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ABSTRACT 
  
Artificial intelligence (AI) and machine learning have emerged as important technologies for advancing 
precision agriculture through data-driven decision-making, real-time monitoring, and automation 
across the crop production cycle. This review provides a comprehensive assessment of AI-driven 
agricultural technologies and their integration with enabling systems, including unmanned aerial 
systems, remote sensing, the Internet of Things, big data analytics, and robotics. Unlike previous 
reviews that primarily focus on specific AI techniques or individual agricultural applications, this 
review offers an integrated perspective on technological architectures, practical applications, 
implementation challenges, and sustainability implications within the Agriculture 4.0 framework. AI-
based approaches support crop health monitoring, disease and pest detection, resource management, 
and crop yield prediction through advanced machine learning and deep learning techniques. In 
particular, convolutional neural networks, vision transformers, and hybrid architectures have 
demonstrated strong capabilities in processing multispectral, hyperspectral, and multimodal 
agricultural data. Despite their potential to improve productivity, resource-use efficiency, and 
environmental sustainability, several challenges continue to limit widespread adoption, including data 
scarcity, limited model generalizability, interoperability constraints, high implementation costs, and 
insufficient digital skills among smallholder farmers. Additional concerns related to data privacy, 
ownership, transparency, and algorithmic bias further complicate implementation. This review 
discusses recent advances, current limitations, and future research directions, emphasizing the 
development of scalable, interpretable, and human-centered AI systems, as well as the integration of 
federated learning and physics-informed approaches to support resilient and sustainable agricultural 
systems. 
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1. Introduction 
 

Global agriculture is facing unprecedented challenges, 
including climate change, population growth, declining natural 
resources, and increasing food demand. These challenges have 
intensified the need for sustainable and efficient farming 
practices, creating opportunities for the adoption of artificial 
Intelligence (AI) and other digital technologies. The development 
of precision agriculture started to depend on AI and machine 
learning (ML), which transformed traditional farming methods 
into data-based scientific work (Ahmed et al., 2024; Oliveira & 
Silva, 2023; Qazi et al., 2022; Sachithra & Subhashini, 2023). AI-
based systems in agriculture enable farmers to make decisions 
based on data while they monitor their crops in real time and 
automate processes from planting to harvesting, improving 
productivity and operational efficiency (Kalbhor, 2025; Min et al., 
2025; Qazi et al., 2022). The implementation of ML and Internet 
of Things (IoT) technologies in precision agriculture and 
Agriculture 4.0 results in better resource management, which 
leads to higher crop production outcomes (Kalbhor, 2025; 
Manono et al., 2026; Qazi et al., 2022; Sharma et al., 2021). The 
modern data-driven farming approach of Agriculture 4.0 

implements solutions to combat agricultural production 
challenges, which include expensive production methods, 
insufficient workforce, water limitations, and ecological impact. 
By integrating AI, unmanned aerial systems (UAS), IoT, big data 
analytics, and agricultural robotics, the system automates 
farming operations and enhances agricultural efficiency. 
Agriculture 4.0 uses real-time data collection from soil, crop, and 
weather data to enable farmers to make precise decisions while 
using resources effectively, which leads to higher crop yields and 
better-quality produce (Vijayakumar et al., 2025). 

AI has significantly transformed agricultural monitoring and 
management by enabling the integration of remote sensing, ML, 
and intelligent decision-support systems. High-resolution 
satellite imagery and UAS provide valuable information for 
monitoring crop conditions, while multispectral data from 
platforms such as Sentinel-2 facilitate the assessment of 
important crop health indicators (Jung et al., 2021; Gara et al., 
2022; Alaoui et al., 2024). When combined with in-situ sensor 
measurements of soil moisture, temperature, and nutrient status, 
these technologies provide a comprehensive understanding of 
field conditions and support data-driven agricultural 
management (H. Singh et al., 2025; Manono et al., 2026). 
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Recent advances in AI, particularly deep learning (DL) 
approaches, have further enhanced the capacity to analyze 
complex agricultural datasets. Convolutional neural networks 
(CNNs) and related architectures have demonstrated strong 
performance in image-based crop monitoring applications, 
including disease and pest detection, thereby improving the 
accuracy and timeliness of agricultural interventions (Wang et al., 
2022; Preanto et al., 2024; Arputharaj & Karunanithy, 2026). 
Moreover, emerging technologies such as Generative AI (GenAI) 
offer new opportunities for agricultural image analysis by 
improving predictive performance and addressing data scarcity 
challenges through synthetic data generation and augmentation 
techniques (Hua et al., 2025; Min et al., 2025). Beyond crop 
monitoring, AI and ML technologies contribute substantially to 
sustainable crop management by optimizing resource utilization 
and supporting informed decision-making. Intelligent irrigation 
systems leverage real-time sensor data to improve water-use 
efficiency, while AI-assisted fertilization strategies enable precise 
nutrient application, reducing excessive fertilizer use and 
mitigating environmental impacts (Shaikh et al., 2022; Debnath 
et al., 2024; Mamatha & Shalini, 2025). In addition, predictive 
analytics and yield forecasting models provide farmers with 
valuable insights for resource allocation, production planning, 
and risk management, ultimately enhancing farm productivity 
and sustainability (Y. Zhang, Liao, et al., 2023; Anokhina et al., 
2025). 

Despite these benefits, several challenges continue to limit 
the widespread adoption of AI in agriculture. Model performance 
is often affected by variations in environmental and 
agroecological conditions, which can reduce the generalizability 
of AI systems across different regions and cropping systems 
(Gikunda, 2024; Min et al., 2025; Oliveira & Silva, 2023; Sachithra 
& Subhashini, 2023). Additional barriers include interoperability 
issues among digital platforms, high implementation costs, and 
limited technical expertise among smallholder farmers (Adli et 
al., 2023; Gikunda, 2024; Mamatha & Shalini, 2025). 
Furthermore, concerns related to transparency, explainability, 
data privacy, and cybersecurity highlight the need for 
responsible and trustworthy AI frameworks within agricultural 
systems (Tzachor et al., 2022; Cartolano et al., 2024; Grati et al., 
2025). 

The future of AI in agriculture remains highly promising as 
emerging technologies continue to expand the capabilities of 
precision farming. AI-driven advisory systems, IoT-enabled 
infrastructures, and advanced computer vision (CV) applications 
are expected to further improve agricultural efficiency and 
decision-making processes (N. Singh et al., 2024; Johnson et al., 
2025; Luo et al., 2025). In parallel, the integration of AI with 
remote sensing technologies and climate-resilient agricultural 
practices may contribute to enhanced environmental 
sustainability and adaptation to climate change (Jung et al., 
2021). Future research should also focus on human-centered AI, 
federated learning, and physics-informed modeling approaches 
to develop scalable, transparent, and sustainable agricultural 
systems that balance productivity with environmental 
stewardship (Kumar et al., 2023; Katharria et al., 2026). 

Previous reviews have primarily focused on individual 
aspects of agricultural AI, including ML, IoT systems, UAS-based 
monitoring, and CV applications. However, a comprehensive 
synthesis integrating AI technologies, precision agriculture 
applications, sustainability considerations, and emerging 
developments remains limited. Therefore, this review provides a 
critical overview of AI-driven technologies, their applications, 
challenges, and future directions in precision agriculture.  

The remainder of this paper is organized as follows: Section 
2 presents enabling technologies, Section 3 focuses on crop yield 
prediction and resource management, Section 4 reviews AI 
models and techniques, Section 5 examines key challenges, 
Section 6 highlights sustainability aspects, and Section 7 
concludes the paper with future research directions. 

2. Technologies Enabling AI in Agriculture 
 
AI-enabled agricultural systems rely on the integration of 

several key technologies, including UAS, remote sensing, the IoT, 
big data analytics, and intelligent decision-support models. These 
technologies generate and process large volumes of spatial, 
temporal, and environmental data for monitoring crops, soil 
conditions, and agricultural operations. The resulting data are 
transmitted through a multi-layered architecture comprising 
edge devices, fog computing nodes, and cloud platforms, where 
AI models support analysis, prediction, and decision-making. 
This technological framework forms the foundation of modern 
Agriculture 4.0 and enables the effective deployment of AI-driven 
agricultural applications. 

AI enables the transformation of agricultural data into 
actionable insights for precision farming. By integrating 
information from satellite imagery, UAS platforms, IoT sensors, 
weather stations, and historical records, AI systems support crop 
monitoring, resource optimization, irrigation management, 
disease detection, and decision-making processes. These 
capabilities have contributed significantly to improving 
agricultural productivity while reducing environmental impacts 
(Sharma et al., 2023). The main utilization of AI in precision 
agriculture involves using CV and DL models for crop health 
monitoring. Researchers found that CNNs successfully analyze 
high-resolution images, which drones and ground-based cameras 
capture to identify early signs of disease and pest infestations 
and nutrient deficiencies (Ghazal et al., 2024; Wang & Kang, 
2025). Several studies have reported reductions of up to 30% in 
pesticide and fertilizer use under specific precision agriculture 
implementations, although the results vary depending on crop 
type, management practices, and environmental conditions 
(Mishra, 2025). The systems detect subtle visual changes 
indicating plant distress before humans can observe them. AI-
based disease detection systems have reported classification 
accuracies exceeding 90% in controlled experimental datasets 
for crops such as wheat, rice, and tomato (V. K. Gupta et al., 
2025). 

