategy to transform the EU into a 
climate-neutral, resource-efficient, and competitive economy by 2050. 
A central pillar of this agenda is the EU Biodiversity Strategy for 
2030 [10], which emphasizes restoring degraded ecosystems, improv-
ing soil fertility, and ensuring sustainable land use. Recognizing soil 
as a non-renewable resource critical to food security, biodiversity, 
and climate resilience, the EU has introduced the Soil Monitoring and 
Resilience Directive to ensure that all EU soils are in a healthy condition 
by 2050 [11]. This directive requires the establishment of harmonized 
monitoring systems across Member States, defines soil health indica-
tors, and obliges national governments to develop plans for restoring 
degraded soils. These initiatives highlight the EU’s determination to 
address soil degradation and foster sustainable land use, offering a 
large-scale example for similar efforts in a global context.

Achieving these political and environmental goals depends critically 
on the ability to monitor and model soil parameters with sufficient ac-
curacy and spatial coverage. Traditionally, this has required a combina-
tion of labor-intensive field sampling, laboratory analysis, mechanistic 
modeling, and geostatistical methods. A foundational contribution in 
this field was made by [12], who proposed a conceptual model relating 
soil properties, such as organic carbon content, pH, and soil profile 
classes, to climatic, topographic, lithological, and temporal factors, 
along with biological influences from vegetation and human activity. 
This work was the basis for many quantitative mechanistic models, 
2 
as summarized by [13]. To address limitations in spatial resolution, 
spatial interpolation techniques such as trend-surface analysis [14] and 
geostatistical approaches like kriging [15–17] were developed. Variants 
such as co-kriging showed that some soil properties could be inferred 
from others [18,19]. Building on these ideas, [20] extended the model 
presented in [12] by incorporating both soil properties and spatial 
attributes into a unified predictive framework known as the Scorpan
model.

In recent years, the increasing availability of high-resolution spa-
tial, temporal, and spectral data has opened new avenues for more 
efficient and scalable soil health monitoring. This data abundance 
enables the development of data-driven modeling approaches that can 
capture complex, nonlinear interactions between soil properties, envi-
ronmental factors, and management practices. In this context, Artificial 
Intelligence (AI), including machine learning (ML) and deep learning 
(DL) techniques, has emerged as a powerful tool for extracting ac-
tionable insights from large, heterogeneous datasets [21]. AI-driven 
models can enhance the prediction of soil parameters [22], improve 
the resolution of digital soil maps [23], and support decision-making 
processes in precision agriculture by offering data-driven, localized 
recommendations [24]. By complementing or extending traditional 
modeling methods, AI holds the potential to play a transformative role 
in achieving both the productivity and sustainability targets defined by 
recent agricultural and environmental policy frameworks.

A common challenge in data-driven soil property modeling is the 
uneven geographic distribution of available data. Dense coverage in 
some regions and sparse coverage in others can bias predictions, par-
ticularly when transferring models to new areas or scaling to broader 
regions. For instance, [25] found that drier regions are underrep-
resented in studies of soil microbial responses, which is problem-
atic given the high sensitivity of microbial communities to moisture 
changes. Similarly, [26] showed that expanding the global soil respi-
ration database [27] with measurements from previously underrepre-
sented regions improved global representativeness but also increased 
model uncertainty by revealing greater variability, especially in tropical 
and southern hemisphere regions. These examples illustrate how geo-
graphic biases in datasets can shape both local soil property inferences 
and global-scale predictions, underscoring the importance of regionally 
balanced data collection.

Previous review papers have explored the use of AI in agriculture 
from various perspectives, including some that touch upon soil health. 
For example, [28] focus on ML-based estimation of soil indicators 
using remote sensing, while [29,30] review spectral and AI-based meth-
ods for predicting soil nutrients and diagnosing nutrient deficiencies. 
Other works address specific challenges such as soil pollution appor-
tionment [31], input use efficiency [32], or soil carbon pools [33]. 
Broader technological perspectives include reviews on computer vision 
for food security [34], robotics in sustainable farming [35], and In-
ternet of Things (IoT) applications for monitoring soil quality [36]. 
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Table 1
Research questions for structured literature review.
 Research questions  
 RQ1: What soil health challenges have been addressed using AI?  
 RQ2: Which AI methodologies and modeling techniques have been used
to address these challenges?

 

 RQ3: Does AI research in agriculture exhibit regional bias?  
 RQ4: What are the key research gaps and future opportunities for AI in
improving soil health in agriculture?

 

Several reviews offer regional or systemic overviews, such as digital 
transformation in agriculture [37], smart agriculture in developing 
countries [38], and Indian agricultural contexts [39]. Finally, [40] 
compare ML and DL approaches to conventional techniques for soil 
quality assessment. While these works offer valuable insights, they tend 
to focus on specific technologies, target narrow aspects of soil health, 
or provide high-level overviews without synthesizing the connection 
between AI methods, data availability, and soil-related challenges in a 
structured and actionable way.

In this work, we conduct a structured literature review (SLR) to 
synthesize the development of soil parameter modeling practices, with 
a particular focus on recent advances in AI. Distinct from prior reviews, 
we aim to bridge methodological and practical perspectives by making 
key AI techniques more accessible to non-experts and offering guidance 
on designing robust data-processing pipelines. Our review also contex-
tualizes soil parameter modeling within the broader goals of sustainable 
agriculture, examining how AI is applied to address prevalent soil-
related threats. Furthermore, we analyze global data availability for 
soil modeling and relate it to the degree of agricultural intensification 
across regions in order to highlight underrepresented areas. Finally, we 
summarize the general limitations of AI applications for soil health in 
agriculture and identify opportunities for future research. The specific 
research questions (RQs) addressed in this work are summarized in 
Table  1.

The remainder of this paper is structured as follows. Section 2 
outlines the methodology, provides an overview of how AI is applied 
for soil health in agriculture and presents the results of our SLR, 
addressing RQ1 to RQ3. Section 3 addresses RQ4 by identifying gen-
eral research gaps and outlining future research directions. Finally, 
Section 4 summarizes key findings and contributions of this work.

2. Artificial intelligence for soil health in agriculture: A structured 
literature review

In order to gather the state-of-the-art of AI applications for soil 
health in agriculture we performed an SLR and identified 115 articles 
to be reviewed. These articles were later distributed among six experts 
from the fields of Computer Science and Soil Science to be full-text re-
viewed. This section presents the SLR methodology (Section 2.1) as well 
as an overview of the review findings, addressing RQ1 (Section 2.3.1), 
RQ2 (Section 2.3.2) and RQ3 (Section 2.3.3).

2.1. Methodology

Inspired by the SLR processes described in [41,42] the SLR con-
ducted in this paper consists of the following steps: (1) The definition 
of RQs (see Table  1), (2) identification of relevant articles by selecting 
appropriate search keywords and synonyms, followed by (3) article 
filtering based on abstract screening and predefined inclusion criteria 
(ICs) and exclusion criteria (ECs). Last but not least (4) the extraction 
of data from the remaining articles using data extraction questions 
(DEQs). The output of step (4) will eventually be used to answer the 
RQs defined in step (1).
3 
Table 2
Keywords and synonyms for article search.
 Keyword Synonyms  
 Artificial intelligence AI, Machine learning, ML 
 Agriculture Field, Crop, Farm  
 Soil health Soil quality  

Table 3
Inclusion criteria for article search and filtering.
 Criterion Condition  
 IC1 Article was published in peer-reviewed journal or other types of 

reputable sources.
 

 IC2 Article is written in English.  
 IC3 Article presents an AI approach to tackle a problem in

agriculture related to soil health.
 

Table 4
Exclusion criteria for article search and filtering.
 Criterion Condition  
 EC1 Article is a review, survey or meta-analysis.  
 EC2 Article is not accessible (last attempt of access:

January 21st, 2025).
 

