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Abstract- Soil health is foundational for sustainable
agriculture, carbon sequestration, and food security.
Recent advances in artificial intelligence (AI) — especially
machine learning (ML), deep learning (DL), and Al
integration with IoT and remote sensing — are
transforming how soil properties are measured,
monitored, modeled, and managed. This paper reviews
current Al-enabled approaches for assessing soil physical,
chemical, and biological indicators; synthesizes evidence
of their accuracy and scalability; discusses integration
challenges (data, bias, infrastructure, farmer adoption);
and outlines practical pathways and research gaps for
deploying Al to improve soil health at farm to landscape
scales. Key benefits include cost-effective monitoring,
high-resolution mapping, predictive decision support, and
automation that reduces labour and environmental
impacts. The Guardian+4MDPI+4MDPI+4

LINTRODUCTION

Healthy soil sustains crop productivity, stores carbon,
filters water, and supports biodiversity. Traditional soil
assessment relies on lab analyses that are accurate but
costly, time-consuming, and spatially sparse. Al offers
tools to (1) infer soil properties from indirect data
(spectra, multispectral/satellite imagery, proximal
sensors), (2) fuse heterogeneous datasets (sensors,
weather, management history), and (3) deliver
decision-support (variable-rate fertilization, irrigation
scheduling, land management recommendations) — all
at finer spatial and temporal resolution than before.
This paper surveys the state of Al applications for soil
health (definitions and indicators used), evaluates
strengths and limits of current methods, and proposes
research priorities for operational deployment.
MDPI+1

II. DEFINING SOIL HEALTH AND AI TARGETS
Soil health (or soil quality) is typically operationalized

using physical (texture, bulk density, structure),
chemical (pH, macro- and micronutrients, soil organic
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carbon (SOC)), and biological (microbial activity,
diversity, respiration) indicators. Al applications target
one or multiple of these indicators by learning
empirical relationships between observable inputs
(spectral reflectance, proximal sensor outputs, sensor
networks, management, climate) and lab-measured
properties. Digital soil mapping (DSM) extends point
measurements across landscapes using ML models.
swr.agriculturejournals.cz+1

III. METHODS (HOW AI IS APPLIED)

3.1 Data sources

e Proximal and in-situ sensors: soil moisture probes,
ion-selective electrodes, pH probes, and spectral
(VNIR—visible/near-infrared) probes provide fast
point measurements.

e Remote sensing: multispectral and hyperspectral
satellite/drone imagery for surface proxies
(vegetation indices, bare-soil spectra).

e Crowdsourced and management data: farmer
reports, yield maps, agronomic inputs.

e Legacy lab datasets: national soil surveys (e.g.,
LUCAS) used for model training and transfer
learning. MDPI+1

e 3.2 Models and approaches

e C(Classical ML: Random Forests, Gradient Boosting
Machines, Support Vector Machines for
regression/classification of soil attributes.

e Deep Learning: convolutional neural networks
(CNNs) for spectral-image inversion; multitask
networks for simultaneous prediction of several
soil properties.

e Ensemble and hybrid models: combining
physically-informed models (soil process models)
with ML to improve generalizability.

e Edge/loT Al: light-weight models deployed on
sensors or drones enabling near real-time
interpretation and control (variable rate applicators,
robotic systems). MDPI+1

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 4379



© December 2025| IJIRT | Volume 12 Issue 7 | ISSN: 2349-6002

IV. EVIDENCE: WHAT AI CAN DO FOR SOIL
HEALTH (SELECTED FINDINGS)

4.1 Improve spatial coverage & reduce costs

Multiple studies show ML and DL models can estimate
SOC, pH, texture, and certain nutrient concentrations
from spectral data and environmental covariates with
acceptable accuracy, enabling creation of high-
resolution maps that would be infeasible via lab
sampling alone. This reduces monitoring costs and
supports targeted interventions. MDPI+1

4.2 Real-time monitoring and automation

Integration of Al with smart sensors and IoT enables
continuous tracking of moisture, temperature, and
proxies for biological activity — facilitating dynamic
irrigation scheduling and early warnings for soil
degradation. Robotics and autonomous systems (e.g.,
Al-guided herding or grazing robots) can also be used
to manage grazing patterns and reduce overgrazing,
thereby protecting soil structure and carbon stocks.
MDPI+1

4.3 Decision support for sustainable management

Al models translate soil data into actionable
recommendations (variable-rate fertilization maps,
cover crop suitability, tillage reduction zones). Case
reports from smallholder contexts show Al advisory
tools improving input efficiency and yields when
combined with extension support. However, results
vary with data quality and context. The Guardian+1