AI technology provides significant advantages in the field of 
resource optimization. ML algorithms can analyze soil 
composition data, weather forecasts, crop growth stages, and 
historical yield information to determine optimal irrigation 
schedules and fertilizer application rates (Yao & Ye, 2025). AI-
powered intelligent irrigation systems can decrease water usage 
by 30% while maintaining or improving crop production 
(Mishra, 2025). AI-model-based precision fertilization practices 
help reduce nitrogen runoff and other types of environmental 
pollution while delivering necessary nutrients to crops according 
to their developmental needs (Yao & Ye, 2025). The combination 
of AI and variable rate technology (VRT) enables equipment to 
modify its input application rates based on spatial field 
differences, which generates prescription maps that show micro-
level soil variation and crop requirement data (Taseer & Han, 
2024). 

 
2.1 Unmanned aerial systems and remote sensing 
Drones, which people officially call UAS, have developed into an 
important enabling technology because they permit farmers to 
gather high-quality, instantaneous, and location-specific 
information that they can use for precise agricultural farming. 
UAS technology provides its main benefit to agricultural systems 
because it enables farmers to collect essential field information, 
which conventional scouting methods fail to deliver, and satellite 
and manned aircraft systems cannot provide because of their 
high operational costs and limited monitoring capability and 
satellite systems. UAS systems can produce centimeter-level 
agricultural field images through their ability to fly at low 
altitudes, which lets them capture detailed field patterns that 
support various resource management methods, crop growth 
improvement tactics, and eco-friendly farming methods. 
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Agriculture drone applications are as follows: UAS technologies 
support a wide range of agricultural applications, including crop 
monitoring, soil assessment, precision pesticide application, field 
mapping, irrigation management, and livestock surveillance 
(Sharma et al., 2023).  

Crop health monitoring has developed into its most 
advanced form because it functions as an established agricultural 
practice that farmers use throughout their fields. The UAS 
system, with its multispectral, hyperspectral, and thermal sensor 
capabilities, can assess vital biophysical and biochemical 
characteristics of plants. The UAS system uses aerial imagery to 
calculate vegetation indices, which include the normalized 
difference vegetation index (NDVI) to measure crop health and 
chlorophyll levels and canopy thickness (Gerardo & de Lima, 
2023). The system enables detection of biotic stressors such as 
pest attacks and disease outbreaks, along with abiotic stressors, 
which include water and nutrient Shortages that occur before 
they become visible to observers (Manishankar et al., 2021). 
Thermal cameras can detect small temperature changes in the 
canopy, which function as water status indicators for plants 
because they show how much water plants lose through 
transpiration, enabling precise irrigation control (Johansen et al., 
2023). The system functions as both a diagnostic tool and a 
predictive system because scientists use UAS data to build ML 
models that predict crop growth through the season and create 
digital field twins that help farmers make decisions about 
irrigation, crop harvesting, and yield estimation (Pal et al., 2025). 

Recent studies have further enhanced UAS capabilities 
through the integration of AI-powered CV systems. DL models 
can automatically analyze drone imagery to detect weeds, 
estimate biomass, classify crops, and support variable-rate 
pesticide application with high spatial accuracy (Basso et al., 
2025; Rashid et al., 2025). In addition, UAS-derived vegetation 
indices, such as the NDVI, provide valuable information for crop 
monitoring and biomass assessment (Freitas et al., 2022). Studies 
have also reported high classification performance for AI-based 
UAS image analysis, highlighting the potential of these systems 
for real-time agricultural decision support (S. K. Gupta & 
Agarwal, 2025; Taseer & Han, 2024). 

UAS systems are now being utilized for precise intervention 
in environmental protection efforts, which require active 
environmental intervention. Unmanned aerial spraying systems 
represent a significant advancement over conventional broadcast 
spraying methods. The system uses UAS survey data to create 
detailed maps, which enable Variable Rate Application (VRA) of 
agrochemicals like pesticides and herbicides, and fertilizers 
(Taseer & Han, 2024). The VRA technology enables a variable 
input application that uses real-time crop data to determine 
when and how much agricultural input should be applied to 
fields. The method dramatically decreases chemical consumption 
while it reduces environmental damage that occurs from spray 
drift and decreases farming expenses, and prevents target 
organisms from acquiring pesticide resistance (Carreño Ruiz et 
al., 2022; Ivezić et al., 2023). Researchers advanced this field 
through their research, which combined DL algorithms with UAS 
technology to enable precise location spraying without human 
intervention. The study created a system that successfully 
detected and georeferenced individual artichoke plants in a field, 
which enables ultra-precise application that targets particular 
crops while protecting non-target areas (Sassu et al., 2023). The 
future of sustainable plant protection relies on this combination 
of automation and intelligent systems which will evolve into 
advanced environmental protection technologies. 

Remote sensing serves as the basic element of AI-powered 
agricultural systems because it delivers essential observational 
information, which enables intelligent systems to conduct their 
analysis. Through the use of multispectral and hyperspectral 
imaging satellites, UAS, and ground-based sensors, scientists 
obtain comprehensive spectral data of crops, soil, and water 
resources. UAS -based NDVI vegetation indices effectively 

estimate pasture aboveground biomass in integrated crop-
livestock systems (Freitas et al., 2022). The combination of 
Sentinel-2 satellite imagery with leaf area index and foliage 
biomass site variables allows researchers to predict foliar traits 
in conifer species, which shows how remote sensing can be used 
for ecological monitoring in large areas (Gara et al., 2022). The 
combined application of airborne and ground-based sensing 
methods enables researchers to conduct multi-scale evaluations 
while simultaneously improving their ability to gather data at 
more precise spatial points and through more frequent time 
intervals (Alexopoulos et al., 2023). The analysis of UAS data 
through ML techniques enables the creation of both predictive 
and prescriptive models. The combination of crop simulation 
models with remotely sensed phenotypic data creates an 
effective method that helps digital agriculture make better crop 
productivity estimates and decision-making processes (Jung et 
al., 2021). 

Despite their superior spatial resolution and flexibility, UAS 
platforms are associated with higher operational costs, limited 
flight duration, and weather-related constraints. In contrast, 
satellite remote sensing provides broader spatial coverage and 
lower monitoring costs but often lacks the spatial resolution 
required for field-level decision-making. Consequently, the 
integration of UAS and satellite data is increasingly re-
commended to balance accuracy and cost-effectiveness. 

 
2.2 Internet of Things (IoT) and Sensors 

Modern agriculture has adopted the IoT as a crucial 
technology because it enables farmers to implement automated 
digital farming methods. The main purpose of IoT smart farming 
solutions is to aid crop field monitoring and the automation of 
irrigation systems with the help of sensors (Zamir & Sonar, 
2023). Through the use of IoT devices together with sensor 
technology, farmers now have the ability to transition from 
conventional farming methods, which depend on personal 
experience, to modern farming techniques that use precise 
agricultural information. The system demonstrates its operation 
through three components, which include real-time sensing, 
wireless communication, and intelligent data analytics to create a 
system that permanently monitors, evaluates, and responds to 
conditions found in agriculture. 

The combination of AI and IoT technologies enables the 
creation of sophisticated monitoring systems that provide 
continuous data streams to assist agricultural decision-making 
(Dong & Ren, 2025; S. Singh et al., 2025). Field-based smart 
sensors gather data about soil moisture levels, temperature 
conditions, humidity measurements, light intensity readings, and 
other environmental variables, which they send to cloud AI 
systems for processing (Mansoor et al., 2025). The integrated 
systems use predictive analytics to create agricultural yield 
forecasts and pest outbreak predictions and assess various 
management strategies across different climate change scenarios 
(Neetu, 2024). Long short-term memory (LSTM) networks have 
demonstrated their value for forecasting time-based data, which 
helps farmers predict both yield outcomes and soil health 
conditions to make better planting choices and market strategies 
(Nautiyal et al., 2025). 

The Applications of IoT-based smart agriculture include 
irrigation management, soil management, weather management, 
nutrient management, waste management, and crop 
management (Naseer et al., 2024). The system operates through 
multiple agricultural sensors, which scientists establish at 
different points throughout the fields to record essential field 
conditions. Soil moisture sensors represent the most commonly 
used sensors because they deliver precise measurements about 
water distribution within the root zone, which farmers need to 
schedule their irrigation activities while preserving water 
resources (Song et al., 2026). These devices usually work 
together with soil nutrient sensors, which assess the 
concentration of essential macronutrients that include nitrogen, 
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phosphorus, and potassium (NPK) to help farmers apply 
fertilizers in ways that cut their expenses and stop 
environmental pollution (Mane et al., 2025). A complete 
microclimate profile for the crop area gets constructed through 
environmental sensors that track air temperature and humidity, 
light intensity, and gas concentrations (Mohankumar & 
Gowtham, 2024). The multi-parameter sensing system enables 
farmers to transition from using fixed calendar-based methods 
towards adopting management techniques that they can adjust 
according to specific environmental conditions. 

