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Abstract—Agriculture plays a pivotal role in ensuring
global food security, yet it faces challenges such as
climate change, resource scarcity, and population
growth. Machine Learning (ML) has emerged as a
transformative technology for addressing these
challenges by enabling data-driven decision-making in
agriculture. This review paper synthesizes the current
state-of-the-art applications of ML in agriculture,
including crop yield prediction, plant disease detection,
irrigation management, soil fertility assessment, weed
and pest control, and supply chain optimization. We
provide a systematic review of literature published
between 2018 and 2025, emphasizing methodologies,
datasets, and performance outcomes. The review
highlights challenges including lack of annotated
datasets, high computational costs, and limited
adoption among small-scale farmers. Finally, we outline
future directions such as explainable Al, federated
learning, integration with IoT, and climate-resilient
models. This paper contributes a comprehensive
overview and critical insights to guide researchers,
policymakers, and practitioners towards sustainable
and technology-driven agriculture.
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L INTRODUCTION

Agriculture remains the backbone of the global
economy, employing nearly 27% of the world’s
workforce and contributing significantly to GDP in
developing countries. However, agriculture is
confronted with major challenges such as increasing
demand for food due to rapid population growth,
climate variability, pest infestations, soil degradation,
and water scarcity. Traditional farming practices
often fail to cope with these demands, necessitating
innovative solutions. Machine Learning (ML), a
subset of Artificial Intelligence (AI), has become
increasingly important in addressing agricultural
problems. By leveraging vast datasets from sensors,
drones, satellite imagery, and Internet of Things (IoT)
devices, ML algorithms can support informed
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decision-making, optimize resource utilization, and
improve productivity. This paper aims to provide a
comprehensive review of recent advances in ML
applications for agriculture, critically analyzing
methodologies, outcomes, and challenges.

IL. METHODOLOGY OF REVIEW

This review adopts a systematic review methodology
to ensure the inclusion of high-quality and relevant
research contributions at the intersection of machine
learning and agriculture. The process was designed to
maintain transparency, reproducibility, and rigor,
following guidelines inspired by the Preferred
Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) framework.

2.1 Literature Search Strategy

A structured search was conducted across multiple
scholarly databases, including Scopus, IEEE Xplore,
SpringerLink, and ScienceDirect, which are
recognized as comprehensive repositories of high-
quality scientific literature. The following keywords
and their combinations were applied:

e “machine learning in agriculture”
e  “precision farming”

e “crop yield prediction”

e “plant disease detection”

e  “‘smart agriculture”

e  ‘“remote sensing in agriculture”

Boolean operators (AND/OR) and wildcard
characters were used to broaden the scope of the
search. For instance, combinations such as “machine
learning” AND “crop yield” or “deep learning” AND
“plant disease” were frequently applied.

2.2 Inclusion and Exclusion Criteria

To ensure the reliability and relevance of the
reviewed literature, the following criteria were
applied:
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e Inclusion Criteria
1. Peer-reviewed journal articles or conference
proceedings.
2. Publications between January 2018 and
June 2025.
3. Articles published in the English language.
4. Studies focusing explicitly on applications
of machine learning in agriculture,
including  crop  management, soil
monitoring, disease detection, and yield
prediction.
e Exclusion Criteria
1. Non—peer-reviewed sources such as theses,
white papers, blogs, or reports.
Duplicate records across multiple databases.
3. Studies without sufficient methodological
or empirical evidence (e.g., conceptual
discussions lacking implementation or
validation).
4. Publications focused solely on traditional
statistical models without the integration of
machine learning techniques.

2.3 Screening and Selection Process

The initial database search retrieved approximately
180 research papers. After duplicate removal, 142
papers were subjected to a title and abstract
screening. At this stage, irrelevant works such as
purely theoretical discussions, non-agricultural ML
applications, and low-quality studies were excluded.
Following this, full-text screening was conducted for
the remaining 95 articles to assess methodological
rigor and relevance to the research questions.