 EC3 Article is marked with expression(s) of concern from
the journal’s editorial board.

 

2.1.1. Definition of research questions
Planning a SLR involves defining the RQs to be answered. In this 

work the SLR aims at answering the questions defined in Table  1. All 
following steps will be guided by these questions.

2.1.2. Identification of relevant articles
The search engine used for identifying relevant publications is Web 

Of Science (WoS).1 The next step in the SLR is defining keywords and 
respective synonyms to be used for the article search. Table  2 shows 
the list of selected keywords and synonyms.

The search string used in WoS was: TS=((‘‘artificial in-
telligence’’ OR AI OR ‘‘machine learning’’ OR ML) AND 
(agri* OR crop* OR field* OR farm*) AND (‘‘soil health’’
OR ‘‘soil quality’’)). This search string queries articles by 
analyzing the articles’ title, abstract, keywords and KeyWords Plus, 
where the latter is a set of keywords derived algorithmically by WoS 
from the titles of the article’s cited references. The search terms in the 
string represent the search keywords and synonyms defined in Table  2.

The WoS article search was carried out on December 2nd, 2024 and 
resulted in 334 articles matching the search string specified above. Note 
that there was no date range specified for the publication date. In order 
to reproduce the search results the index date range 1900-01-01 to
2024-12-01 must be specified in the WoS advanced search feature. 
Fig.  1 shows the number of matched articles per publication year.

2.1.3. Article filtering
Articles included in the final set of papers for full-text review must 

meet all ICs outlined in Table  3 and must not meet any of the ECs 
detailed in Table  4.

IC1 is inherently fulfilled by using WoS as a search engine. Every 
article indexed in the Web of Science Core Collection must be published 
in a peer-reviewed journal, with just a few exceptions of journals 
that are generally long-established.2 IC2 and IC3 are ensured by title 
and abstract screening of the initial set of 334 articles matching the 

1 Web Of Science: https://www.webofscience.com, accessed May 7th, 2025.
2 WoS Core Collection: https://support.clarivate.com/

ScientificandAcademicResearch/s/article/Web-of-Science-Core-Collection-
Explanation-of-peer-reviewed-journals, accessed January 7th, 2025.

https://www.webofscience.com
https://support.clarivate.com/ScientificandAcademicResearch/s/article/Web-of-Science-Core-Collection-Explanation-of-peer-reviewed-journals
https://support.clarivate.com/ScientificandAcademicResearch/s/article/Web-of-Science-Core-Collection-Explanation-of-peer-reviewed-journals
https://support.clarivate.com/ScientificandAcademicResearch/s/article/Web-of-Science-Core-Collection-Explanation-of-peer-reviewed-journals
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Fig. 1. Number of articles per publication year matching the search string in WoS. A total number of 334 articles was found, where the first publication was 
published in 1992. The WoS search was performed on December 2nd, 2024.
Fig. 2. PRISMA-inspired flowchart [44] illustrating the selection process of 
articles for the full-text review of the SLR. The initial search in the WoS 
database identified 334 articles. During title and abstract screening using 
ASReview, 131 articles met the ICs outlined in Table  3. Finally, the ECs defined 
in Table  4 were applied, which lead to the exclusion of 16 articles. This process 
yielded a final set of 115 articles for full-text review.

WoS search string. Three experts from the fields of Computer Science 
and Soil Science participated in this initial screening process using 
ASReview [43]. All 334 titles and abstracts have been reviewed by one 
expert and filtered based on IC2 and IC3, which resulted in a set of 131 
articles.

In accordance with the ECs, thirteen articles have been excluded 
because they were identified as review or survey papers (EC1), two 
articles were excluded because they were not accessible (EC2) and one 
article was excluded due to an expression of concern regarding the 
integrity of the paper (EC3). This results in a final article set for full-text 
reviews containing 115 articles. The full selection and filtering process 
is visualized as a flowchart diagram in Fig.  2 adapted from the PRISMA 
method [44].

2.1.4. Data extraction
To conduct the full-text reviews, the article set of 115 papers was 

distributed among six experts from the fields of Computer Science and 
4 
Soil Science. To ensure consistency in the extracted information, a set of 
DEQs was defined to guide the review process, helping reviewers focus 
on a common set of aspects. Each DEQ corresponds to a specific RQ. 
The complete list of DEQs and their related RQs is provided in Table  5.

While reviewing an article, experts were presented with each DEQ 
in a Google Form, and each article was reviewed by a single expert. All 
DEQs were optional, allowing experts the flexibility to skip questions 
that were not applicable or could not be confidently answered. The 
collected responses were exported to an Excel file. Since eight out of 
nine questions included free-text answer fields, a post-processing step 
was performed using a Python script to categorize and group related 
responses. The resulting Excel file, containing the post-processed DEQ 
responses for each of the 115 articles, is provided in Appendix A.

2.2. How to apply artificial intelligence for soil health challenges?

The majority of articles start by describing the response variables 
(to be predicted) and the predictor variables used in the analysis. After 
this, the authors typically follow these steps: (1) data collection, (2) 
preprocessing, (3) modeling, and (4) prediction. To provide a schematic 
overview, Fig.  3 illustrates this general workflow.

2.2.1. Data collection
Data collection usually involves integrating multiple data sources. 

The most common sources include public databases, in-situ measure-
ments (e.g., soil parameters in the study area), agricultural manage-
ment data and remote sensing data. The choice of data sources depends 
on the specific task, regional scope, and the desired resolution in time, 
space, or both.

While publicly available satellite data (e.g., Sentinel or Landsat) and 
climatic data (e.g., WorldClim) are easily accessible for global-scale 
applications, obtaining ground truth data for soil parameters is more 
challenging. For regional (i.e., country- or continent-level) or global 
studies, soil parameter databases such as the Land Use and Coverage 
Area Frame Survey (LUCAS) or the International Soil Reference and 
Information Centre (ISRIC) provide sparse point-scale soil data. How-
ever, downscaling soil parameters to high-resolution temporal or spatial 
grids remains difficult and is often addressed by incorporating data 
from local weather stations [45] or by using high-resolution soil maps 
of other Scorpan covariates [23].

At the sub-national scale, studies often rely on regional databases 
such as the Losan database [46] or the South Dakota Geological Sur-
vey.3 An additional example, not mentioned in the reviewed literature, 

3 South Dakota Geological Survey: https://www.sdgs.usd.edu, accessed 
February 4th, 2025.

https://www.sdgs.usd.edu
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Table 5
DEQs used to extract relevant data from each article in the SLR and to answer the specified RQs.
 DEQ Question Related RQ 
 DEQ1 Which soil threats were addressed by the presented research? RQ1  
 DEQ2 Which soil quality indicators were assessed? RQ1  
 DEQ3 Which AI algorithms and/or modeling techniques were used in the

presented approach?
RQ2  

 DEQ4 Which type of input data was used for the presented method? RQ2  
 DEQ5 Which type of ground truth data was used? RQ2  
 DEQ6 What is the sample size of the data used in this article? RQ2  
 DEQ7 What is the name of the database serving the method’s input data? RQ2  
 DEQ8 What is the regional scope of the presented method? RQ3  
 DEQ9 What are the geographic origins of the assessed data points? RQ3  
Fig. 3. Basic workflow of the data pipeline commonly presented in the investigated articles.
is the Austrian digital soil map eBod,4 which summarizes soil types, par-
ent material, and key hydrological, physical, and chemical properties, 
along with agricultural value. While these datasets enable detailed local 
modeling, transferring such models to other regions remains difficult 
due to substantial regional variability [47]. Section 3.1.2 discusses this 
challenge in greater depth and outlines potential strategies to address 
it.