The distributed sensors that collect data send their 
information to centralized cloud platforms and local gateways 
through wireless sensor networks (WSNs) according to Saha et 
al. (2023). The IoT enables agricultural operations to connect all 
their farming equipment through this technology, which creates 
one stream of usable data from multiple remote sensors. The 
system architecture employs a four-layer structure, which 
includes the perception layer for sensors and the network layer, 
which uses Wi-Fi, LoRaWAN, cellular communication protocols, 
the middleware layer that handles data storage and processing, 
and the application layer, which provides user interfaces and 
decision support systems (Morchid et al. 2024). The system 
allows farmers to monitor their operations from smartphones 
and computers, which enables them to see all farm activities 
without needing to be present in the field (Patil & Jadhav, 2023). 

Advanced analytics, together with AI and ML technologies, 
will reveal the complete value of this data. AI algorithms utilize 
extensive sensor data streams to identify hidden data patterns 
that show initial signs of plant stress and pest infestations and 
disease outbreaks that humans cannot yet detect (Nikam et al., 
2025). Researchers can use CNNs to develop a leaf disease 
classification model that achieves high accuracy by analyzing 
images from drone-mounted or ground-based cameras (Bai et al., 
2023). Predictive models use historical data and real-time sensor 
information about soil, weather, and crop health to predict crop 
yields, which helps farmers plan their markets and manage 
resources more efficiently. The researchers developed an 
optimization-driven deep belief network to improve yield 
prediction accuracy within an IoT framework (Patel et al., 2024). 

The integrated IoT-sensor-AI system shows multiple 
practical uses that create substantial results. The automated 
systems in precision irrigation use current soil moisture 
measurements together with weather predictions to determine 
optimal irrigation times and locations, which results in water 
conservation of up to 30 percent according to some 
implementations (Shrivastav et al., 2024). The wearable 
accelerometers in livestock management enable remote 
monitoring of ram mounting behavior, which helps researchers 
study reproductive health and activity patterns in extensive 
grazing environments (Goldsmith et al., 2022). The combination 
of ground-based sensor data with UAS aerial imagery creates an 
advanced multi-scale monitoring system that enables evaluation 
of individual plant health and overall field conditions (Boursianis 
et al., 2022). The comprehensive assessment enables sustainable 
production increase through effective resource use while 
reducing harmful environmental impact (Alahmad et al., 2023). 

The combination of distributed sensors with edge 
computing and communication networks enables IoT systems to 
monitor soil conditions, crop growth, and environmental factors 
in real time. Recent research shows that energy-efficient IoT 
architectures that use event-driven sensing and edge-level data 
fusion systems can decrease unnecessary communication while 
improving network efficiency. The system improvements result 
in decreased energy usage while they also improve system 
performance and capacity to handle increased demand. The IoT 
system in agriculture enables precise irrigation, crop assessment, 
and resource control, which leads to higher agricultural output, 
lower costs, and environmentally friendly farming methods. The 
ecosystem-oriented approach demonstrates that network-level 
intelligence serves as a critical component for smart agriculture 

systems to achieve both effective operations and durable 
performance (Pham Van Anh et al., 2025). The IoT uses networks 
of in-situ sensors that monitor micro-environmental conditions 
through their remote sensing capabilities. The farm operates its 
continuous data streams through soil moisture probes, 
temperature, humidity sensors, weather stations, and IoT-
enabled pheromone traps, which together create detailed data 
that shows the current biological and environmental conditions 
of the farm (Wongchai et al., 2022). The sensor networks operate 
as the main information system of smart agriculture, which 
provides real-time data to AI models that support ongoing 
decision-making. The IoT-based polyhouse automation system 
uses its real-time temperature and humidity and CO₂ monitoring 
system to create optimal growing conditions without requiring 
human input (Ayan et al., 2024). The combination of IoT sensor 
data with satellite and drone imagery produces a complete digital 
model of the agroecosystem, which serves as the foundation for 
advanced predictive analytics (Alahmad et al., 2023). 

 
2.3 Advanced analytics, edge computing, and AI-driven 
robotics 

However, the computational demands of processing high-
dimensional agricultural data—particularly from CV and DL 
models—have driven the evolution from centralized cloud 
computing toward edge and fog computing architectures. Edge 
AI, which performs inference and sometimes training directly on 
field-deployed devices, addresses critical challenges of latency, 
bandwidth, and connectivity in rural settings (El Jarroudi et al., 
2024). This paradigm is especially vital for time-sensitive 
applications such as robotic weeding or pest detection, where 
immediate action is required. Research demonstrates that 
moving computation from the cloud to the edge/fog layer 
significantly improves response times and data privacy while 
reducing communication overhead (Lin et al., 2023). Novel edge 
platforms have been developed to synchronize data across 
hundreds of remote farm locations, ensuring consistency and 
integrity in distributed agricultural operations (Carvalho et al., 
2024). The integration of Cloud-Fog-Edge infrastructure also 
supports advanced frameworks like digital twins, which simulate 
farm dynamics for optimization and scenario testing (Kalyani et 
al., 2023). 

The analytical foundation of agricultural AI depends on CV 
and ML technologies. The DL system, together with various DL 
models, demonstrate superior ability to process visual 
information, which enables them to perform different functions 
such as evaluating crop health and detecting diseases and pests, 
and distinguishing between weeds and estimating crop yield 
(Esau et al., 2023; Kalbhor, 2025). The all-terrain vehicle (ATV) 
AI vision system enables automated scouting and targeted 
agrochemical application, which leads to a significant reduction 
of input materials while maintaining effective results (Padhiary 
et al., 2024). The ML models that researchers developed from 
multimodal dataset training use spectral, textural, and 
environmental feature datasets to achieve accurate crop yield 
predictions by analyzing satellite images, soil health data, and 
weather information (Sunny, 2024). The ensemble DL 
architectures develop stronger model performance through their 
ability to combine soft sensor information with remote sensing 
data, which enables effective agricultural sustainability 
monitoring (Wongchai et al., 2022).  

Robotics systems, together with autonomous systems, create 
the necessary physical components that enable AI systems to 
execute their decisions in real-world environments. The 
autonomous rovers, together with robotic harvesters and drone-
based applicators, perform their operations through the 
application of current data analysis. The systems require energy-
efficient operation together with their ability to move because 
research findings about skid-steer rovers demonstrate that their 
turning performance on loose soil conditions causes power usage 
to increase because of soil excavation and movement restrictions, 
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which create a need for navigation algorithms that use terrain 
information (Fiset et al., 2023). Agricultural robotics systems 
provide solutions to labor shortages while they enable farmers to 
monitor every aspect of their crops, which represents the main 
principle of precision agriculture (Zhang & Qiao, 2024). 

The integrated cyber-physical system, which implements 
precision agriculture, uses remote sensing technology together 
with IoT systems, edge/cloud computing, CV, and ML and 
robotics. The system operates through an ongoing process that 
detects environmental changes and biological conditions while 
multiple intelligent algorithms analyze data to achieve precise 
spatial and temporal resource optimization, productivity 
improvement, and sustainability advancement. The future of AI 
in agriculture depends on technologies that operate together 
within systems that can be scaled and maintain ethical standards 
and support farmers according to high-impact reviews (Dara et 

al., 2022; El Jarroudi et al., 2024). Figure 1 illustrates the major 
technologies enabling AI applications in agriculture. These 
technologies include remote sensing, IoT, cloud computing, 
robotics, big data analytics, and precision farming systems, which 
support data collection, analysis, and intelligent decision-making 
in modern agriculture. Table 1 summarizes the comparison of 
major AI in agriculture. 

Collectively, UAS, remote sensing, IoT sensing networks, and 
edge–cloud computing infrastructures provide the technological 
foundation for AI-enabled agriculture. Each technology offers 
distinct advantages in terms of data acquisition, scalability, and 
decision support, while also presenting challenges related to cost, 
interoperability, and deployment. Building upon this 
technological foundation, the following section examines how AI 
applications are transforming crop monitoring, disease detection, 
resource management, and agricultural decision-making. 

