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Abstract 
Agriculture remains the backbone of the Indian economy, contributing significantly to food security, employment, 
and rural development. However, increasing climate variability, soil degradation, water scarcity, pest infestations, 
fragmented landholdings, and the growing demand for sustainable food production have created substantial 
challenges for conventional farming practices. The rapid advancement of Data Mining, Artificial Intelligence (AI), 
Machine Learning (ML), and Deep Learning (DL) technologies has transformed precision agriculture by enabling 
intelligent analysis of large-scale agricultural data and supporting evidence-based decision-making. This 
systematic review critically examines recent developments in Data Mining frameworks and AI-enabled neural 
network technologies for environmentally sustainable Indian agriculture. The review synthesizes contemporary 
research on data acquisition, preprocessing, feature engineering, classification, clustering, association rule mining, 
regression analysis, and predictive analytics, together with advanced neural network architectures such as 
Artificial Neural Networks (ANN), Convolutional Neural Networks (CNN), Recurrent Neural Networks (RNN), 
Long Short-Term Memory (LSTM), Gated Recurrent Units (GRU), Transformer models, and Explainable 
Artificial Intelligence (XAI) [2], [3], [15], [18], [20], [21], [22], [43]. Furthermore, it evaluates their applications 
in crop yield prediction, soil health monitoring, intelligent irrigation, crop disease detection, weather forecasting, 
precision nutrient management, climate-resilient farming, and environmental sustainability [5], [11], [16], [24], 
[30], [36], [37]. The review identifies current research trends, methodological limitations, implementation 
challenges, and emerging opportunities while highlighting the need for scalable, interpretable, and resource-
efficient intelligent agricultural systems tailored to India's diverse agro-climatic conditions. Finally, future 
research directions are proposed, emphasizing hybrid AI frameworks, Explainable AI, Edge Intelligence, 
Federated Learning, multimodal data integration, and sustainable decision-support systems. The findings provide 
a comprehensive knowledge base for researchers, policymakers, and agricultural practitioners seeking to develop 
intelligent, environmentally responsible, and sustainable agricultural ecosystems. 
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1. INTRODUCTION 
Agriculture is one of the most important sectors of 
the global economy, providing food, employment, 
and raw materials while supporting the livelihoods 
of billions of people worldwide [12]. In India, 
agriculture remains the backbone of the economy 
and contributes significantly to national food 
security, rural employment, and socioeconomic 
development [14]. Nearly half of India's population 
depends directly or indirectly on agriculture for its 
livelihood, making the sector a critical driver of 
sustainable economic growth [12]. 
Despite its importance, Indian agriculture faces 
several critical challenges, including climate 
change, irregular rainfall, groundwater depletion, 
declining soil fertility, pest infestations, fragmented 
landholdings, and increasing pressure on natural 
resources [24]. These challenges have significantly 
affected agricultural productivity and environmental 
sustainability, highlighting the need for intelligent 

technologies capable of improving decision-making 
while conserving natural resources [34]. 
The rapid evolution of digital technologies has 
transformed conventional agriculture into a 
knowledge-driven and technology-enabled 
ecosystem [2]. Smart Agriculture, also known as 
Precision Agriculture or Digital Agriculture, 
integrates Data Mining, Artificial Intelligence (AI), 
Machine Learning (ML), Deep Learning (DL), 
Internet of Things (IoT), Remote Sensing, 
Geographic Information Systems (GIS), Cloud 
Computing, Edge Computing, and Unmanned Aerial 
Vehicles (UAVs) to improve agricultural 
productivity and sustainability [2]. These 
technologies enable continuous monitoring of crops, 
soil, weather conditions, irrigation systems, and 
environmental parameters through intelligent 
sensing and data acquisition platforms [13]. The 
integration of these technologies has enabled 
farmers to make timely, data-driven decisions that 
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improve crop yield while reducing unnecessary 
consumption of water, fertilizers, and pesticides 
[45]. 
Among these technologies, Data Mining has 
emerged as one of the most effective analytical 
approaches for extracting meaningful knowledge 
from large and complex agricultural datasets [44]. 
Data Mining encompasses several computational 
processes, including data collection, preprocessing, 
feature engineering, classification, clustering, 
association rule mining, regression analysis, and 
predictive modelling [26]. These techniques 
facilitate the identification of hidden patterns and 
relationships that support crop recommendation, 
yield prediction, soil fertility assessment, disease 
diagnosis, irrigation scheduling, weather 
forecasting, fertilizer optimization, and agricultural 
market analysis [36]. As agricultural datasets 
continue to increase in volume and complexity, Data 
Mining provides scalable solutions for transforming 
raw agricultural data into actionable knowledge 
[30]. 
Artificial Intelligence has further accelerated the 
digital transformation of agriculture by enabling 
intelligent systems capable of learning from 
historical agricultural data and adapting to changing 
environmental conditions [33]. Machine Learning 
algorithms improve agricultural decision-making by 
analysing sensor observations, weather information, 
satellite imagery, and historical crop records [17]. 
Supervised learning techniques have been widely 
adopted for crop classification, disease prediction, 
and yield estimation [21]. Unsupervised learning 
algorithms are increasingly used for soil 
classification, crop zoning, and farmer segmentation 
[44]. Reinforcement learning has also shown 
considerable potential in optimizing irrigation 
scheduling, greenhouse climate control, and 
autonomous agricultural operations [33]. 
Recent advances in Deep Learning have 
significantly improved intelligent agricultural 
analytics by enabling high-performance analysis of 
complex and high-dimensional agricultural data 
[15]. Artificial Neural Networks (ANN) effectively 
model nonlinear relationships between 
environmental variables and crop responses, making 
them suitable for yield prediction and soil health 
assessment [15]. Convolutional Neural Networks 
(CNN) have become the dominant approach for 
agricultural image analysis because they 
automatically learn hierarchical image features 
without manual feature engineering [18]. CNN-
based models have demonstrated excellent 
performance in crop disease detection, weed 
identification, fruit grading, and plant classification 
[25]. Recurrent Neural Networks (RNN), Long 
Short-Term Memory (LSTM), and Gated Recurrent 
Units (GRU) have been successfully applied to 
rainfall prediction, soil moisture estimation, 
irrigation forecasting, and crop growth modelling 