On a local scale, studies often rely on long-term crop experiments 
conducted by research institutions. These experiments provide records 
of weather conditions, agricultural management practices, harvested 
yields, and in-situ soil measurements. Typical examples of weather 
parameters are daily maximum and minimum air temperature, precipi-
tation, and solar radiation. Management data often include the amounts 
of nitrogen fertilizer or manure applied per hectare. Soil parameters 
commonly measured in-situ are bulk density, soil texture, and soil 
mineral nitrogen content.

More details on the types of data collected across different regional 
scales in the reviewed studies are discussed in Section 2.3.1.

2.2.2. Preprocessing
Common steps in data preprocessing include data augmentation 

(i.e., generating additional artificial samples) or feature engineering 
(i.e., creating new based on existing features), data cleansing (e.g., stan-
dardization, duplicate/outlier removal), and dimensionality reduction 

4 eBod soil map: https://www.bodenkarte.at, accessed September 9th, 
2025.
5 
(i.e., feature selection to improve predictive performance and training 
efficiency while mitigating overfitting).

Incomplete and unbalanced datasets present a major challenge in 
data driven AI because they compromise the reliability, generalizabil-
ity, and interpretability of models. Missing data can lead to biased 
parameter estimation, reduced statistical power, and unreliable predic-
tions [48]. Preprocessing is necessary to address these issues through 
techniques such as imputation of missing values, normalization, class 
balancing (e.g., oversampling or SMOTE [49]), and feature selection. 
This ensures data quality, reduces model bias, and enhances the ro-
bustness of downstream predictive and interpretative tasks, ultimately 
enabling more accurate and ecologically valid insights.

Examples of feature engineering include the study by [50], which 
uses Sentinel-2 spectral bands to compute six vegetation indices that 
serve as additional predictors for mapping the regional distribution of 
cover crops. Another example is the work of [51], which simulates 
potential evapotranspiration of sorghum–sudangrass from weather vari-
ables, soil properties, and plant characteristics, thereby creating input 
features for biomass yield prediction. On the other hand, a typical 
example of data augmentation in machine vision involves expand-
ing training datasets through image transformations such as random 
cropping, rotation, or adding artificial noise [52].

Dimensionality reduction techniques are also widely applied. For 
example, [53] use Principal Coordinate Analysis (PCoA) and the t-
SNE algorithm to reduce the dimensionality of soil microbiome DNA 
sequencing data, while [54] apply Principal Component Analysis (PCA) 
to spectral data. In addition, feature selection approaches such as 
Random Forest Recursive Feature Elimination (RF-RFE) and Guided 

https://www.bodenkarte.at
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Regularized Random Forest (GRRF) are used to identify compact, infor-
mative subsets of features by leveraging the importance scores derived 
from random forest (RF) models [55,56].

Data cleansing is a key step in preprocessing that enhances data 
quality and model performance. Standardization, which adjusts fea-
tures to have zero mean and unit variance, helps ensure that each 
feature contributes equally during model training and also improves 
the convergence dynamics of many ML algorithms by enabling faster 
and more stable optimization. Outlier filtering is especially important 
for models sensitive to extreme values, such as linear regression, where 
outliers can disproportionately influence results. Imputation techniques 
are also used to address missing values, with methods ranging from sim-
ple mean substitution to more sophisticated model-based approaches. 
The relevance of outlier filtering and imputation depends on the model 
type, as some models are more robust to such issues than others.

Handling categorical data is a critical preprocessing step that di-
rectly affects how models learn. Distinguishing between nominal and 
ordinal variables ensures appropriate encoding. Nominal features such 
as crop or land use types lack inherent order and are best represented 
using one-hot encoding to avoid implying hierarchy. In contrast, or-
dinal features, like erosion risk levels or soil quality ratings, have a 
natural order and require encoding strategies that preserve this struc-
ture. Improper handling can lead to models misinterpreting category 
relationships or missing important ordinal information.

2.2.3. Modeling
Modeling refers to the process of learning representations of the 

relationship between one or more response variables and a set of pre-
dictor variables, often referred to as covariates or features. For example, 
bulk density (the response variable) can be modeled using spectral 
features [57] or elevation and mean annual precipitation among other 
covariates [58].

In general, the models used for modeling this process can be catego-
rized into traditional statistical and ML models, as illustrated in Fig.  3. 
The models listed in the box of the third step (Modeling) represent the 
models most commonly applied in the reviewed studies. Overlapping 
ellipses indicate models that are related or of a similar type.

Traditional statistical models are based on predefined assumptions 
about data distributions and the relationships between predictor and 
response variables. They estimate parameters through statistical tech-
niques such as maximum likelihood estimation and follow a parametric 
approach with fixed functional forms. The reviewed studies employed 
methods such as partial least squares regression (PLSR), multiple linear 
regression (MLR) and its regularized variants – lasso, ridge regression, 
and elastic net (ENET) – as well as generalized linear (mixed) models 
(GL(M)Ms). Bayesian ridge regression was also applied for regression 
tasks, while logistic regression was used for classification tasks.

In contrast, ML models do not require explicit distributional as-
sumptions and rely on optimization techniques rather than closed-form 
parameter estimation. Whereas traditional models emphasize inter-
pretability, ML approaches prioritize predictive performance by di-
rectly learning patterns from data. In the reviewed literature, com-
monly used methods included tree-based models such as RF and Cubist, 
neural networks (NNs) – often implemented as multilayer perceptrons 
(MLPs) for regression tasks or convolutional neural networks (CNNs) 
for computer vision tasks – support vector machines (SVMs), and 
gradient boosting machines (GBMs) such as XGBoost and CatBoost. 
Other approaches included recurrent neural networks (RNNs) such as 
Long Short-Term Memory (LSTM) networks, clustering algorithms (k-
nearest neighbors and k-means), and reinforcement learning techniques 
such as Deep Q-Networks (DQNs).

The choice of model typically depends on factors such as dataset 
size, feature dimensionality, and the complexity of the relationship be-
tween predictors and response variables. Further guidance on selecting 
models for specific tasks is provided in Section 3.3.2.
6 
2.2.4. Prediction
The final step of the schematic workflow, Prediction, usually in-

volves regression, classification, or hybrid approaches. Regression is 
used in cases where the response variable is numerical, while classifica-
tion typically refers to predicting categorical values. Hybrid approaches 
arise when categorization is based on numerical predictions. Predic-
tions from regression and classification models are commonly applied 
in digital soil mapping (DSM), decision support systems (DSS), and 
fields such as robotics and machine vision [59].

When examining the specific tasks addressed in recent literature, 
DSM appeared prominently, likely due to the complexity and cost of 
traditional soil attribute measurement methods. Remote sensing for 
SOC mapping has emerged as a particularly strong trend [60–63]. Nev-
ertheless, researchers have also applied DSM techniques to characterize 
other soil properties, such as salinity [64,65], pH value [66,67], soil 
texture [67], available water capacity [45] or soil erodibility [68].

DSS were also widely discussed, with applications ranging from 
crop rotation planning [24] to IoT-based platforms for monitoring soil 
health and crop performance [69]. Other systems typically focus on 
optimizing input use efficiency for fertilization, irrigation, and weed 
management [70]. For instance, [71] developed a method to delineate 
soil management zones using RF and soil properties, thereby enabling 
site-specific fertilizer recommendations.

In addition, explainable AI (XAI) [72,73] has gained importance 
for enhancing the transparency and interpretability of model predic-
tions. For example, [74] combined RF with Shapley Additive Expla-
nations (SHAP) [75] to analyze pesticide effects on earthworm lethal-
ity, while [51] applied SHAP values to evaluate how environmental 
variables and management practices influence biomass yields.