 
 

 
Figure 1. Technologies enabling AI in agriculture include remote sensing, IoT, cloud computing, data analytics, robotics, and precision farming systems 

 
Table 1. Comparison of major technologies enabling AI in agriculture 
Technology Data Resolution Scalability Cost Strengths Limitations 
UAS Very High Moderate High High spatial resolution, flexible 

deployment, real-time monitoring 
Limited flight time, weather 
sensitivity, and high operational cost 

Remote Sensing Moderate Very High Low–
Moderate 

Large-area coverage, long-term 
monitoring, frequent observations 

Cloud interference, lower spatial 
resolution 

IoT Sensors Point-based, real-
time 

Moderate Moderate Continuous monitoring, real-time 
environmental data 

Maintenance requirements, 
communication dependency 

Edge Computing Real-time 
processing 

Moderate Moderate–
High 

Low latency, reduced bandwidth 
usage, improved privacy 

Limited computational resources 

Cloud Computing & 
Big Data Analytics 

High analytical 
capacity 

Very High Variable Large-scale data storage and 
advanced analytics 

Internet dependency, security and 
privacy concerns 

Agricultural 
Robotics 

Task-specific 
precision 

Moderate High Labor reduction, automation, 
precision operations 

High investment cost and technical 
complexity 
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3. AI for Crop Yield Prediction and Resource 
Management 
 

The integration of AI into crop yield prediction and 
agricultural resource management represents a major shift 
toward sustainable farming, which relies on data-based methods. 
Modern AI systems use ML and DL techniques to combine 
different data sources, which include satellite remote sensing, in-
situ IoT sensors, weather forecasts, soil properties, and historical 
yield records to produce usable information for farmers and 
policymakers. The method goes beyond standard statistical 
forecasting because it detects intricate environmental patterns 
that affect crop yield outcomes. Multispectral satellite images 
from Sentinel-2 satellites provide essential vegetation indices 
that serve as the fundamental foundation for AI systems that 
predict agricultural yield. The NDVI and enhanced vegetation 
index (EVI) function as effective indicators of canopy health and 
biomass development because they measure how healthy plants 
reflect light in both the red and near-infrared spectral bands 
(Aslan et al., 2024). The recent systematic reviews established 
that models reach better accuracy results through the 
combination of time-series vegetation metrics together with 
climatic data (temperature, rainfall) and soil parameters 
(nitrogen, phosphorus, potassium) (Karthikeyan & Murugan, 
2024; Screpnik et al., 2025).  

AI is transforming resource management through its ability 
to forecast agricultural yields while operating in precision 
agricultural systems. The AI-based systems use real-time data 
from IoT soil moisture probes and aerial thermal imaging of 
drones and meteorological stations to deliver targeted water, 
fertilizer, and pesticide solutions. The systems use canopy 
temperature as a water stress indicator to determine when to 
activate irrigation systems, which results in better water 
conservation (Pramesti, 2025). CV algorithms identify pest 
outbreaks and plant deficiency symptoms, which help determine 
precise interventions that reduce pesticide usage and 
environmental harm (Reddy et al., 2024). The Cyber-Physical 
System (CPS) framework of contemporary precision agriculture 
operates through its closed-loop system that performs three 
functions: sensing, thinking, and acting. 

The agricultural sector encounters numerous obstacles that 
hinder the implementation of AI technology. The main problem 
arises from advanced ML models, which function as "black boxes" 
because their internal workings remain hidden, preventing users 
from understanding their operation (T. Hu et al., 2023). 
Explainable AI (XAI) techniques exist to provide model decision-
making processes because they serve as essential climate change 
research tools that help the development of agricultural practices 
(Choi et al., 2025; Malashin et al., 2024). Smallholder farming 
systems in developing regions experience model generalization 
problems because of two main problems, which include data 
scarcity and low-quality data. The models experience 
performance decline because of "domain shift" when they 
encounter new geographic locations, seasonal changes, and 
different crop varieties, which introduce variations in climate, 
soil, and management practices (Skobalski et al., 2024). The new 
solutions include physics-informed neural networks, which 
incorporate essential crop growth biophysical principles into 
their design, along with digital twin systems that develop virtual 
farm models for testing various scenarios and optimizing 
outcomes. 

The ultimate goal of these AI-driven innovations is to 
enhance global food security while promoting environmental 
sustainability. AI establishes a comprehensive toolbox that 
enables organizations to tackle climate variability challenges, 
population growth issues, and their limitations in natural 
resource availability (Sachithra & Subhashini, 2023; Screpnik et 
al., 2025). The development of the industry will progress to 
create trustworthy AI systems that provide transparent results 

and serve all agricultural producers in developing sustainable 
farming practices. Figure 2 presents the integration of AI 
technologies for crop yield prediction and efficient agricultural 
resource management. It illustrates the use of diverse data 
sources, including satellite imagery, weather information, soil 
characteristics, historical yield records, and IoT-based sensor 
data, which are processed using ML and DL models. 

To provide a clearer comparison of the major AI approaches 
used in crop yield prediction and resource management, Table 2 
summarizes the characteristics of ML and DL methods, including 
their commonly used models, input data requirements, strengths, 
and limitations. Such a comparison helps identify the suitability 
of each approach under different agricultural conditions and data 
availability scenarios. Table 2 compares ML and DL approaches 
for crop yield prediction and resource management, highlighting 
their common models, data requirements, strengths, and 
limitations. 

Recent advances in foundation models have expanded the 
capabilities of agricultural AI. Large vision models (LVMs) and 
vision transformers (ViTs) can learn generalized visual 
representations from large-scale agricultural image datasets, 
improving crop classification, disease detection, and yield 
prediction. Similarly, Agricultural Large Language Models (Agri-
LLMs) are emerging as intelligent decision-support systems 
capable of integrating agronomic knowledge, weather 
information, and farm management recommendations through 
natural language interactions. These models offer improved 
scalability and adaptability; however, challenges related to 
computational requirements, domain adaptation, and 
explainability remain important research topics. 

Despite the promising performance of AI-based prediction 
systems, several challenges remain. Models developed using 
specific datasets or agroecological conditions may not generalize 
effectively to other regions, creating transferability concerns. In 
addition, uncertainty quantification is often overlooked, as many 
models provide predictions without reporting confidence levels 
or uncertainty estimates. Reproducibility also remains a 
challenge because many studies rely on proprietary datasets, 
region-specific observations, or insufficiently documented 
training procedures. Addressing these limitations is essential for 
improving the reliability, transparency, and practical adoption of 
AI-driven agricultural decision-support systems. 

 
4. AI Models and Techniques in Agriculture  
 
4.1 Machine learning 

ML has emerged as an important technology in agriculture 
because it significantly improves how farmers handle resources, 
predict outcomes, and address environmental problems that 
arise unexpectedly. The system transforms comprehensive data 
collections, which encompass satellite images, drone sensor data, 
soil measurement data, and weather station information, into 
practical agricultural insights that enhance each phase of farming 
operations. Precision agriculture uses this technology because it 
enables farmers to treat their fields as distinct sections that have 
different farming requirements. 

Crop yield prediction is one of the most important 
applications of ML in agriculture, providing essential information 
for food security planning, market forecasting, and farm 
management decisions. The combination of historical yield data 
with current weather information, soil conditions, and remote 
sensing crop health data enables advanced ML systems to predict 
crop yields with exceptional precision. Researchers evaluated 
different ML models using historical U.S. sweet corn datasets to 
establish which factors had the greatest impact on yield 
predictions, and they proved the effectiveness of these methods 
in actual field situations (Dhaliwal & Williams, 2024).  
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Figure 2. AI for crop yield prediction and resource management 
 

Table 2. Comparative analysis of ML and DL approaches for crop yield prediction and resource management. 

Approach 
Common 
Models 

Input Data Strengths Limitations 

ML RF, SVM, 
XGBoost 

Soil properties, weather data, 
historical yield records, sensor 
measurements 

Requires relatively smaller datasets, is 
computationally efficient, and easier to 
interpret 

Limited ability to automatically 
extract complex features from high-
dimensional data 

DL CNNs, LSTM, 
ViTs, Hybrid 
Models 

Satellite imagery, UAV images, 
time-series weather data, 
multimodal datasets 

High predictive accuracy, automatic 
feature extraction, effective for complex 
and large datasets 

Requires large labeled datasets, high 
computational cost, lower 
interpretability 

 
Researchers created ML-based decision-making systems to 

assist East African countries in managing climate change effects 
on agriculture, which helps to accomplish the United Nations 
target of eradicating hunger by 2030 (Aworka et al., 2022). The 
Digital-Twin framework uses UAS data and ML to forecast cotton 
growth during the entire growing season, which enables farmers 
to monitor crop development and make decisions about 
irrigation and pest management (Pal et al., 2025). 

The system operates to monitor plant health because it 
needs to identify diseases and pests at their initial stages. ML 
uses DL models such as CNNs to achieve optimal performance 
when it comes to processing visual information. The models use 
high-resolution leaf images that people take with smartphones or 
ground-based cameras, or UASs, to detect early signs of disease 
and pest infestation, which remain hidden until later stages. The 
system detects diseases at an early stage, enabling farmers to 
apply timely treatments through precise methods that need less 
pesticide use, thus protecting the environment (García-Vera et al. 
2024). The combination of UAS technology with ML creates a 
strong system that enables researchers to conduct high-
throughput phenotyping that delivers essential data for 
managing agricultural fields, which include multiple locations 
and various crop types (Kakarla et al. 2022). The combination of 
hyperspectral imaging, which collects wavelength data across 

multiple spectral bands, with ML methods enables researchers to 
achieve advanced capabilities for detecting and diagnosing 
distinct agricultural diseases (García-Vera et al. 2024). 

ML models are widely used for soil nutrient and fertility 
prediction using sensor-derived data. The health and fertility of 
soil are fundamental determinants of crop success, yet traditional 
soil testing methods require extended time and high costs, while 
their testing areas remain restricted. The ML models can 
eliminate these testing restrictions because they use spectral 
sensor data and chemical probe data to deliver real-time 
assessments of nutrient status, organic matter content, and 
potential degradation at large-scale testing. Research has shown 
that Random Forest algorithms can achieve 84% accuracy in 
predicting soil fertility, while CNN-based models for soil 
classification have reached an impressive 95.21% accuracy, 
providing farmers with immediate, precise information to guide 
their fertilization strategies. Some places' environmental 
problems, which stem from excessive phosphorus fertilization, 
make this analysis essential because ML-driven research enables 
evaluation of phosphorus use efficiency and development of 
sustainable application methods (Yan et al 2021). 