because of their ability to capture temporal 
dependencies in sequential agricultural data [21]. 
More recently, Transformer-based architectures 
have demonstrated superior capability for modelling 
long-range dependencies and analysing multimodal 
agricultural datasets [43]. 
Although deep learning models achieve remarkable 
predictive performance, many of them operate as 
black-box systems, making it difficult for farmers 
and agricultural experts to understand the rationale 
behind their predictions [22]. This limitation has led 
to the emergence of Explainable Artificial 
Intelligence (XAI), which enhances model 
transparency by providing interpretable 
explanations using techniques such as SHAP, LIME, 
attention visualization, and feature importance 
analysis [32]. Explainable AI improves user 
confidence, supports responsible AI adoption, and 
facilitates the practical implementation of intelligent 
agricultural decision-support systems [38]. 
The integration of Artificial Intelligence with 
complementary technologies has further expanded 
the capabilities of precision agriculture [24]. IoT 
devices continuously monitor field conditions and 
transmit real-time agricultural information [13]. 
Cloud Computing provides scalable storage and 
computational resources for analysing large-scale 
agricultural datasets [24]. Edge Computing enables 
local processing of sensor data, thereby reducing 
latency and improving real-time responsiveness 
[10]. Geographic Information Systems (GIS), 
Remote Sensing, and UAV-based imaging facilitate 
large-scale spatial analysis of crop health, soil 
variability, and environmental conditions [19]. 
Blockchain technology has also emerged as a 
promising solution for improving transparency, 
traceability, and trust within agricultural supply 
chains [2]. 
Despite these technological advancements, several 
important research challenges remain unresolved. 
Agricultural datasets are often heterogeneous, noisy, 
incomplete, and region-specific, limiting the 
generalizability of predictive models [37]. Deep 
learning algorithms generally require large labelled 
datasets and high computational resources, which 
restrict their deployment in resource-constrained 
agricultural environments [35]. Limited 
interoperability among IoT platforms, inadequate 
digital infrastructure, affordability constraints, 
cybersecurity concerns, and the lack of standardized 
benchmark datasets further hinder large-scale 
adoption, particularly among smallholder farmers in 
developing countries [14]. 
Existing review studies have primarily focused on 
individual technologies such as IoT, Machine 
Learning, Deep Learning, or Precision Agriculture 
independently [13]. Comparatively fewer studies 
have examined how Data Mining frameworks can be 
integrated with AI-enabled neural network 
technologies to support environmentally sustainable 
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agriculture under India's diverse agro-climatic 
conditions [5]. Furthermore, many existing studies 
emphasize predictive accuracy while giving limited 
attention to sustainability indicators such as water 
conservation, soil health improvement, carbon 
emission reduction, biodiversity preservation, and 
climate resilience [47]. 
Therefore, this systematic review aims to provide a 
comprehensive synthesis of Data Mining 
frameworks and AI-enabled neural network 
technologies for environmentally sustainable Indian 
agriculture. The review critically examines recent 
advances in intelligent agricultural analytics, 
analyses major computational methodologies, 
compares their applications across crop yield 
prediction, soil health assessment, disease detection, 
intelligent irrigation, weather forecasting, and 
climate-resilient agriculture, and identifies current 
research trends, implementation challenges, and 
future research opportunities [2], [5], [30]. The 
findings are expected to provide valuable insights 
for researchers, policymakers, agricultural 
practitioners, and technology developers working 
toward the development of intelligent, scalable, 
explainable, and environmentally sustainable 
agricultural systems. 