Less frequently covered applications among the reviewed articles 
include machine vision tasks based solely on RGB images and robotics. 
For example, [52] employed the Inception V3 model to detect potato 
plant diseases from RGB leaf images, while [76] developed a prototype 
of a cotton harvesting robot.

2.3. Literature study and responses to the research questions

The following sections address RQ1–RQ3 in detail. These responses 
form the foundation for identifying research gaps (RQ4), which are 
discussed in Section 3. A summary of the data extraction results is 
shown in Fig.  4.

2.3.1. Addressed soil threats and assessed quality indicators
DEQ1 focused on the soil threats addressed in each article. The 

corresponding question offered eight predefined options, based on the 
definitions by [77]. The most frequently cited threat was soil organic 
matter (SOM) decline, which appeared in a significant majority of 
responses. Other common threats included compaction, biodiversity 
loss, and erosion. Contamination was also frequently noted, typically 
referring to heavy metals (e.g., copper, lead, cadmium), metalloids 
(arsenic), and water pollution due to eutrophication. Less frequently 
mentioned threats included salinization, landslides and floods.

DEQ2 examined which soil quality indicators were considered. Re-
spondents could select from sixteen predefined indicators, also derived 
from [77]. The most frequently mentioned indicator was organic mat-
ter, reflecting its importance in evaluating soil health. Organic matter 
includes both stable and labile fractions. The labile fraction is par-
ticularly responsive to conservation farming practices [78], making 
it especially relevant in the context of this work. Since SOM is typi-
cally not measured directly, it is commonly estimated from measured 
SOC using the Van Bemmelen factor. Despite some debate about its 
accuracy [79], this conversion remains widely applied in practice.

Other commonly cited indicators included chemical properties, par-
ticularly pH, electrical conductivity, and cation exchange capacity, as 
well as macronutrients, with nitrogen, phosphorus, and potassium most 
frequently mentioned. Soil structure also featured prominently, with 
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Fig. 4. Overview of the data extraction results. The total number of responses for each DEQ is indicated in parentheses below the chart titles. Bar charts present the 
five most frequent response categories, with the number of mentions shown in parentheses. DEQ8 was posed as a single-choice question; its response distribution 
is illustrated using a pie chart. For DEQ9, statistics on the size of the utilized datasets are provided.
texture and bulk density as key attributes. Hydraulic properties, such 
as water storage capacity and soil moisture, were also often reported.

Additional indicators included microbial parameters (e.g., micro-
bial biomass, soil respiration), contaminants (mainly heavy metals), 
micronutrients (e.g., iron, copper, zinc, boron), and inorganic carbon 
(calcium carbonate, bicarbonate). Less frequently mentioned were ero-
sion risk and salinity, and only a few responses mentioned earthworms 
as a soil quality indicator.

2.3.2. Modeling techniques and dataset characteristics
This section summarizes key trends in AI techniques and dataset 

characteristics. Insights are drawn from evaluation of DEQ3–DEQ7, 
covering aspects such as modeling approaches, input and ground truth 
data types, dataset sizes, and referenced data sources.

In what refers to DEQ3, a wide range of modeling techniques was 
reported. Tree-based models (e.g., RFs) stood out as the most frequently 
used, followed by NNs, regression models (e.g., MLR or PLSR), SVMs 
and boosting algorithms. Less frequently mentioned methods were 
clustering, nature-inspired optimization techniques, and RL approaches 
such as Q-learning.

Regarding input data types (DEQ4), soil parameters (e.g., SOC, pH, 
bulk density) were the most commonly utilized, followed by distal spec-
tral data collected via satellites or drones. Agricultural management 
data, topographic features, climatic conditions, and proximal spectral 
data from handheld sensors also played important roles. Pure RGB 
imagery, land use information, and RGB-D data were rarely cited, the 
latter being mentioned only once in a robotics application for cotton 
harvesting [76].

Regarding DEQ5, the ground truth data categories reflected a strong 
emphasis on organic matter, particularly SOC, as well as chemical prop-
erties like pH, electrical conductivity, and cation exchange capacity. 
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Soil structure features such as texture and bulk density, macronutri-
ents (e.g., nitrogen, phosphorus, potassium), microbial activity, and 
hydraulic properties were also common. Other categories such as 
micronutrients, inorganic carbon, agricultural management outputs 
(e.g., crop rotations), contaminants, salinity, and erosion risk were cited 
less frequently.

Figs.  5 and 6 highlight the interplay between modeling techniques, 
input data types, and prediction targets (i.e., ground truth data). Re-
gression techniques (i.e., traditional statistical models), NNs, SVMs 
and especially tree-based models were frequently applied to predict 
organic matter, chemical properties, soil structure, and macronutrients. 
Similarly, spectral data, agricultural management data, and especially 
soil parameters emerged as key inputs for these predictions. Notably, 
the use of soil parameters to infer other soil properties, such as organic 
matter or soil structure, emphasizes the relevance of pedotransfer 
functions and process-based modeling approaches.

RF was frequently chosen as the modeling technique due to sev-
eral advantages: its simplicity of parameterization [80], ability to re-
duce bias towards dominant predictors [81], robustness against over-
fitting [82], and built-in support for feature selection [83]. The latter is 
particularly important for the common use case of predicting SOC based 
on distal spectral data, where the challenge lies in selecting relevant 
covariates from a large number of spectral bands [84]. Moreover, RF 
is often employed to analyze the relative importance of individual 
predictors, making it valuable for model interpretation [60].

Regarding DEQ6, dataset sizes varied widely across studies. Al-
though the median dataset size was below 500 samples, the mean was 
substantially higher due to a few studies using very large datasets. 
Most models, including SVMs, regression models, tree-based models, 
and NNs, were typically applied to datasets ranging from a few hundred 
to a few thousand samples. In contrast, boosting algorithms were, on 
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Fig. 5. Heat map showing the AI algorithms/modeling techniques referenced in DEQ responses in combination with specific ground truth data types.
Fig. 6. Heat map showing input data types referenced in DEQ responses in combination with specific ground truth data types.
average, associated with slightly larger datasets, as shown in Fig.  7(a). 
It is important to note that most reported boosting algorithms are 
in fact tree-based, since the most commonly used methods, such as 
XGBoost [85] and CatBoost [86], are based on sequentially combining 
decision trees. Despite this, the observed trends in model choice might 
be incidental rather than technically motivated, even though 5000 
8 
bootstrap resamples were used to reduce sampling variability. For 
instance, NNs are generally expected to perform better with larger 
datasets [87], yet were not predominantly applied in such cases. One 
possible explanation for the relatively more frequent use of boosting 
algorithms on larger datasets may lie in their built-in support for predic-
tor importance analysis, which improves model interpretability [83]. 
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Fig. 7. Box plots of mean dataset sizes estimated via bootstrapped resampling (5000 resamples). Prior to resampling, original dataset sizes were restricted to the 
90th percentile to reduce the influence of extreme outliers, which is common strategy in exploratory data analysis [89]. The number of unique samples used for 
bootstrapping is given in parentheses below each modeling technique or ground truth data type label.
Furthermore, boosting algorithms are often considered easier to tune 
than NNs, particularly in terms of hyperparameter optimization [88], 
making them especially attractive for applied research settings.

A similar analysis was conducted for the various types of ground 
truth data. Fig.  7(b) illustrates the relationship between dataset size and 
the targeted soil property, based on the reviewed studies. The trends 
indicate that research on organic matter, chemical properties, and soil 
structure typically employed moderately sized datasets with a mean of 
approximately 1500 samples, while studies focusing on macronutrients 
or microbial activity more frequently relied on smaller datasets with a 
mean of about 500 samples.