Finally, 65 papers that directly addressed ML
applications in agriculture with robust methodologies
were included for in-depth analysis in this review.
These studies cover domains such as crop yield
forecasting, plant detection, weed
identification, irrigation scheduling, soil monitoring,
and integration of IoT with ML in precision

disease

agriculture.
2.4 PRISMA Flow Diagram

The review process is summarized in a PRISMA-
style flow diagram (Figure 1, placeholder), which
illustrates the identification, screening, eligibility,
and inclusion stages. This diagram highlights the
filtering process from the initial search pool of 180
papers to the final selection of 65 studies for detailed
review.
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Tdentification
Records identified through database searching (w = 180)

Screening
Records after duplicates removed (w = 142)

Eligibility
Full-text articles assessed for eligibility (n = 95)

Included
Studies included in qualitative synthesis (n = 65)

l

Figure 1: PRISMA-style Flow Diagram

III. APPLICATIONS OF MACHINE LEARNING
IN AGRICULTURE

Machine learning (ML) has demonstrated significant
potential in transforming agriculture by enabling
data-driven decisions, improving productivity,
reducing waste, and promoting sustainable farming
practices. This section reviews six core application
domains of ML in agriculture, highlighting the state-
of-the-art methodologies, datasets, and challenges for
each.

3.1 Crop Yield Prediction

Crop yield prediction is one of the most impactful
applications of ML, as accurate forecasts are critical
for food security, supply chain planning, and
economic stabilityy. ML approaches leverage
historical yield data, weather conditions, soil
properties, and remote sensing data to predict crop
output with high accuracy.

e Common ML techniques: Random Forests,
Support Vector Machines (SVM), Gradient
Boosting Machines (GBM), Long Short-Term
Memory (LSTM) networks, and Convolutional
Neural Networks (CNN) for spatiotemporal
data [5], [9], [33].

e Data sources: Satellite imagery (Sentinel-2,
Landsat), UAV imagery, weather station data,
and soil sensor networks.

e Recent advances: Integration of deep learning
with remote sensing has improved prediction
accuracy. For example, Van Klompenburg et al.
[5] showed that hybrid deep learning models
combining CNN and LSTM outperformed
traditional regression models for maize yield
forecasting.
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e Challenges: Dataset scarcity for specific
regions, high dimensionality of remote sensing
data, and model interpretability.

e Key benefits: Enhanced prediction accuracy
and the ability to model complex interactions
among climatic, soil, and crop variables [19],
[33].

3.2 Plant Disease Detection

Plant diseases cause significant yield losses annually.
Early and accurate detection is crucial for timely
interventions. ML-based image analysis has emerged
as a powerful tool for plant disease detection.

e  Techniques: CNN-based deep learning models
dominate this field due to their ability to
automatically extract features from images.
Transfer learning (e.g., ResNet, VGGNet,
Inception) has been widely adopted to enhance
detection performance with limited datasets [3],
[11], [20], [35].

e Data sources: Smartphone images, UAV-
acquired imagery, hyperspectral imaging [36],
and loT-enabled sensors.

e Recent works: Ferentinos [3] achieved disease
classification accuracy above 99% for various
crops using CNN architectures. Mohanty et al.
[4] demonstrated robust performance in
identifying plant diseases from leaf images with
minimal preprocessing.

e Challenges: Variability in lighting, occlusions,
similarity between disease symptoms, and the
lack of large annotated datasets.

e Benefits: Reduced need for manual inspection,
rapid diagnosis, and scalable deployment via
smartphone apps [20], [31].

3.3 Irrigation and Water Management

Efficient irrigation is essential for optimizing water
use and maintaining soil health. ML models help
forecast water requirements and optimize irrigation
schedules.

e Approaches: Time series forecasting using
LSTM, reinforcement learning for adaptive
irrigation, and regression models for soil
moisture prediction [34], [24].

e Data sources: Weather forecasts, soil moisture
sensors, evapotranspiration data, and UAV
imagery.

e Recent advances: LSTM networks combined
with weather and soil data have proven effective
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in daily irrigation scheduling, reducing water
waste  without sacrificing yield [34].
Reinforcement learning approaches adapt
irrigation strategies dynamically, balancing
water efficiency and crop needs.

e Challenges: Real-time data acquisition, sensor
calibration, and integration with legacy
irrigation systems.

e Benefits: Reduced water consumption,
improved crop yield, and environmental
sustainability [24], [37].