 
Figure 1 : Integrated Architecture of AI-Driven 
Sustainable Agriculture 
Figure 1 illustrates how agricultural data from 
multiple sources are collected, processed, and 
analysed using Data Mining and AI technologies to 
support intelligent farming decisions.  
2. RELATED WORK 
The rapid advancement of Data Mining, Artificial 
Intelligence (AI), Machine Learning (ML), and 
Deep Learning (DL) has fundamentally transformed 
agricultural research by enabling intelligent 
decision-support systems for precision farming and 
environmental sustainability [2]. The integration of 
Internet of Things (IoT), cloud computing, remote 
sensing, unmanned aerial vehicles (UAVs), and 
sensor technologies has enabled continuous 
acquisition of large-scale agricultural data from 
diverse sources [13]. These developments have 
created new opportunities for improving crop 
productivity, optimizing resource utilization, and 
minimizing the environmental impact of agricultural 
activities [24]. 

Earlier agricultural studies primarily relied on 
statistical analysis and conventional machine 
learning algorithms for crop yield prediction, soil 
classification, weather forecasting, and crop 
recommendation [21]. Although these methods 
provided acceptable predictive performance, they 
often struggled to process heterogeneous, high-
dimensional, and continuously evolving agricultural 
datasets [44]. Recent research has shifted towards 
hybrid AI models capable of analysing structured, 
unstructured, spatial, temporal, and image-based 
agricultural data with greater accuracy and 
scalability [30]. Smart Agriculture has emerged as a 
comprehensive framework that combines sensing 
technologies with intelligent analytics to support 
precision farming [2]. Abbasi et al. reviewed the 
evolution of Agriculture 4.0 and demonstrated that 
IoT, robotics, cloud computing, and AI are 
transforming conventional farming into an 
intelligent digital ecosystem [1]. Ahmed et al. 
further reported that integrating AI, blockchain, 
UAVs, sensors, and big data analytics significantly 
enhances crop monitoring, disease detection, 
irrigation management, and agricultural supply-
chain transparency [2].  