In terms of data availability (DEQ7), several commonly used and 
publicly available data sources were identified. Sentinel5 and Landsat6 
were the most frequently cited, followed by LUCAS,7 ISRIC,8 and the 

5 Sentinel: https://sentinel.esa.int/web/sentinel/missions/sentinel-2, 
accessed May 8th, 2025.

6 Landsat: https://www.usgs.gov/landsat-missions, accessed May 8th, 2025.
7 LUCAS: https://ec.europa.eu/eurostat/web/lucas, accessed May 8th, 

2025.
8 ISRIC Data Hub: https://data.isric.org/, accessed May 8th, 2025.
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Shuttle Radar Topography Mission (SRTM).9 Although Sentinel and 
Landsat are technically satellite missions, they were frequently refer-
enced as primary sources for remote sensing data. Additional mentions 
included Corine Land Cover10 and WorldClim.11

2.3.3. Regional scope and geographic distribution of datasets
The regional scope of the studies was examined through DEQ8, 

which asked respondents to classify the spatial extent of their research 
as local, regional, or global. The majority (65%) indicated a local scope, 
referring to sub-national or site-specific studies. A further 30% reported 
a regional scope, representing research conducted at the national or 
continental level. Only 5% of the studies addressed issues at a global 
scale.

In DEQ9, the geographic origins of the datasets used in the literature 
were investigated. As shown in Fig.  4, the top five regions in terms of 

9 SRTM: https://www.earthdata.nasa.gov/data/instruments/srtm, accessed 
May 8th, 2025.
10 Corine Land Cover: https://land.copernicus.eu/en/products/corine-land-
cover, accessed May 8th, 2025.
11 WorldClim: https://worldclim.org, accessed May 8th, 2025.

https://sentinel.esa.int/web/sentinel/missions/sentinel-2
https://www.usgs.gov/landsat-missions
https://ec.europa.eu/eurostat/web/lucas
https://data.isric.org/
https://www.earthdata.nasa.gov/data/instruments/srtm
https://land.copernicus.eu/en/products/corine-land-cover
https://land.copernicus.eu/en/products/corine-land-cover
https://worldclim.org
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Fig. 8. A world map showing the number of dataset origins per country. In contrast to DEQ9 in Fig.  4, European countries are considered individually.
dataset origin are Europe, China, the United States, Iran, and India. 
Notably, Europe as a region aggregates all mentions of individual 
European countries as well as general references to the continent.

Fig.  8 provides a global visualization of dataset origins mentioned 
in the DEQ responses. Well-represented regions include Canada, the 
United States, Brazil, Europe, Iran, India, Bangladesh, China, and Aus-
tralia. The extensive coverage of European countries is primarily at-
tributable to the LUCAS database.

To identify underrepresented regions in terms of data availability, 
we utilize 1-km Köppen–Geiger climate classification maps [90]. This 
approach is based on the premise that similar climate zones tend to 
exhibit similar ecosystems and, consequently, similar representation in 
existing datasets. Since this study focuses on soil parameter modeling 
in an agricultural context, we emphasize regions of high agricultural 
relevance, as estimated by harvested area of primary crops (FAOSTAT, 
2023).

Fig.  9 compares the proportion of global harvested area per cli-
mate zone (blue bars) with the proportion of dataset origins from the 
literature (orange bars). Climate zones with less than 1% of global 
harvested area are excluded from the analysis as they are considered 
less relevant for this context. We define underrepresented climate zones 
as those where the proportion of harvested area exceeds the proportion 
of literature-referenced datasets.

Fig.  10 visualizes the underrepresented climate zones. These zones 
span large areas of Central and South America, Africa, Central and 
South Asia, and Australia. They are primarily characterized by tropical, 
arid (dry), and mild continental climates, as well as regions of polar 
tundra.

3. Limitations and research opportunities

This section identifies gaps in the current literature by first outlining 
general limitations of state-of-the-art research (Section 3.1) and then 
exploring specific research opportunities (Section 3.2) and workflow 
suggestions (Section 3.3) for potential future studies.
10 
3.1. General research gaps for soil health applications in agriculture

Our analysis highlights several research gaps and opportunities for 
advancing AI applications in soil health.

3.1.1. Limited use of advanced artificial intelligence techniques
In terms of AI methodologies, RF dominated the field, mentioned in 

68% of responses. In contrast, more advanced approaches, such as RL 
and Graph Neural Networks (GNNs), were rarely applied. RL was cited 
in only three DEQ responses, yet it offers promising opportunities for 
DSS, especially in areas like crop rotation planning and fertilizer appli-
cation. When guided by rule-based constraints (or guardrails [91]), RL 
agents can be aligned with specific soil health requirements, enabling 
more controlled and sustainable decision-making. However, the limited 
use of RL in current literature may stem from the lack of realistic 
simulators and the delayed, often sparse, reward signals in agricul-
tural environments. Moreover, the risk associated with trial-and-error 
learning on real-world farms makes RL challenging to apply in practice.

Similarly, GNNs were referenced in just one study, despite their 
strong potential for modeling spatiotemporal autocorrelation. This is 
a highly relevant aspect for soil parameter models, as demonstrated 
by [92]. The limited uptake of GNNs in current literature suggests an 
underexplored opportunity to better capture complex spatial and tem-
poral dependencies in agricultural and soil health data. This underuti-
lization may be due to the additional effort required to construct graph 
structures from spatial data, combined with the technical challenges 
and limited interpretability associated with GNNs in practice.

Given that spatiotemporal autocorrelation leads to overlapping 
patterns in soil parameter modeling [21], multi-task learning (MTL) 
presents a promising yet largely overlooked approach. MTL addresses 
this by incorporating shared sub-models that capture common struc-
tures across related prediction tasks. Despite its potential to enhance 
both model efficiency and accuracy, only one study explicitly ap-
plied an MTL approach [54]. By enabling joint learning of multiple 
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Fig. 9. Comparison of primary crop harvested area (FAOSTAT, 2023) and dataset origins across Köppen–Geiger climate zones. Climate zones representing less 
than 1% of the total harvested area were excluded. For a description of the climate zones shown, refer to the legend in Fig.  10.
Fig. 10. Köppen–Geiger climate zones with at least 1% of global primary crop harvested area (FAOSTAT, 2023) and underrepresented in existing datasets from 
the literature (i.e., harvested area exceeds data point share; see Fig.  9). Based on 1991–2020 climate data from [90].
soil-related targets, MTL could support the development of more holis-
tic and adaptable models, better aligned with real-world agricultural 
decision-making needs. The limited adoption of MTL may be due to 
the challenge of obtaining well and consistently labeled datasets for 
multiple related tasks, as well as the risk of negative transfer when 
task relationships are poorly understood or imbalanced.

Another noteworthy finding is the potential of hybrid modeling 
techniques that integrate data-driven approaches, such as RFs or DL, 
with process-based models like RothC [93] and C-Tool [94] for SOC 
modeling. There are various ways of implementing hybrid models: 
through upstream process-based models followed by data-driven tech-
niques aiming to minimize residuals [95], by incorporating physical 
laws into the neural network’s loss function [96], through physics-
based augmentation of datasets [97,98], or by embedding physics into 
the neural network architecture itself [99]. These approaches offer a 
promising avenues for improving both the accuracy and interpretability 
of predictions. Yet, hybrid modeling remains complex, often requiring 
deep interdisciplinary expertise and significant effort to couple legacy 
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simulation models with modern ML frameworks. The lack of standard-
ized tools or workflows further hinders widespread adoption in the soil 
health domain.