3.4 Soil Fertility and Nutrient Analysis

Soil fertility management is critical for sustainable
agriculture. ML techniques assist in soil property
prediction, nutrient analysis, and optimal fertilizer
recommendations.

e  Techniques: Support vector regression, Random

Forests, and deep learning for high-dimensional
soil property prediction [36], [15].

e Data sources: Soil samples, remote sensing

imagery, and spectral analysis.

e Recent works: Zhang [36] demonstrated the use

of hyperspectral imaging combined with ML
models to map soil properties accurately. Patricio
and Rieder [15] reviewed the utility of computer
vision for soil monitoring.

e Challenges: Spatial variability of soil properties,

high cost of data acquisition, and the need for
large calibration datasets.

e Benefits: Enhanced nutrient management,

reduced fertilizer waste, and environmental
protection [15], [36].

3.5 Weed and Pest Control

Weeds and pests significantly reduce crop
productivity. ML models help detect and identify
weeds and pests, enabling targeted interventions and
reducing chemical use.

e Approaches: Object detection algorithms
(YOLO, Faster R-CNN), segmentation models,
and classification models [22], [7], [32].

e Data sources: UAV imagery, ground-based
sensors, and hyperspectral data.

e Recent advances: High-precision weed
detection using UAV-based imagery has
enabled site-specific herbicide application,
significantly reducing chemical use [22]. Edge
computing combined with ML allows real-time
processing for large-scale weed detection [37].
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e Challenges: Variability in weed species and
growth stages, data annotation requirements,
and real-time computation constraints.

e Benefits: Cost savings, reduced environmental
impact, and precision pest control.

3.6 Supply Chain and Post-Harvest Optimization

ML supports optimization in the agricultural supply
chain, from harvesting to delivery, improving
efficiency and reducing waste.

e  Applications: Demand forecasting, transportation
optimization, cold-chain management, and
quality grading [8], [17], [27].

e Techniques: Time series forecasting, clustering
algorithms,  reinforcement

predictive analytics.

learning, and

e Recent works: Waqas et al. [21] reviewed ML
applications for post-harvest optimization,
highlighting significant efficiency gains in supply
chain logistics. Machine vision systems for
quality grading have reduced manual inspection
errors [8].

e Challenges: Complex supply chain dynamics,
lack of real-time data integration, and
interoperability between stakeholders.

e Benefits: Reduced post-harvest losses, optimized
logistics, and improved profitability.

Summary of ML Application in Agriculture

Applica | Techniq | Data Challeng | Benefit

tion ues Sources | es s
Crop Random | Satellite | Dataset Improv
Yield Forest, imagery | scarcity, | ed yield
Predicti | SVM, , UAV high forecast
on GBM, imagery | dimensio | s,
LSTM, s nality, efficien
CNN weather | interpret | t
data, ability resourc
soil e use
sensors
Plant CNN, Smartph | Lighting | Rapid,
Disease | Transfer | one variabilit | scalable
Detecti Learning | images, |y, disease
on (ResNet, | UAV symptom | diagnos
VGGNet | imagery | similarit | is
) , y, lack of
hypersp | annotate
ectral d
imaging | datasets
, 10T
sensors
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Irrigati | LSTM, Weather | Real- Reduce
on and Reinforc | forecast | time data | d water
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ment e sensor ed yield

sensors, | calibratio

UAV n

imagery
Soil Support | Soil Spatial Enhanc
Fertility | Vector samples | variabilit | ed
and Regressi | , remote | y, data nutrient
Nutrien | on, sensing | acquisiti | manage
t Random | imagery | on cost ment,
Analysi | Forest, , reduced
s Deep spectral fertilize

Learning | analysis r waste

Weed Object UAV Weed Cost
and Detectio | imagery | species savings,
Pest n , variabilit | precisio

Control | (YOLO, | hypersp | y,real- n pest

Faster ectral time control
R-CNN) | data computat
ion

Supply | Time Demand | Complex | Reduce

Chain Series data, supply d post-

and Forecasti | transpor | chain harvest
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Harvest | Clusterin | data, s, lack of | improv

Optimi | g, quality | real-time | ed
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ement images | on ility
Learning

Table 1: Summary of ML Application in Agriculture

IV. DISCUSSION AND CRITICAL INSIGHTS

Machine learning (ML) has emerged as a
transformative force in agriculture, offering
innovative solutions for yield prediction, disease
detection, irrigation optimization, soil analysis, weed
control, and supply chain management. However,
despite encouraging progress, the literature
highlights several enduring challenges that must be
addressed to realize the full potential of ML in
agricultural systems.