These advancements depend on remote sensing 
technologies, which work together with ML to create their 
technological foundation. The basic observational data comes 
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from satellite and UAS imagery, but scientists need advanced 
computational techniques to align and interpret this information. 
DL systems make it possible to match Synthetic Aperture Radar 
(SAR) and optical imagery, which functions as an essential 
requirement for complete scene analysis because they can 
properly synchronize these two datasets that have different 
geometric properties (Hughes et al., 2020). This data fusion 
method enables effective monitoring that operates without 
interruption during cloudy weather while it collects crop health 
data through optical/NDVI and structural integrity data through 
SAR, as demonstrated in research that observes maize lodging (X. 
Hu et al., 2023).  

Although ML models such as Random Forest, SVM, and 
XGBoost have demonstrated strong performance in crop yield 
prediction and soil nutrient assessment, their effectiveness 
depends heavily on the quality and completeness of input data. 
These models generally require structured datasets and 
extensive feature engineering, which may limit their scalability in 
heterogeneous agricultural environments. Nevertheless, they 
remain attractive because of their lower computational 
requirements and greater interpretability compared with DL 
approaches. 

 
4.2 Deep learning  

DL has emerged as one of the most powerful AI approaches 
in modern agriculture because of its ability to automatically 
extract complex features from large-scale and high-dimensional 
datasets. Unlike traditional ML methods that rely heavily on 
manual feature engineering, DL models can learn hierarchical 
representations directly from images, sensor measurements, and 
multimodal agricultural data (Koul, 2021). The use of DL 
technology in agriculture establishes an important junction 
where AI meets food production systems to solve major 
problems that affect productivity, sustainability, and resource 
management. Systematic reviews and empirical studies from 
recent times show that DL methods successfully operate in 
different agricultural domains, with CNNs becoming the main 
image processing framework for agricultural applications (Attri 
et al 2023; Chettri et al 2026). The applications enable farmers to 
monitor crops, detect diseases, predict yields, and manage their 
operations with precision, which transforms traditional methods 
of making agricultural decisions. 

DL models use visual data from smartphone cameras, 
ground-based sensors, and UASs to monitor crop health and 
identify diseases. The CNN-based systems achieve outstanding 
accuracy in plant disease classification through their capability to 
process leaf images, which uncover patterns that remain hidden 
from human observers (Pacal et al., 2024; Subramanian et al., 
2025). Advanced ViT models demonstrate their ability to process 
large maize leaf image datasets, which allows them to detect 
multiple disease types at once (Pacal, 2024). DL systems gain 
improved diagnostic capabilities through hyperspectral imaging 
because these systems record hundreds of spectral bands, which 
detect plant biochemical and physiological changes before 
humans notice visible symptoms (García-Vera et al., 2024; Wang 
et al., 2021). 

The system detects chemical leaks at an early stage, which 
allows operators to take specific actions, resulting in less 
chemical waste and stopping big crop damage from happening. 
Researchers have made substantial progress in yield forecasting 
by combining satellite observation data with advanced DL 
solutions. The research uses time-series transformers and 
recurrent neural networks (RNNs) to analyze satellite images, 
which help create crop growth models that show the entire 
season (Ibañez & Monterola, 2023). The models use vegetation 
indices that include NDVI, which comes from multispectral data, 
and combine with weather information and soil attributes to 
achieve exceptional yield prediction accuracy according to 
(Kavipriya & Vadivu, 2024; Sharma et al., 2025). The capability to 
predict crop output several months prior to harvest enables 

essential decision-making processes for supply chain operations 
as well as market valuation and food security strategies at both 
regional and nationwide levels (Ibañez & Monterola, 2023). 

DL technology works best for managing weed control, 
thereby producing substantial economic benefits and 
environmental advantages in this field. Semantic segmentation 
models like U-Net and DeepLabV3+ enable pixel-level 
identification of weeds within crop fields through their ability to 
analyze high-resolution images (Rai et al. 2023; Y. Zhang et al. 
2023). The system develops accurate spatial mapping, which 
enables targeted herbicide treatment at specific locations, 
resulting in 90% less chemical applications compared to 
traditional spraying methods (Rai et al. 2023). The detection 
systems combine with robotic platforms to create weeding 
systems which operate in real time by identifying crops and 
weeds in challenging environments (López-Martínez et al. 2023). 

DL techniques have significantly improved soil classification 
and digital soil mapping through image-based analysis. The 
research study conducted by Abhishek et al. (2025) showed that 
models reached more than 95% accuracy when they performed 
soil classification through image-based analysis. The DL systems 
develop optimal soil sampling methods by selecting test sites that 
represent the complete range of field conditions. Pham et al. 
(2023) created soil sampling methods that require fewer samples 
while maintaining their analytical standards for soil testing. This 
system combines multiple data sources, such as topographic 
information and vegetation index measurements, and historical 
yield data to develop complete soil health evaluations, which 
assist in making fertilizer and irrigation decisions. 

 The architectural evolution in agricultural DL reflects 
increasing sophistication in handling multimodal data. The 
hybrid method, which combines CNNs with transformers, 
enables users to extract spatial features while performing 
temporal modeling tasks (Tian, 2025). The multivariate fusion 
method combines optical imaging data with synthetic aperture 
radar (SAR) data, which provides crop structure details that 
remain accessible regardless of cloud conditions or daylight. The 
combination of different types of data through complementary 
data fusion methods creates monitoring systems that can 
function effectively in multiple types of weather situations. The 
research team developed domain adaptation methods that 
enable models to operate successfully across various geographic 
sites, agricultural environments, and different sensor 
technologies (Alibabaei et al., 2022; Liu et al., 2021). 

The field of agriculture continues to face major obstacles 
that hinder its ability to implement DL technologies despite 
recent progress. Data scarcity especially affects rare disease 
conditions and extreme weather events because it hampers 
model development (Ghanbari et al. 2024). Research on transfer 
learning and few-shot learning methods needs to continue 
because the "domain shift" problem causes trained models from 
one region to function poorly in different locations that have 
distinct climate conditions, soil types, and crop varieties. 
Transfer learning has emerged as an effective solution to 
agricultural data scarcity. Instead of training DL models from 
scratch, pretrained models can be fine-tuned using relatively 
small agricultural datasets. This approach reduces annotation 
requirements, shortens training time, and improves model 
performance in data-limited environments (Hossen et al., 2025; 
Wu et al., 2025). More recently, foundation models and large 
vision models have demonstrated strong potential for 
agricultural applications by learning generalized representations 
from massive datasets. These models support crop classification, 
disease detection, yield estimation, and field monitoring tasks 
even when labeled agricultural data are limited (Cao et al., 2025; 
Haghighat et al., 2026).  

Despite these advantages, challenges related to domain 
adaptation, computational cost, and model explainability remain 
active areas of research (Ignesti et al., 2024; Wu et al., 2025). 
Small-scale farmers encounter difficulties because they need 
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advanced model training, which requires excessive 
computational resources, but MobileNet's edge-deployable 
lightweight designs provide effective solutions for on-device 
processing. The combination of DL systems with IoT technology 
creates complete precision agriculture systems according to 
(Maghdid et al., 2024; Saranya et al., 2023). Sensor networks 
gather real-time information about soil moisture levels, 
temperature, humidity, and crop conditions, which DL models 
use to produce practical insights. The closed-loop system 
supports irrigation scheduling, nutrient management, and pest 
control through automatic decision-making, which distributes 
resources effectively to achieve maximum crop production 
according to (Logeshwaran et al., 2024). Farmers can test various 
management methods through digital twin technology, which 
creates virtual models of their actual farms that enable them to 
predict outcomes before conducting field experiments. Table 3 
provides an overview of how DL technologies have expanded 
their presence in various agricultural fields. 

DL models offer superior performance in processing high-
dimensional and unstructured agricultural data, particularly 
imagery collected from satellites, UAS platforms, and ground-
based sensors. However, these models often require large 
annotated datasets, computational resources, and specialized 
hardware for training and deployment. Their black-box nature 
also presents challenges related to interpretability and user trust, 
particularly in operational agricultural decision-support systems. 

 
4.3 Computer vision 

Unlike ML and DL, which primarily describe modeling 
approaches, CV refers to the set of techniques used to acquire, 
process, and interpret visual information from images and videos 
for agricultural decision-making. CV has emerged as an 
important enabling technology for precision agriculture, that 
brings essential changes to agricultural practices because it 
changes how farmers handle crop assessment, resource 
administration, and essential decision-making processes. The 
system uses image acquisition, processing, and analytical 
capabilities to perform tasks that required human workers to 
complete work that needed their precision for output assessment 
before. CV systems, which operate in precision agriculture 
applications, create fundamental changes to agricultural field 
management practices by converting fields from single-entity 
systems into dual systems that treat agricultural areas as 
separate, complex operational components.  