In addition, time-series modeling remains underutilized in soil 
health applications, despite its clear relevance. These models are de-
signed to process sequential data and make temporally-aware pre-
dictions, which is an essential capability given the time-dependent 
nature of many agricultural and soil processes. While a few studies 
employed LSTMs [100] for tasks such as disease and yield predic-
tion [69] or forecasting soil moisture and temperature [101], the 
overall uptake remains modest. Other time-series approaches, includ-
ing Facebook Prophet [102,103], echo state networks (ESNs) [104], 
state–space models (SSMs) [105], and transformer-based models like 
Informer [106] have seen minimal use, though they offer powerful 
capabilities for capturing complex temporal dynamics. This may be 
partly due to the limited temporal granularity and irregularity of 
soil datasets, which restrict the applicability of time-series techniques. 
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Additionally, missing data and noisy measurements complicate model 
training and validation.

Furthermore, another largely underexplored field is the intersec-
tion of machine vision, robotics, and soil health, such as efforts to 
reduce soil compaction through the use of lightweight robots instead 
of heavy harvesting machinery. This represents a notable research 
gap, as AI-driven automation holds considerable potential to enhance 
the precision and efficiency of soil monitoring and management. One 
possible reason is that key soil attributes, such as microbial activity or 
nutrient cycling, are not easily detectable through visual cues. More-
over, acquiring labeled image data in diverse field conditions remains 
a time-consuming and costly challenge.

As automation and AI increasingly influence decision-making and 
field operations, ensuring transparency and trust in these systems be-
comes crucial. In the area of XAI, researchers commonly investigate 
feature importance (FI) and distinguish between global (GFI) and local 
(LFI) perspectives. GFI refers to the importance of individual covari-
ates across the entire dataset, while LFI captures the contribution of 
covariates to a single prediction.

Traditional statistical models, such as linear or logistic regression, 
typically require no additional FI analysis, as their fitted coefficients 
directly indicate covariate importance. In contrast, FI is generally more 
difficult to assess for ML models. Tree-based models, such as RF, are 
a notable exception in terms of GFI, offering built-in methods like
Mean Decrease in Impurity and Permutation Importance. However, for 
LFI, particularly in the context of black-box models such as NNs and 
DL, covariate importance must typically be analyzed using dedicated 
techniques. SHAP values and Local Interpretable Model-agnostic Ex-
planations (LIME) [107] are the most widely used methods for LFI 
analysis [108], with SHAP also applicable to GFI. Despite their utility, 
few studies have applied FI techniques such as SHAP or LIME. In 
general, XAI methods like these should be adopted more frequently 
to enhance the plausibility, interpretability, and explainability of ML 
models. Such improvements are essential for enhancing the trustwor-
thiness of ML systems [21,109]. Their limited use may reflect a general 
lack of awareness or technical familiarity with XAI tools among agricul-
tural researchers, as well as the additional computational burden and 
complexity they introduce to already resource-intensive workflows.

Last but not least, there is still little research on the use of large 
language models (LLMs) for soil health in agriculture, despite their 
significant potential in DSS. Common AI methods in agriculture, such 
as DL, often require large, annotated datasets, which are costly and 
time-consuming to obtain. In contrast, LLMs, such as OpenAI’s ChatGPT 
models, have demonstrated high accuracy in agricultural text classi-
fication tasks [110], even without fine-tuning. This capability could 
be leveraged to inform DSS by extracting insights from unstructured 
data sources, such as news about natural hazards, pest outbreaks, or 
market trends. Moreover, LLMs offer unique potential in translating 
complex analytical or scientific information into formats that are eas-
ily understandable across multiple languages and varying levels of 
education [111].

3.1.2. Regional bias and global applicability
AI research in soil health predominantly focuses on sub-national 

applications, which may limit its relevance for policymakers who re-
quire broader regional or global perspectives. Some approaches aim to 
define soil quality indices using PCA, with the objective of identifying 
a minimum dataset from a larger set of soil properties. These selected 
properties are then transformed to a uniform scale and combined into a 
final index [112]. Such indices enable the assessment and comparison 
of soil health across nearby regions with similar land use types [113]. 
However, developing a globally applicable soil quality index continues 
to be a major challenge due to the wide variation in climatic and soil 
conditions worldwide [114].

Future research should explore methods to develop robust, scalable 
indices that can guide AI-driven soil health assessments on a larger 
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scale. Key AI research areas that can support this scaling include: 
(i) transfer learning [115,116], to adapt models trained on data-rich 
regions to data-scarce areas; (ii) federated ML [117–119], to enable 
collaborative model development across countries without sharing sen-
sitive local data; (iii) self-supervised learning [120], to leverage vast 
amounts of unlabeled soil and environmental data for feature extrac-
tion; and (iv) multi-modal learning [121], to integrate heterogeneous 
data sources such as remote sensing, field measurements, and environ-
mental simulations for more comprehensive models [122,123]. These 
approaches can help bridge the gap between local insights and global 
policy needs in soil health management.

The global applicability of soil health monitoring also depends on 
the availability of accurate on-field measurement methods. While lab-
oratory analyses remain the gold standard for precision, the reliability 
of field-based techniques for key indicators such as SOC and microbial 
activity has been demonstrated [124]. Promoting easy-to-use, on-site 
measurement tools that can be applied by farmers is essential to enable 
regular and widespread soil data collection.

Another approach for scaling from local to regional or even global 
levels is the establishment of lighthouse project networks. These light-
house projects aim to inform policymakers about soil health targets 
under comparable conditions across different regions of a study area. 
Additionally, locally relevant solutions for soil health challenges are 
regularly evaluated and reported. The EU mission A Soil Deal for Europe
has the target of establishing a network of 100 living labs and light-
houses to co-create knowledge, test solutions and demonstrate their 
value in real-life conditions [11,125]. By implementing standardized 
measurement protocols, this network has the potential to enable large-
scale and harmonized assessment of soil data across Europe, potentially 
inspiring similar projects on a global scale.

Furthermore, our analysis of data origins shows clear regional bi-
ases. As extensively discussed in Section 2.3.3, entire climate zones, 
such as tropical, arid, mild continental, and polar tundra regions, 
are significantly underrepresented in AI research for soil health in 
agriculture. These zones span vast areas of Central and South America, 
Africa, Central and South Asia, and Australia. This lack of data from 
key climatic regions raises concerns about whether AI models trained 
on existing datasets can generalize effectively across diverse envi-
ronmental conditions. To ensure the global applicability of AI-driven 
solutions, future research should prioritize the creation of high-quality, 
standardized datasets from these underrepresented areas. In this con-
text, methods for bias detection and mitigation in datasets and AI 
models [126] will be surely essential to address existing imbalances 
and support the development of robust and generalizable AI-based soil 
health assessments.

In summary, while AI has made significant contributions to soil 
health research, several areas remain underexplored. Future research 
should diversify AI methodologies, expand data availability in ne-
glected regions and develop more generalizable soil quality indices. By 
addressing these gaps, AI can play a more effective role in promoting 
sustainable soil management worldwide.

3.2. Research opportunities in modeling soil response variables

In the literature review, we analyzed the data types used to model 
various soil response variables. Fig.  11 highlights the most relevant 
response variable associated with each soil threat, as identified in 
the review. For each response variable, the figure also presents po-
tential input data types (e.g., spectral or topographical data) that 
have been underrepresented in existing studies but remain promising 
avenues for further investigation. It is important to note that these 
response–predictor connections are not intended to suggest modeling 
a response variable using only the indicated predictor types, but rather 
to encourage their inclusion as additional inputs in future modeling 
efforts.
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Fig. 11. Future Research: Mapping potential input data types to the most relevant soil response variables for each soil threat, based on insights from the literature 
review. These mappings highlight feasible but underrepresented combinations of response variables and predictor data types in the existing literature.
An example for the soil threat compaction is predicting bulk density 
based on topographical data, which is a plausible but underutilized 
approach. Terrain attributes such as slope and curvature affect soil 
compaction by influencing machinery movement, water accumulation, 
and erosion. Flatter areas often experience higher traffic and water re-
tention, leading to increased bulk density. AI models using topographic 
inputs, such as those derived from digital elevation models, could 
help estimate bulk density where direct measurements are unavailable, 
offering a scalable solution for compaction risk assessment [127].