4.4 Predictive capabilities and early-warning

ML models trained on multi-season datasets can predict
trends in nutrient depletion, erosion risk, or SOC
changes under different management scenarios —
useful for planning regenerative practices and carbon
management. Frontiers

V. LIMITATIONS AND CHALLENGES

5.1 Data quality, representativeness, and transferability
Models trained on one region or soil type often perform
poorly when transferred without recalibration to
another. Lack of standardized, labeled soil datasets
across  geographies constrains robust model

generalization. swr.agriculturejournals.cz

5.2 Measurement noise and proxies
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Remote sensing often captures surface signals that are
imperfect proxies for deeper soil properties. Spectral-
based predictions can be confounded by crop cover,
residue, or moisture. Ground-truthing remains essential.
MDPI

5.3 Infrastructure and equity

IoT + Al deployments require connectivity, power, and
maintenance. Smallholder farmers in low-resource
settings may struggle to benefit without subsidized
services, training, or cooperative models. Adoption
studies highlight the importance of local training and
integration with extension services. The Guardian

5.4 Explainability, trust, and regulation

Black-box models challenge trust and adoption.
Explainable Al (XAI) techniques and transparent
model reporting are necessary for regulatory
acceptance and for farmers to rely on recommendations.
Ethical concerns include data ownership and potential
displacement of indigenous knowledge. MDPI

VI. CASE STUDIES / ILLUSTRATIVE EXAMPLES

e Digital Soil Mapping for SOC: Recent systematic
reviews show DL and ensemble ML outperform
simpler models for SOC mapping when combined
with environmental covariates and remote sensing.
These maps enabled landscape-scale carbon
assessments at lower cost than dense sampling.
MDPI+1

e Sensor + Al systems for moisture & nutrient
management: Field trials with sensor networks and
ML controllers have reduced water use and
improved fertilizer efficiency in pilot projects,
though scaling remains a challenge. MDPI

o Al tools for smallholders (e.g.,
PlantVillage/Virtual Agronomist): Provide crop-
and soil-based advice using satellite imagery and
phone-delivered recommendations; reported yield
gains in early adoption studies but reliant on local
support and digital access. The Guardian
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VIL.PROPOSED METHODOLOGICAL
FRAMEWORK FOR FUTURE FIELD STUDIES
(RECOMMENDED)

1. Hybrid sampling strategy: combine stratified lab
sampling with dense, low-cost spectral/proximal
sensing to build training datasets that capture local
heterogeneity.

2. Modeling pipeline: begin with interpretable ML
(e.g., RF, XGBoost) for feature selection, then test
DL architectures for high-dimensional spectral
data; always validate with spatial cross-validation
to avoid over-optimistic accuracy estimates.

3. Transfer learning and domain adaptation: use pre-
trained spectral models (from large surveys) and
fine-tune with local samples to improve
transferability.

4. Decision-support integration: couple predictions
with simple, context-aware recommendations (e.g.,
VRA fertilizer maps, cover crop suggestions) and
evaluate on-farm outcomes (yield, soil indicators,
economic metrics).

5. Social evaluation: measure adoption barriers,
farmer trust, equity impacts, and data governance
preferences alongside technical performance.
MDPI+1

VIII. FUTURE DIRECTIONS AND RESEARCH
GAPS

e Standardized datasets & benchmarks: public, high-
quality, geo-referenced soil datasets to allow
robust benchmarking and reproducibility.

e Integration across scales: bridging proximal sensor
data (cm—m) with satellite-derived maps (10 m—30
m) for multi-scale monitoring.

e Biological indicators: development of low-cost
proxies (spectral/enzymatic) for microbial activity
and biodiversity, and ML models to predict them.

e Explainable and low-resource Al: compact,
interpretable models suitable for deployment on
edge devices and usable by agronomists and
farmers.

e Policy and incentive design: frameworks that
ensure smallholders access benefits, control their
data, and participate in  carbon-market
opportunities when soil carbon is improved.
MDPI+1
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IX.CONCLUSION

Al is not a single silver bullet but an enabling set of
tools that — when paired with rigorous sampling,
farmer co-design, and appropriate infrastructure — can
make soil health assessment more frequent, affordable,
and actionable. Current evidence shows promising
accuracy for many soil properties using ML/DL and
remote/proximal sensing; successful impact depends
on transferability, explainability, and inclusive
deployment strategies. Priorities for the next 5 years are
standardized datasets, improved biological proxies,
domain-adaptive models, and socio-technical programs
to bring Al benefits to smallholders and large farms
alike. MDPI+1
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