Agricultural CV technology uses DL models, which include 
CNNs as its primary technology for processing visual data from 
drones, ground robots, and smartphones (Wang & Kang, 2025). 
The system operates across multiple domains, but its primary 
function focuses on assessing agricultural crop health. CV 
algorithms use multispectral and hyperspectral imagery analysis 
to reveal hidden signs of diseases, nutrient deficiencies, and 
water stress, which remain invisible to human observers until 
later stages. Near-infrared (NIR) hyperspectral imaging has been 
successfully applied to discriminate between maize haploid and 
diploid seeds, which serves as a vital breeding program 
development tool for doubled haploid technology (He et al., 
2022). Advanced segmentation methods, which use DL 
technologies, enable accurate detection of diseased leaf areas, 
which helps reduce chemical applications through specific 
treatment methods (Anu Kiruthika et al., 2024). 

Weed and pest management represent another primary field 
in which people can use their expertise. Traditional herbicide 
application is increasingly being replaced by precision spraying, 
which uses real-time CV technology for treatment. The RoWeeder 
system establishes an innovative method for unsupervised weed 
mapping because it detects crop rows, which the system uses to 
create a model that differentiates between crops and weeds 
without needing extensive labeled data (Marinis et al., 2024). 
This technology provides a solution for agricultural AI, which 
requires data to operate, which serves as a major obstacle that 

prevents widespread technology use (Ignesti et al., 2024). 
Machine vision algorithms now undergoing development to 
create agricultural pest recognition systems that use advanced 
DL models for pest detection in various field environments (Han 
et al., 2024). 

The revolution of agricultural yield prediction and 
automated harvest systems is currently underway. Automatic 
detection of fruit blossoms is a key predictor of future yield, and 
recent frameworks have been developed to achieve multi-class 
blossom detection with high efficiency and minimal labeled 
training data (Zhou et al., 2024). In cranberry farming, vision 
foundation models are being used to analyze time-series aerial 
and ground imagery to characterize the ripening process, 
enabling high-throughput phenotyping and early disease 
detection (Johnson et al., 2025). For strawberries, the 
combination of ViT and attention-based CNNs has shown 
promise in simultaneously detecting diseases and assessing fruit 
quality, building upon previous work with limited success 
(Aghamohammadesmaeilketabforoosh et al., 2024). The new 
technologies work together to determine optimal harvest times 
while they also work to diminish losses that occur after crops 
have been collected. 

The technologies have multiple different deployment 
platforms that support their operation. UAS deliver aerial 
surveillance, which enables complete field observation to collect 
information that ground-based methods cannot obtain. The study 
found that aerial platforms achieved 92.3% accuracy in 
agricultural tasks through their UAS imagery, which required 
28% less processing time than ground-level photos (S. K. Gupta & 
Agarwal, 2025). Ground-based systems that operate through all-
terrain vehicles (ATVs) and robotic platforms deliver high-
resolution analysis capabilities to handle tasks such as selective 
harvesting and in-row weeding (Padhiary et al. 2024). The 
selection process for aerial versus ground-based data requires 
users to choose between two competing factors, which show 
spatial coverage and resolution differences, while spatiotemporal 
fusion techniques enable access to both data types. The scientific 
field has made impressive progress, yet important obstacles still 
exist. The natural environment displays continuous variability 
because of multiple factors, which include lighting changes, 
weather developments, leaf occlusion, and the wide variety of 
crop species and their different growth stages (Ghazal et al., 
2024). The majority of contemporary models require specific 
datasets for their training, yet they face difficulties when applied 
to unfamiliar locations, new crops, or different seasons, which 
results in a domain shift problem (Ignesti et al. 2024). The need 
for large datasets that contain precise labels acts as the primary 
constraint because building such datasets requires substantial 
financial resources and extensive time efforts. The intricate 
model architecture requires extensive computational resources, 
which prevent its real-time operation on edge devices located in 
resource-limited environments (Padhiary et al. 2024).  

 
Table 3. The DL technology application in agricultural domains.  
Domain Key Technical 

Approach 
Core Contribution 

Weed 
management 

Real-time DNNs 
(YOLO variants) 

Targeted herbicide application, 
reducing chemical usage 
(Rakhmatulin et al., 2021) 

Smart 
irrigation 

IoT + ML 
prediction 
pipelines 

Optimized water scheduling in 
resource-scarce contexts (Tace et al., 
2022) 

Pest 
scouting 

CNN-based 
robotic 
detection 

Autonomous greenhouse monitoring, 
outperforming classical methods 
(Gutierrez et al., 2019) 

Diseases 
Detection   

DL-based 
models 

Diseases controlling within the early 
stage of crop (Barman et al., 2024; 
Ferentinos, 2018; Liu & Zhang, 2025; 
Sopialena et al., 2022) 

Crop 
monitoring 

DL-based CV 
across the life 
cycle 

From planting through harvest 
quality assessment (Cao et al., 2025; 
Dhanya et al., 2022) 
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Future directions in the field point toward more robust, 
adaptable, and data-efficient AI models. The integration of 
generative artificial intelligence (GenAI) serves as an effective 
solution to combat data shortages by producing synthetic 
training data that accurately simulates the complex 
characteristics of actual agricultural environments (Min et al., 
2025). The current trend emphasizes model development, which 
enables users to easily transfer their skills to new contexts 
without needing extensive retraining, as researchers work 
toward creating agricultural AI systems that function like 
traditional plug-and-play devices (Ignesti et al., 2024). The field 
has reached a mature stage, which now requires professionals to 
evaluate algorithms based on their ability to maintain 
performance and provide understandable results while 
functioning seamlessly with existing farm operations, thus 
enabling worldwide access to CV advantages for farmers. Figure 
3 illustrates the major AI models and techniques applied in 

modern agriculture, including ML, DL, transfer learning, 
reinforcement learning, and natural language processing. It also 
highlights important agricultural applications such as crop 
monitoring, disease detection, weed management, irrigation 
optimization, and precision farming. Table 4 presents recent key 
review papers on AI and DL applications in agriculture and 
summarizes their main contributions. 

Overall, ML methods remain effective for structured 
agricultural datasets and scenarios with limited computational 
resources. In contrast, DL and CV approaches generally achieve 
higher predictive performance for image-based and multimodal 
applications, although they require larger datasets and greater 
computational capacity. Recent advances in transfer learning and 
foundation models are helping bridge this gap by improving 
model performance in data-scarce environments while reducing 
annotation requirements. 

 

 
Figure 3. AI Models, techniques, and applications domain in agriculture 

 
Table 4. Recent key review papers on AI and DL applications in agriculture 
Review Focus Key Diagnostic Signal Reference 
AI for sustainability in agriculture Optimization objectives broadening beyond yield Sachithra & Subhashini (2023)   
DL's impact on agriculture DL consistently outperforms classical ML across tasks Albahar (2023) 
AI across the agriculture value chain Coverage spans planting through distribution Assimakopoulos et al. (2024) 
DL-based CV for smart agriculture CV becomes agriculture's dominant AI sub-field Dhanya et al. (2022) 
Transfer learning in agriculture TL recognized as foundational, not optional Hossen et al. (2025) 
Multimodal LLMs in agriculture Foundation models entering agricultural AI Haghighat et al. (2026)   
AI methods in agri-food engineering Data scarcity and infrastructure remain primary barriers Wu et al. (2025) 
CV and DL in crop growth Applications now cover full crop lifecycle Cao et al. (2025) 
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5. Challenges in Implementing AI in Agriculture 
 

The application of AI to agricultural practices can create 
fundamental changes that improve farm output and 
environmental sustainability and increase global food 
production. The project faces multiple interconnected challenges 
that affect its technological, socioeconomic, infrastructural, and 
ethical aspects. The latest comprehensive studies show that 
organizations face technical challenges because their actual 
operations in farming use multiple systems around the world. 
Data scarcity and data quality issues represent the main barrier 
that organizations must overcome. AI models succeed when they 
receive extensive amounts of dependable agricultural data. The 
required agricultural data needs to contain soil properties, 
weather patterns, spectral imagery data, and yield records, which 
must exist as complete and reliable datasets. The required data 
exists as scattered pieces that contain restricted access 
information, and which different farms and regions have 
collected using inconsistent methods (Arangurí et al., 2025; 
Hasteer et al., 2024). Satellite images create a "mixed pixel 
problem," which reduces accuracy because smallholder farms 
use fields that are smaller than the sensor's resolution. The 
Earth-observing satellite system needs to establish standard 
spectral band definitions that will enable the development of 
consistent long-term datasets that scientists require for effective 
model training and validation. 

The agricultural field contains multiple difficulties that 
prevent ML from reaching its full potential according to its 
current state of development. The requirements for model 
training need substantial datasets that possess high quality and 
proper labeling, while the system must have sufficient 
computational resources to handle real-time processing, and the 
advanced models operate as "black-box" systems, which farmers 
find difficult to trust because they lack a clear understanding 
(Deepa et al., 2023; Mayur Rajaram Salokhe, 2023). The 
protection of sensitive geospatial and operational data that 
farmers provide requires precise frameworks that need to 
establish data privacy and ownership rights as the primary issue. 
The agricultural sector needs to solve these problems because 
they will enable the technological revolution to provide benefits 
that reach all farmers in every part of the world. 