4.1 Data Limitations and Model Generalizability

A major challenge identified across multiple studies
[5], [7], [36] is the scarcity of annotated and domain-
specific datasets. Many ML models are trained on
datasets that are limited in size, scope, and
geographic  diversity, resulting in reduced
generalizability. For example, crop yield prediction
models trained on data from one climatic zone often
perform poorly in another due to variations in soil
properties, climate, and farming practices [5], [19].
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Similarly, plant disease detection models frequently
rely on curated datasets that may not account for real-
world variability in lighting, occlusion, and disease
stages [3], [20]. Addressing this requires the
development of large-scale, open-access agricultural
datasets and frameworks for domain adaptation to
improve robustness and transferability of ML
models.

4.2 Computational and Infrastructure Challenges

Several studies have emphasized that the
computational requirements of modern ML,
particularly deep learning algorithms, pose barriers to
adoption in rural and resource-constrained
environments [7], [34], [37]. High-resolution remote
sensing data and deep neural networks demand
substantial computational power and energy
resources, which are often unavailable in smallholder
farms. The need for edge computing solutions,
lightweight model architectures, and cloud-based
platforms has been underscored as a pathway to
bridging this gap [37]. Furthermore, reliable internet
connectivity remains a bottleneck in many
agricultural regions, limiting access to cloud-based
analytics.

4.3 Socio-Economic Barriers

Social and economic factors also hinder the
widespread adoption of ML technologies in
agriculture. Digital illiteracy, lack of technical
training, and limited awareness of technological
benefits restrict uptake among farmers, particularly in
developing nations [7], [38]. Infrastructure deficits
such as inadequate access to power, loT sensors, and
data acquisition devices further compound the
problem. Additionally, the cost of adoption —
including hardware, software, and maintenance —
remains a major challenge for small-scale farmers
[38]. Studies suggest that tailored capacity-building
programs and affordable technology solutions are
critical for overcoming these barriers.

4.4 Opportunities and Emerging Trends

Despite the challenges, the adoption of ML in
agriculture is growing, especially in developed
regions where infrastructure, funding, and technical
expertise are more readily available [5], [8], [21].
Emerging trends identified in recent literature include
the integration of explainable Al (XAI) to build trust
among farmers [28], the use of federated learning for
privacy-preserving collaborative model training [25],
and the integration of ML with IoT and edge
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computing for real-time decision-making [24], [37].
These advancements could significantly enhance
scalability and accessibility. Moreover, the use of
transfer learning and synthetic data generation
presents promising avenues for addressing data
scarcity issues, enabling models to generalize better
across diverse agricultural contexts [3], [20], [36].

4.5 Scaling Innovations in Developing Regions

Studies consistently emphasize that scaling ML
innovations in agriculture will require not only
technological advancements but also policy support
and inclusive frameworks that ensure equitable
access [7], [38]. Partnerships between governments,
research institutions, and industry stakeholders can
help develop sustainable solutions that meet the
specific needs of diverse agricultural communities.
For example, creating subsidized access to ML tools,
establishing local data repositories, and providing
farmer training programs can facilitate broader
adoption and drive the transition towards precision
agriculture on a global scale.

While ML in agriculture offers significant promise,
addressing challenges related to data, computational
infrastructure,
scalability is essential. Progress in these areas will be
instrumental in achieving sustainable, technology-
driven agriculture that can meet the growing demands
of a changing world.

socio-economic  barriers, and

V. FUTURE DIRECTIONS

Future research in ML for agriculture should address
the following directions: (i) development of climate-
resilient ML models, (ii) integration of ML with IoT,
remote sensing, and edge computing for real-time
decision-making, (iii) application of federated
learning for privacy-preserving collaborative model
development, (iv) adoption of explainable Al to build
trust among farmers, and (v) creation of affordable
and user-friendly ML tools for small-scale farmers.

VL CONCLUSION

This review provided a comprehensive analysis of
machine learning applications in agriculture,
covering crop yield prediction, disease detection,
irrigation, soil analysis, weed management, and
supply chain optimization. Despite challenges such
as lack of datasets and high computational costs, ML
has the potential to revolutionize agriculture by
enabling data-driven decision-making. Future
research should focus on integrating emerging
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technologies and addressing socio-economic barriers
to ensure equitable and sustainable adoption of ML in
agriculture.
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