Predicting electrical conductivity using agricultural management 
data is another promising but underutilized approach. Management 
practices such as fertilizer application and crop rotation directly in-
fluence salt accumulation in the soil. In addition, excessive irrigation 
without proper drainage can lead to elevated electrical conductivity. 
Incorporating such management data into the modeling process could 
improve the detection and monitoring of salinity risks, particularly in 
intensively farmed or irrigated areas [128].

Beyond topographical and management data, other underused input 
types also hold potential for soil modeling. Climatic data (e.g., mean 
annual temperature and precipitation) influence key processes like or-
ganic matter turnover and microbial activity [129]. Land use data, such 
as EUNIS habitat classifications,12 reflect human impact and ecological 
context. Proximal spectral data from hand-held sensors provide detailed 
surface measurements, while distal spectral data from sensors [130] or 
satellites [131] enable large-scale monitoring of variables like SOC and 
soil moisture.

Similar to Figs.  11, 12 provides a more detailed view of potential 
soil parameters that could serve as predictor variables. The figure 

12 EUNIS habitat classification: https://eunis.eea.europa.eu/habitats-code-
browser.jsp, accessed April 3rd, 2025.
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displays the same set of soil threats and response variables on the left, 
now paired with relevant soil parameters on the right. As before, the 
mappings highlight combinations that are technically feasible but have 
been rarely explored in the existing literature.

For example, predicting SOC using soil mineral nitrogen data is both 
feasible and underexplored. Soil mineral nitrogen content, reflecting 
microbial activity and organic matter decomposition, can improve SOC 
predictions by capturing key biological processes, especially in contexts 
where direct measurements are limited or costly [132]. However, 
especially for SOC prediction it is important to incorporate additional 
soil parameters, such as soil texture, in order to account for SOC 
accumulation potential [133].

Another example involves predicting heavy metal content for the 
soil threat contamination using earthworm data. Earthworms are well-
established bioindicators of soil pollution, as their abundance, biomass, 
and tissue composition often correlate with concentrations of metals 
like lead, cadmium, and arsenic. Changes in earthworm populations can 
signal contamination earlier than traditional chemical analyses, making 
them valuable for early detection. Integrating such biological indicators 
into AI models could enhance the assessment of soil contamination, 
particularly in regions where detailed chemical data is lacking [134].

3.3. Workflow suggestions for soil parameter modeling

The primary use cases of soil parameter modeling in soil research 
encompass various types of prediction tasks. In general, this involves 
estimating soil response parameters based on soil predictor variables. 
These estimates can predict the current state using past observations 
or forecast future conditions. Often, these predictions are used to 
generate maps (DSM), where estimated soil parameters are assigned 
to geographic areas lacking measurements of the response variable, or 
where measurements are unavailable at the desired spatial resolution.

https://eunis.eea.europa.eu/habitats-code-browser.jsp
https://eunis.eea.europa.eu/habitats-code-browser.jsp
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Fig. 12. Future Research: Mapping potential input soil parameters (predictor variables) to the most relevant soil response variables for each soil threat, based 
on insights from the literature review. These mappings highlight feasible but underrepresented combinations of response variables and predictors in the existing 
literature.
The following sections present recommendations for soil parameter 
prediction. In particular, Section 3.3.1 addresses feature extraction 
and data preparation in agricultural contexts, while Section 3.3.2 fo-
cuses on selecting appropriate modeling techniques based on dataset 
characteristics.

3.3.1. Feature extraction and data preparation
When data collection is finished, the typical workflow for soil pa-

rameter prediction proceeds with feature extraction and preprocessing. 
If the data includes RGB imagery or spectral data, it is often necessary 
to extract features from these input types, as shown in Fig.  13. For RGB 
imagery, extracted features may include morphological plant parame-
ters or stress indicators, such as leaf rolling [135]. In contrast, common 
spectral features include crop residue coverage estimates [136,137] 
or vegetation indices like the normalized difference vegetation index 
(NDVI) [62,63], eventually used to estimate yield or crop quality [138,
139]

However, feature extraction is not limited to RGB and spectral data. 
From low-level inputs such as elevation or land use data, more specific 
features such as terrain flatness or distances to water bodies can be 
derived [140]. Additionally, pedotransfer functions and process-based 
models can be used to estimate unknown soil parameters based on 
available data, thereby generating new features and augmenting the 
dataset [141].

In most cases, the objective is to obtain a set of tabular features 
suitable for the subsequent prediction task. Once all input data has been 
transformed into tabular format, optional steps in the data pipeline 
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include feature reduction, data cleansing and outlier filtering, as de-
scribed in Section 2.2.2. Based on the resulting dataset, an appropriate 
modeling technique can then be selected to match the structure and 
characteristics of the data.

3.3.2. Choosing appropriate modeling techniques
One of the most challenging aspects of soil parameter modeling 

is selecting an appropriate modeling technique. The choice largely 
depends on the characteristics of the available dataset. Fig.  14 supports 
soil researchers in choosing suitable approaches based on key dataset 
properties, such as sample size, feature dimensionality, and data linear-
ity. For each scenario, the flowchart suggests applicable models, with a 
legend indicating whether models are robust to noise, support missing 
inputs, or provide uncertainty estimates. The primary focus remains on 
regression models, as they dominate soil parameter prediction tasks.

Ensemble methods such as RF and XGBoost have gained significant 
popularity due to their ability to efficiently extract patterns from large 
and complex datasets. This success is largely driven by their combi-
nation of multiple weak learners and the widespread availability of 
well-optimized software implementations [142]. Among these, RF is 
considered a versatile and reliable default. It is inherently robust to 
noise, can handle missing data through surrogate splits, and provides 
intuitive metrics for assessing FI. Extensions like Quantile Regression 
Forests (QRF) add the ability to quantify prediction uncertainty, mak-
ing them especially useful when uncertainty estimates are required for 
better informed decision making. Other modeling approaches [143] 
also offer algorithmic means to provide confidence estimates for their 
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Fig. 13. Feature extraction workflow based on an example with input data in soil research.
Fig. 14. Recommended regression models based on dataset size, dimensionality and linearity of data.
predictions. Combined with model-agnostic uncertainty quantification 
techniques such as conformal prediction [144], these methods present 
valuable opportunities for estimating confidence in practical soil health 
scenarios, which are often subject to high epistemic uncertainty or 
inherent measurement noise.

Cubist, a hybrid rule-based model, also offers a balance between 
interpretability and predictive power. By combining decision trees 
with multivariate linear regressions at the leaf level, Cubist captures 
nonlinear patterns while maintaining transparency. Like RF, it han-
dles missing values via surrogate features. However, it may be more 
sensitive to outliers due to its reliance on linear regression components.

When working with high-dimensional data, overfitting becomes 
a key concern. Regularization techniques such as Ridge and Lasso 
regression help mitigate this by penalizing complex models. While 
Ridge is effective with correlated predictors, Lasso can shrink irrelevant 
features to zero, effectively performing feature selection. PLSR offers an 
alternative by projecting data into a lower-dimensional latent space. 
Though suitable for small sample sizes, PLSR becomes computation-
ally intensive for large datasets, where tree-based or DL models may 
perform better.

Model interpretability is often critical, particularly in agricultural 
decision-making contexts. While DL models, such as convolutional 
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NNs (CNNs) or Transformers, excel at handling unstructured or high-
dimensional data (e.g., imagery), they are often perceived as black 
boxes. Techniques like SHAP and LIME can help explain predictions 
even in complex architectures. For instance, SHAP has been used in 
SOC modeling to reveal the importance of variables like crop residue 
coverage, temperature, and clay content [136].