The implementation of DL technologies in agriculture 
produces significant effects on both economic development and 
environmental protection. The technologies permit farmers to 
apply their resources with exact precision, which results in 
decreased waste, reduced environmental harm, and increased 
farm revenue. The worldwide agricultural system benefits from 
advanced yield prediction methods and crop monitoring 
technologies, which strengthen food security evaluation systems 
and emergency detection mechanisms for potential crop 
shortages (Ibañez & Monterola, 2023). The successful execution 
of the project needs to resolve ethical issues regarding data 
security, which mandates the use of differential privacy methods 
to safeguard confidential agricultural data. The project aims to 
create agricultural AI systems that provide advantages to all 
farmers while supporting environmentally friendly food 
production solutions that sustain the increasing global 
population, who deal with climate change challenges. 

The infrastructure limitations create a problem that affects 
rural and emerging development areas. The agricultural sector 
needs reliable high-speed internet, constant power supply, and 
sufficient computing capacity to operate and manage advanced 
AI technologies according to (Begho et al., 2025; Choruma et al., 
2024). The digital divide creates greater social disparities 
because farmers who work in low-resource environments lack 
access to advanced technology, which developed nations provide 
to their large agricultural enterprises. The absence of essential 
digital infrastructure restricts advanced precision agriculture 
methods, which depend on real-time data gathering, cloud 
processing, and edge AI technology (El Jarroudi et al. 2024). 

The adoption process faces major challenges because of 
socioeconomic factors and human capital limitations. There is a 
significant shortage of professionals who possess both 
agricultural knowledge and digital skills, which are necessary for 
successful AI system operation and management (Manning, 
2024). Many farmers who belong to older age groups or 
traditional agricultural communities face difficulties in using 
advanced AI systems, which require them to operate complicated 
platforms and understand system results (Arangurí et al. 2025). 
The economic obstacles for AI systems arise from their expensive 
initial costs, which compete against their unpredictable ROI and 
restricted financing options. The adoption decision process 
depends on perceived usefulness and innovation willingness, risk 
tolerance, and social influence, according to research, which 
shows that economic conditions and age affect both facilitating 
factors and hindrances to technology adoption (Dibbern et al., 
2024; Hampel & Fabulya, 2024). 

The main challenges that farmers face when they need to 
understand model outputs and trust the results of the model 
function are basic obstacles that block their approval of this 
system. The agricultural decision-making process needs to have 
complete visibility because it involves both substantial financial 
risks and environmental impacts. Farmers and agronomists need 
XAI systems that show them the complete reasoning behind their 
recommendations instead of using unexplainable "black box" 
systems. Stakeholders will not accept AI system 
recommendations until they comprehend the reasons that lead to 
those particular recommendations (Alexander et al., 2024). The 
trust deficit gets more serious because people worry about 
algorithmic bias, which affects models that use regional farm 
data, because these models fail to work properly in unfamiliar 
agricultural settings, which harms specific farmer groups. 

The discussion about data ownership and privacy rights, 
together with liability issues in data management, remains 
unresolved among regulatory offices and ethical organizations. 
Farm-level data, which contains specific field boundaries and 
yield maps together with input application records, holds 
extreme value as highly confidential information. Farmers find 
themselves facing major difficulties because they need to deal 
with three data ownership questions, which include identifying 
the data owners, understanding permission rights for data usage, 
and determining if agribusinesses or insurers will exploit the 
data according to their interests (Alexander et al., 2024). Farmers 
need protection from identity exposure, which occurs through re-
identification of anonymized spatial data. This protection should 
be established through strict privacy regulations, such as 
differential privacy, which allow model development but hide 
farmer identities. The current situation creates various legal 
problems that block organizations from using AI solutions that 
cause crop damage or environmental harm because of their 
undefined responsibility laws. 

The process of implementing systems faces obstacles 
because of technical integration difficulties. The existing farm 
management systems and their associated legacy hardware and 
software platforms face integration problems because they 
cannot work together with new AI technologies. The agricultural 
technology ecosystem contains multiple proprietary systems that 
lack standardization and create isolated data environments that 
prevent complete system monitoring needed for successful AI 
implementation (Hasteer et al., 2024). The farmers face 
increased operational difficulties because they must spend more 
money to adopt different technologies that do not work together. 
The core difficulty of agricultural system modeling arises from 
the system's natural environmental and biological complexity. 
Crop-environment-management interactions show complex 
behavior that depends on specific situations and exhibits 
different patterns across different regions, seasonal changes, and 
various soil types. AI models that get trained on one geographical 
area cannot deliver accurate results in other regions because of 
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variations in climate, soil composition, pest control methods, and 
agricultural traditions.  

The domain shift problem needs either local model 
adaptation to new conditions or the creation of new AI systems 
that can operate in different agricultural environments. 
Agricultural systems require ongoing model updates because 
climate change and pest resistance patterns increase their 
operational challenges. The solution to these complex problems 
needs cooperative participation from researchers, policymakers, 
technology developers, and farming communities. The 
development of solutions requires context-specific approaches 
that provide economical solutions while prioritizing the needs 
and limitations of end users to achieve fair and sustainable AI 
implementation in agriculture. Table 5 summarizes the major 
challenges limiting the adoption of AI in agriculture and outlines 
potential solutions proposed in recent research. 
 

6. Sustainability and Environmental Impact 
 

The integration of AI into agriculture presents a complex 
duality: while AI-driven technologies offer significant pathways 
to enhance environmental sustainability, the deployment of these 
very technologies carries its own non-trivial ecological footprint. 
A comprehensive assessment requires examining both the 
benefits AI confers on farming practices and the hidden costs 
associated with its development and operation. 

On the benefit side, AI functions as the fundamental 
technology that enables precision agriculture to achieve its 
highest resource management efficiency. The AI algorithms use 
satellite imagery data, IoT sensor data, and drone data to create 
detailed water and fertilizer, and pesticide application plans 
which operate at the field level.  
 
Table 5. Challenges and potential solutions for AI adoption in agriculture 

Challenge Description Impact on 
Agriculture 

Potential 
Solution 

Data 
Availability and 
Quality 

Limited, 
fragmented, and 
inconsistent 
datasets 

Reduced model 
accuracy and 
generalizability 

Standardized 
data collection, 
data sharing, 
and 
augmentation 

Computational 
Constraints 

High processing 
and storage 
requirements 

Increased 
implementation 
costs 

Cloud 
computing, 
edge 
computing, and 
lightweight 
models 

Domain Shift Poor model 
transferability 
across regions 

Reduced 
reliability in 
new 
environments 

Domain 
adaptation and 
continuous 
model 
retraining 

Black-Box 
Models 

Limited 
transparency 
and 
explainability 

Reduced user 
trust and 
adoption 

XAI 
frameworks 

Infrastructure 
Limitations 

Limited internet 
access and 
electricity 
supply 

Restricted 
deployment in 
rural areas 

Investment in 
rural digital 
infrastructure 

Human 
Capacity Gaps 

Lack of 
technical skills 
and AI expertise 

Slow 
technology 
adoption 

Training 
programs and 
agricultural 
extension 
services 

Privacy and 
Security Risks 

Concerns about 
ownership and 
misuse of farm 
data 

Resistance to 
data sharing 

Privacy-
preserving 
technologies 
and clear 
regulations 

Interoperability 
Issues 

Incompatibility 
among 
agricultural 
systems 

Operational 
inefficiencies 

Standardized 
communication 
protocols and 
platforms 

The targeted method of pollution control successfully 
decreases the primary pollution sources, which come from 
farming operations. Intelligent irrigation systems can achieve 
water savings of 20 to 30 percent because they provide moisture 
only at needed times and needed locations based on current soil 
moisture conditions and evapotranspiration information 
(Khadka & Kumar, 2024; Neetu, 2024). AI systems that detect 
pests and diseases rely on CNNs to process hyperspectral and 
visual images, which enables targeted treatment that reduces 
pesticide requirements by 15 to 25 percent (Fazari et al., 2021; 
Nautiyal et al., 2025). The chemical input reduction results in two 
advantages for farmers because it decreases their expenses while 
it protects against groundwater and surface runoff pollution, 
which creates eutrophication and dead zones in aquatic 
ecosystems (Kusumavathi et al., 2025). Predictive analytics for 
yield predicting and optimal harvest timing can reduce post-
harvest losses, which create a major carbon footprint across food 
systems (Anurag Chandra Mishra et al., 2024; Sunny, 2024). 

The environmental cost of AI infrastructure negates the 
positive benefits this technology provides. The operation of 
advanced AI systems, particularly large DL models, requires 
substantial energy resources for their training processes. Data 
centers, which store the equipment needed for model 
development, require high electricity usage, which results in 
major carbon dioxide emissions when fossil fuels serve as their 
power source (Rilling et al., 2024). Studies have shown that 
training a single large AI model can emit hundreds to thousands 
of kilograms of CO2-equivalent, which needs to be assessed 
against the total environmental benefits generated from its 
implementation (Falk et al., 2024). The "attribution problem" 
becomes critical because cloud computing exists as an abstract 
entity that hides its actual energy consumption and physical 
effects (Falk et al., 2024). Edge AI enables data processing on 
agricultural machinery, drones, and local servers, which reduces 
transmission and latency expenses but creates more problems 
through its need for waste management of dedicated hardware 
and environmental damage from rare earth metal extraction 
used in processors and batteries. 

