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ABSTRACT

The incorporation of Artificial Intelligence (AI) is revolutionizing soil science by improving our understanding, prediction and
management of soil systems. Digital soil mapping (DSM), nutrient management, erosion evaluation, and soil health evaluation are all
being advanced by machine learning (ML) techniques, including Random Forests, Support Vector Machines (SVM), and Deep Neural
Networks (DNN). Al-driven models that use a variety of datasets, such as remote sensing (RS), topographical, spectral, and
meteorological data, are currently assisting traditional methods that were previously time-consuming and limiting. These technologies
make it possible to forecast important soil characteristics including pH, conductivity, and organic carbon with great accuracy and
precision. when combined with RS and Geographic information system (GIS), Al supports sustainable agriculture by improving real-
time monitoring of soil deterioration and water quality. Al is an essential addition to conventional soil science, enabling more accurate

and expandable solutions.
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Introduction

There is no denying that Al has the potential to advance innovation and
knowledge. A lot of study has been done in the last few decades on the
creation and use of Al in soil science. Although ML accounts for the
majority of Al applications in soil science today, Al also includes other
domains including knowledge representation, digital image analysis,
natural language processing (NLP), and expert systems [1]. This article
gives a brief review of the evolution of A, ML models, and neural networks
in the context of soil science and their application. Besides the
considerations of the future of integrating Al in soil science, it also presents
the current applications, the things to consider when introducing such
technologies, and the areas in which they can be enhanced to make the
improvement even in soil science [2].

Examples of notable ML applications in soils science are soil type and soil
properties prediction using DSM or pedotransfer functions and using
infrared spectral data to deduce the soil properties. Soil data has also been
analysed by ML to make conclusion of the controls of the distribution of the
soil [3]. The Al-based practices that have been enabled by RS have brought
immense benefits in soil monitoring and predictive power. The use of Al
has also enhanced prediction of erosion, optimization of nutrients and
assessment of soil health and makes agricultural more data-driven and
effective. Nonetheless, some problems like data reliability, needs of
computational resources and interpretability of the model should be sorted
out to facilitate more spread in agricultural practices. Nevertheless, Al and
ML continue transforming the scope of soil analysis and provide an
opportunity of ethical farming and exact agriculture despite the specified
drawbacks [4]. This study explains the trends that Al is causing on soil
science with ML Techniques and RS technologies, ensuring that the soil
system can be analyzed and managed more accurately, effectively, and data-
driven.

The digital dirt revolution

The modern techniques of analytical and predictive modelling (on the basis
of Al) are transforming soil research. It is complex to measure, understand,
display, and express soil. In this respect, Al is important in extracting
patterns in huge datasets. Having conducted thorough research of numerous
significant factors, such as topography, soil structure, agriculture practices,
and weather patterns, Al-powered apps can be utilized to enhance the
production of farming. Such technologies are implemented in a broad
variety of areas, including crop quality assessment, livestock control, the
detection of diseases and weeds, and soil cartography. Using Al tools, it is
now becoming easier to develop prediction models that incorporate a vast
amount of data sources, such as multispectral photographs of the area,
datasets in the field, and so on [5].

Soil smarts
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Previously, field of study: soil was heavily reliant upon field surveys,
laboratory analysis and hand on sampling. These methods successfully
applied in small-scale research were however quite expensive, time-
intensive and prone to bias or human error due to uneven sampling [6]. The
initial shift was in the later part of the 20th century when geostatistics and
RS were introduced but even then, this was never predictive. The early
2000s gave a paradigm shift with the introduction of ML especially Random
forest, SVM and subsequently deep learning. Higher-dimensional data such
as topography, spectral signatures and weather statistics could be handled
with topography and spectral signatures being considered by the ML models
to improve the accuracies of predictions of the soil properties. This adoption
was initially slow because of the absence of computer power and data
availability but has grown tremendously after 2010 due to the popularity of
big data and cloud computing [7,8].
ML algorithms, such as Random Forest, SVM, and DNN, are commonly
applied these days to predict soil properties (including pH, electrical
conductivity, clay content, cation exchange capacity (CEC) and soil organic
carbon (SOC)) [9]. ML is helpful to generate high resolution soil mapping
based on data of topography and climatic variables, Landsat/Sentinel
pictures, spectral reflectance (Vis-NIR) [10,15]. Examples of recent
developments are cross-validation to test model reliability, Shapley
Additive explanations (SHAP) values, calcium oxide (CaO) to interpret
black-box models, and greater access to open datasets and model
transparency procedures to ensure repeatability [11].Al is becoming
increasingly interpretable and responsible for land-use decisions, not
merely automating predictions. In order to enhance land use classifications
and support sustainable management strategies, Al evaluates the
fundamental reasons for categorizations, Transformer models record
contextual information, and NLP draws insights from linguistic information
[12].
From ground to cloud
There are many problems which occur to the soil. These problems include
erosion, compaction, nutrient imbalances and contamination. Soil erosion
is a natural process that happens when the soil's upper layer-the productive
portion of soil-is disturbed or removed with a variety of causes, forms, and
consequences. Erosive factors that result in soil erosion includes water,
wind, ice (glaciers), snow, plants, animals, and human activity. The RS
technologies use satellite and aerial imagery to identify and track patterns
of soil erosion and areas that are at risk. Additionally, it may reduce the
effects of soil erosion on the overall condition and health of the soil [13].
Irrigation water quality indicators like pH, oxygen concentration, and levels
of pollutants have been evaluated and predicted using Al-driven models. In
order to control water resources and guarantee usable, more pure water,
these models can interpret data from sensor networks and technologies for
RS, offering real-time assessments [14].
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Furthermore, RS technologies allow observing, detecting, and describing
soil erosion using multispectral and hyperspectral imaging. The
combination of AL, RS, and GIS improves the process of faster and efficient
decision-making. It also has positive potential applications in regard to
monitoring and control of natural resources at various times, locations, and
spectral resolutions. This combination is necessary so as to identify, explain,
track as well as estimate the soil erosion [13].

Conclusion

Introduction of Al in soil research has led to an irreversible shift in our
perception, measurement, and governance of soil resources. Al is
transforming conventional method by turning it smart and data driven in
terms of enhancing DSM and erosion assessment, precision agriculture that
requires real time analysis of data. Besides enhancing the accuracy of
predictions, the ML methods and RS technologies have enlarged the scale
and efficiency of the studies related to soil. The impressive advancements
should occur because problems such as data accessibility, model
interpretability, and computational requirements must be solved. However,
these challenges could be erased in the future with the continuous
advancement of artificial intelligence technologies and the increase of
interdisciplinary collaboration. As soil science enters the digital era, Al
emerges as a potent ally rather than a substitute, enabling both farmers and
academics to build a more sustainable and knowledgeable future. In order
to properly utilize Al in soil science, future work should concentrate on
creating standardized, open-access soil databases at the regional and
worldwide levels. Improved model training, cross-national cooperation, and
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reproducibility of Al-driven research would all be made possible by these
datasets.
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