Data linearity can be assessed through visual inspection (e.g., scatter 
or residual plots), or by fitting a simple linear model and evaluating 
its residuals. When data is nonlinear, models like RF, XGBoost, or 
Support Vector Regression (SVR) with nonlinear kernels (e.g., radial 
basis function or polynomial kernels) become more appropriate. SVR 
performs particularly well on small to medium sized datasets, provided 
its regularization parameters are carefully tuned [145].

In noisy or uncertain environments, Bayesian Regression, Gaussian 
Process Regression (GPR), and QRF offer the advantage of uncertainty 
quantification. Bayesian models incorporate prior distributions over pa-
rameters, which act as a form of regularization and provide confidence 
bounds around predictions [146]. Similarly, GPR directly models the 
distribution over outputs for any given input, and QRF yields prediction 
intervals by analyzing the spread of tree predictions.

Multi-modal data, such as combinations of imagery, sensor data, 
and farm management records, can be addressed using a serial model-
ing approach: first applying modality-specific feature extraction
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Fig. 15. Recommended models for time-series data and time-series prediction.
(e.g., CNNs for RGB images, spectral indices for hyperspectral data) 
and then aggregating extracted features into a unified tabular format. 
This allows the final regression step to use any classical tabular model, 
such as RF or XGBoost, depending on the dataset properties (Fig.  14).

Time-series data introduces additional complexity due to temporal 
dependencies. For linear trends, traditional models like ARIMA or 
Vector Autoregression are effective. For nonlinear temporal patterns, 
classical ML models (e.g., RF, SVR, gradient boosting) can be used if 
time is encoded as features (e.g., lags or timestamps). For larger or more 
complex datasets, advanced models such as LSTMs, Transformers, Face-
book Prophet, ESNs or SSMs are better suited to capture seasonality and 
long-term trends. Fig.  15 outlines recommended models for time-series 
data.

As discussed in Section 3.1.1, a promising direction in AI-based 
modeling for soil health assessment is the application of hybrid model-
ing techniques. One such approach is physics-informed neural networks 
(PINNs) [147,148], which show strong potential for soil health moni-
toring by integrating physical models of soil processes, such as moisture 
retention, organic matter decomposition, and nutrient cycling, into AI 
predictions. Unlike purely data-driven models, PINNs incorporate these 
known relationships as constraints during training, enabling more ac-
curate and physically consistent predictions, even with limited or noisy 
data. This is particularly valuable for estimating hard-to-measure soil 
health indicators like microbial activity or carbon fluxes, where direct 
observations are sparse. By grounding AI predictions in well-understood 
soil dynamics, PINNs can enhance the reliability and interpretability of 
soil health assessments across diverse environmental conditions.

Finally, when spatial dependencies are not captured directly in 
input features, geostatistical methods such as residual kriging can be 
applied in a post-processing step. This hybrid approach has shown 
improved accuracy in DSM applications, for instance, in the spatial 
prediction of SOC [140].

In summary, the model selection process in soil parameter pre-
diction is highly context-dependent. Factors such as data size, struc-
ture, noise level, interpretability needs, and modality should guide the 
choice.

4. Conclusions and outlook

The integration of AI in soil health research has shown trans-
formative potential in advancing our understanding, monitoring, and 
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management of soil ecosystems, particularly in agriculture. From pre-
dictive modeling and DSM to DSS and XAI, this work has highlighted 
the wide range of AI-driven solutions currently addressing soil health 
challenges. Table  6 summarizes the key insights of this work as well as 
identified research gaps and future research directions.

AI is especially effective in analyzing large-scale, heterogeneous 
datasets, enabling precision agriculture, and detecting early indicators 
of soil degradation. Despite these advancements, several challenges and 
opportunities remain. One major limitation is the lack of standardized, 
globally applicable soil health benchmarks and ground truth datasets. 
Most AI models today rely on region-specific data, limiting their ability 
to generalize across diverse pedo-climatic conditions. To address this, 
future research should focus on developing foundational, universal AI 
models capable of adapting to varying environments while maintaining 
high accuracy. Techniques such as MTL, transfer learning, and fed-
erated learning offer promising pathways for training models across 
distributed datasets while preserving data privacy.

Moreover, several modeling approaches remain underutilized in 
current literature. These include hybrid or physics-informed models, 
which combine data-driven and process-based approaches, as well as 
dedicated time-series models, and RL for dynamic decision-making in 
soil management.

Another promising direction lies in the integration of multi-modal 
AI systems, which combine remote sensing, in-situ sensor data, and 
genomic analysis of soil microbiomes. While ML has been widely 
applied to physical and chemical soil properties, biological aspects, 
such as microbial community structures, remain underexplored. DL 
applications in microbiome analysis could offer new insights by linking 
microbial diversity to soil functions and ecosystem services.

Ethical considerations must also be addressed as AI becomes more 
embedded in agricultural decision-making. Issues such as fairness, in-
clusivity, and data ownership are critical. Future AI tools should be 
co-developed with local stakeholders to ensure equitable access and 
avoid reinforcing regional inequalities.

In addition, explainability remains essential for transparency, trace-
ability, and trust in AI-driven soil health assessments. Many current 
models operate as black or gray boxes, limiting their interpretability for 
farmers, policymakers, and soil scientists. Future work should prioritize 
interpretable ML approaches that provide actionable insights without 
sacrificing accuracy. Models that integrate domain-specific soil science 
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Table 6
Summary of key insights, research gaps, and future directions on AI for soil health in agriculture.
 Key insights Research gaps Future directions  
 AI enables soil health assessment and 
sustainable management

Soil data collection remains inconsistent 
and biased towards a few regions

Establish standardized monitoring protocols; expand data 
from underrepresented zones using transfer learning and 
federated ML

 

 Novel predictor–response combinations 
can improve modeling (cf. Figs.  11, 12)

Many feasible combinations (e.g., 
topography → bulk density, earthworms 
→ heavy metals) remain unexplored

Systematically integrate diverse input data types and 
biological indicators into soil models

 

 Advanced AI approaches (RL, GNNs, 
PINNs, MTL, time-series models) show 
high potential

Underutilized due to technical 
complexity and data demands

Apply RL with guardrails for DSS, GNNs for spatial data, 
MTL for related tasks, and hybrid physics–ML models for 
SOC and other properties with known underlying physical 
dynamics

 

 Interpretability and trust are essential 
for adoption

Few studies apply SHAP, LIME, or 
domain-informed XAI

Prioritize interpretable ML and XAI to ensure transparency 
and stakeholder trust, particularly those with low or even 
null expertise in AI

 

 ML has mainly targeted physical and 
chemical soil properties

Biological aspects (e.g., microbial 
communities) are underexplored

Use DL and multi-modal AI (remote sensing, in-situ sensors, 
microbiome data) to link soil biology with functions and 
services

 

 Emerging technologies offer new 
opportunities

Limited research on robotics for reduced 
soil compaction and LLMs for DSS

Explore lightweight robotics for sustainable field operations 
and LLMs for unstructured data, multilingual knowledge 
transfer, causal inference, and decision support.

 

knowledge with AI techniques could further bridge the gap between 
expertise and automation.

In summary, while AI has already begun reshaping soil health 
research and agricultural practices, significant white spaces remain 
for innovation beyond frontiers. Addressing these open challenges will 
require interdisciplinary collaboration between AI researchers, soil sci-
entists, agronomists, and policymakers. By advancing towards trans-
parent, robust, and globally scalable AI solutions, we can harness AI’s 
full potential to safeguard soil health and ensure the sustainability 
of agricultural ecosystems in the face of climate change and growing 
global food demands.
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