The complete assessment of AI environmental effects 
requires the use of systems analysis techniques, which include 
the life cycle assessment (LCA). LCA establishes a comprehensive 
method that enables organizations to measure their 
environmental impact throughout the entire product lifecycle, 
starting from raw material acquisition through production, 
usage, and final disposal. The LCA assessment of AI systems in 
agriculture compares the environmental benefits achieved 
through improved farming methods with the resource 
consumption and emissions generated by the AI system 
development process. Research indicates that a net positive 
environmental benefit is most likely achieved when AI systems 
are deployed at scale, powered by renewable energy, and 
designed with efficiency as a core principle—not merely as an 
add-on feature (El Jarroudi et al., 2024). The organization can 
achieve greater net advantages through three key methods, 
which include using quantized or pruned neural networks that 
need less computational power, implementing federated learning 
to reduce data transfer requirements, and developing AI tools 
together with agroecological design principles that emphasize 
biodiversity and soil health more than just crop production 
(Kusumavathi et al., 2025). AI does not bring about 
environmental sustainability in agriculture because its effects 
depend on its operational design and its implementation and its 
operational design and its deployment methods, and its energy 
sources. The path forward lies in a conscious effort to minimize 
the "hidden ecological costs" of AI while maximizing its potential 
to foster resilient, resource-efficient, and ecologically 
harmonious farming systems (Zhuk, 2023). The digital 
transformation of agriculture needs technologists and 
agronomists, policymakers, and farmers to work together for the 
successful implementation of green practices. 
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7. Future Prospects and Conclusion 
 
7.1 The future of AI in agriculture 

The upcoming developments in agricultural AI technology 
will change farming from its current practice of responding to 
problems into a system that uses advanced predictive abilities to 
manage agricultural operations for maximum efficiency and 
environmental protection. Current research demonstrates that AI 
is not merely an incremental improvement but a foundational 
transformation of agricultural practices, which extends to 
multiple fields, including precision farming, autonomous 
machinery, and sustainable resource management (Agarwal et 
al., 2024; Ogunjimi et al., 2025; Rajesh, 2024). The system 
combines multimodal sensing technologies through satellite 
imagery, drone remote sensing, and ground-based IoT sensors to 
create complete data streams that enable crop health, soil 
condition, and microclimatic variable monitoring in real time 
(Kamatchi, 2024; Shruthi & Anil Kumar, 2025). The new decision-
support system uses data fusion technology to identify plant 
physiologic changes that occur before visible symptoms appear 
so that pest and disease and nutrient deficiency issues can be 
treated at their earliest stage. 

The combination of DL frameworks, which include CNNs and 
Random Forest ensemble methods, achieves outstanding results 
for crop disease detection and yield prediction according to 
results from ML algorithms (Kamatchi Sundravadivelu, 2024). 
The models utilize spectral signatures from multispectral and 
hyperspectral imaging to detect stress indicators through 
vegetation indices, which include the NDVI that measures plant 
health by comparing red and near-infrared reflectance. The latest 
CV developments enable machines to detect specific pathogens 
with better than 90% accuracy in laboratory conditions, which 
decreases the need for hand-based inspections and visual 
judgment (Vardhan et al., 2025). The necessary change requires 
organizations to advance their capabilities from detecting 
problems toward predicting future events through their 
capability to use historical weather information and soil moisture 
measurements, and pest life cycle data for assessing outbreak 
risks and recommending preventive actions (Pal et al., 2024). 

AI brings revolutionary changes to traditional agricultural 
methods through its application in autonomous agricultural 
robotics. The self-driving tractors, which use CV and 
reinforcement learning methods, can achieve centimeter-level 
precision during their work with precision planting, targeted 
herbicide application, and selective harvesting tasks (Agarwal et 
al., 2024; Pal et al., 2024). The system reduces environmental 
damage through its chemical treatment system, which applies 
only necessary treatments while helping farmers decrease their 
operational expenses (Khadka & Kumar, 2024). In greenhouse 
environments, AI-driven climate control systems have 
demonstrated the ability to optimize growing conditions 
dynamically, resulting in yield improvements of 15-20% 
compared to conventional management approaches 
(Hoseinzadeh & Garcia, 2024). The 136 peer-reviewed studies 
that examined digital agricultural technologies established that 
these technologies provide economic benefits through increased 
agricultural output and decreased labor requirements, while the 
resources are used more efficiently and chemical runoff is 
minimized (Papadopoulos et al., 2024). 

The current technical advancements face serious obstacles 
that need to be solved before technologies can achieve 
widespread use. The Global South faces a critical data shortage, 
which prevents research on underrepresented crops and regions 
because training datasets lack sufficient coverage. AI systems 
develop and validate their models through testing, which uses 
only three main temperate climate crops that include corn, 
wheat, and soybean (Johnson, 2024). The digital divide in rural 
areas worsens because local infrastructure lacks dependable 
internet access and sufficient computing facilities (Dibbern et al., 
2024). The issue of model interpretability continues to exist 

because DL models, which perform exceptionally well, require 
farmers to trust their AI recommendations through 
understanding their decision processes (Alexander et al., 2024; 
Joosse, 2024). 

The ethical and governance dimensions of agricultural AI 
cannot be overlooked. Data ownership and privacy rights, 
together with algorithmic bias issues, need thorough 
examination because digital technologies are increasingly 
transforming farming operations (Tzachor et al., 2022). Farmers 
usually share their sensitive operational information, which 
includes exact field boundaries and farming methods. This 
information poses a risk because it can be used to identify them 
when matched with public land records. Farmers need 
differential privacy frameworks together with strong data 
governance policies because these measures will safeguard their 
interests while supporting data sharing that helps improve 
models. The growing concentration of AI development within 
major agribusiness companies creates two major problems. 
These problems involve market power distribution and the risk 
that small producers will be excluded because they cannot afford 
expensive proprietary systems (Hampel & Fabulya, 2024). 

The most effective future path involves cross-disciplinary 
research, which combines agricultural science with computer 
science, climate science, and social policy studies. Smallholder 
farmers can receive personalized advisory services through 
GenAI models, which use agricultural knowledge bases to create 
accessible mobile phone interfaces that deliver actionable 
insights. The combination of AI and biotechnology through gene 
editing and synthetic biology creates new opportunities to 
produce climate-resilient crop varieties, which scientists will 
develop with predictive modeling of future environmental 
conditions (Pasupuleti, 2025). The success of AI in agricultural 
applications requires both advanced technology and fair 
distribution, sustainable environmental practices, and 
compliance with United Nations Sustainable Development Goals 
(Kisliuk et al., 2023). The increasing global food demand, which 
will rise between 50 and 100 percent by 2050, together with 
diminishing resources and rising climate dangers, makes AI 
essential for developing resilient, productive, and sustainable 
food systems (Angle & Moran, 2025). 

 
7.2 Conclusion 

The introduction of AI into agricultural practices establishes 
a complete modern development that changes traditional 
farming methods into intelligent systems that use data to create 
precise results. The agricultural industry has achieved higher 
efficiency rates, productivity growth, and better resource 
management by uniting AI with UAS, remote sensing, IoT sensor 
networks, big data analytics, CV, and autonomous robotics. Real-
time crop health monitoring together with early disease and pest 
detection, precise irrigation, fertilization, yield prediction, and 
automated field operations create solutions that solve urgent 
global problems that include labor shortages, climate variability, 
water scarcity, and environmental degradation.  

The agricultural industry has not yet achieved its full 
potential for AI because important challenges still exist despite 
the progress made in recent developments. The agricultural 
sector faces substantial challenges because farmers who operate 
small farms lack the technical skills to handle digital systems, and 
digital infrastructure remains deficient in rural regions. Data 
collection standards, data collection methods, model 
development requirements, and high operational expenses create 
difficulties. A comprehensive LCA should evaluate AI model 
environmental impact because training and running these 
models produce environmental damage, which must be balanced 
against the sustainability benefits created in practice. The 
development of human-centered agricultural solutions requires 
stronger and more general solutions, which must be developed 
through research efforts. The organization has specific goals, 
which include developing XAI frameworks that create 
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transparent systems to build trust among farmers, using GenAI 
and federated learning to solve data access challenges, and 
establishing technology platforms that work together while using 
physics-informed neural networks to create realistic biophysical 
simulations. The design process must include equitable access 
and inclusive design methods because these elements need to 
deliver Agriculture 4.0 advantages to small-scale farmers from 
developing countries. The complete success of AI-powered 
agricultural technologies depends on researchers, technology 
developers, policy makers, and farming communities working 
together to solve both technical problems and socio-economic 
barriers. The development of responsible, ethical, and 
sustainable innovations will enable AI to create food systems that 

remain productive and sustainable while delivering food security 
for an expanding global population amid rising climate risks. 
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