IoT has become one of the primary 
enabling technologies for intelligent agriculture 
because it facilitates continuous monitoring of soil, 
crops, weather, and environmental conditions [13]. 
Friha et al. reviewed IoT-based agricultural 
architectures and highlighted the role of wireless 
sensor networks, cloud computing, fog computing, 
and UAV-assisted monitoring in modern farming 
[13]. Similarly, Akhter and Sofi demonstrated that 
combining IoT-generated data with machine 
learning significantly improves disease prediction, 
irrigation scheduling, crop monitoring, and resource 
optimization [3 
Data Mining has become the foundation for 
intelligent agricultural analytics because it enables 
the extraction of hidden patterns and predictive 
knowledge from large agricultural datasets [44]. 
Witten et al. described Data Mining as a systematic 
process involving data preprocessing, feature 
engineering, classification, clustering, association 
rule mining, and predictive modelling [44]. Random 
Forest has demonstrated high classification accuracy 
in crop recommendation and soil classification 
because of its robustness against noisy agricultural 
data [7]. Likewise, XGBoost has become an 
effective predictive algorithm for crop yield 
estimation and disease diagnosis owing to its 
scalability and computational efficiency [8]. 
Liakos et al. reported that machine learning 
techniques are extensively applied to crop 
classification, yield estimation, livestock 
monitoring, weed detection, and environmental 
monitoring [21]. Sharma et al. demonstrated that 
machine learning significantly improves fertilizer 
recommendation, irrigation scheduling, disease 
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prediction, and weather forecasting [36]. Raj et al. 
also concluded that integrating machine learning 
with intelligent sensing technologies contributes 
substantially to sustainable agricultural 
development [30].Deep Learning has emerged as 
one of the most influential technologies for 
agricultural image analysis and predictive modelling 
[15]. Kamilaris and Prenafeta-Boldú demonstrated 
that Convolutional Neural Networks (CNNs) 
outperform conventional machine learning 
techniques in crop disease detection and plant image 
classification [18]. Mohanty et al. successfully 
applied CNN models for image-based plant disease 
identification with remarkable prediction accuracy 
[25]. Koirala et al. further demonstrated the 
effectiveness of deep learning in fruit detection, 
orchard management, and yield estimation using 
UAV imagery [19]. 
More recently, Transformer architectures have 
shown superior capability for modelling complex 
agricultural time-series data because of their self-
attention mechanism [43].Lundberg and Lee 
introduced SHAP as a unified framework for 
interpreting machine learning predictions [22]. 
Explainable Artificial Intelligence (XAI) has 
subsequently been adopted to improve user 
confidence in crop recommendation, fertilizer 
management, and irrigation decision-support 
systems [32]. Explainable AI enables farmers and 
agricultural experts to understand the rationale 
behind AI-generated recommendations, thereby 
improving practical acceptance [38].The integration 
of AI with complementary technologies such as 
Remote Sensing, GIS, Edge Computing, and 
Blockchain has further strengthened precision 
agriculture [24]. UAV-based remote sensing 
provides accurate spatial information for crop health 
assessment and precision farming [48]. Edge AI 
enables real-time agricultural analytics while 
reducing communication latency [10]. Blockchain 
improves traceability and transparency across 
agricultural supply chains [2]. 
Existing models often emphasize prediction 
accuracy while overlooking sustainability indicators 
such as water conservation, soil health, energy 
efficiency, and carbon reduction [34]. Furthermore, 
relatively few studies integrate Data Mining, 
Explainable AI, IoT, Deep Learning, and 
sustainability assessment into a unified decision-
support framework suitable for Indian agriculture 
[37]. 
Table 1. Comparative Analysis of Recent Studies 
on Data Mining and AI Technologies for 
Sustainable Agriculture 
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The reviewed literature demonstrates that Data 
Mining, Artificial Intelligence, and Deep Learning 
have significantly improved intelligent agricultural 
analytics. However, existing research remains 
fragmented across individual technologies, with 
limited emphasis on integrated, explainable, and 
environmentally sustainable frameworks tailored to 
Indian agriculture. This systematic review addresses 
these limitations by synthesizing Data Mining 
frameworks and AI-enabled neural network 
technologies into a unified perspective for 
environmentally sustainable and climate-resilient 
precision agriculture. 

 
Figure 2  Taxonomy of Data Mining and AI-
Enabled Neural Network Technologies 
Figure 2 classifies the major Data Mining techniques 
and AI-enabled neural network technologies used in 
sustainable agriculture. It also shows how these 
technologies support important agricultural 
applications such as crop prediction, disease 
detection, irrigation management, precision 
farming, and market forecasting. 
3. METHODS INCORPORATED 

The reviewed literature incorporates a wide range of 
computational methods that collectively support 
intelligent decision-making, precision farming, and 
environmentally sustainable agricultural practices. 
These methods integrate Data Mining, Artificial 
Intelligence (AI), Machine Learning (ML), Deep 
Learning (DL), Explainable Artificial Intelligence 
(XAI), and emerging digital technologies to analyse 
large-scale agricultural datasets and generate 
accurate, timely, and actionable insights [2]. The 
combination of these computational approaches has 
significantly improved agricultural productivity, 
optimized resource utilization, and enhanced 
environmental sustainability by enabling data-
driven farm management [24]. 
Data Mining serves as the fundamental analytical 
component in intelligent agricultural systems 
because it transforms raw agricultural data into 
meaningful knowledge for informed decision-
making [44]. The reviewed studies employ several 
Data Mining techniques, including classification, 
clustering, regression, association rule mining, and 
predictive analytics, to identify hidden patterns and 
relationships within agricultural datasets [26]. 
Classification methods such as Decision Tree, 
Random Forest, Support Vector Machine (SVM), 
Naïve Bayes, and Extreme Gradient Boosting 
(XGBoost) are widely used for crop 
recommendation, disease diagnosis, pest 
identification, and soil classification due to their 
high predictive accuracy and robustness [7], [8]. 
Clustering techniques, particularly K-Means and 
Hierarchical Clustering, are applied to group 
agricultural regions, classify soil fertility zones, and 
analyse climatic variations [44]. Regression models 
are incorporated to estimate crop yield, rainfall 
patterns, irrigation requirements, and fertilizer 
demand by modelling relationships between 
environmental variables and agricultural 
productivity [36]. In addition, association rule 
mining algorithms such as Apriori and FP-Growth 
identify hidden relationships among soil nutrients, 
crop varieties, and farming practices, thereby 
supporting intelligent recommendation systems 
[44]. 
Artificial Intelligence has emerged as one of the 
most influential technologies incorporated in 
modern agricultural research because of its 
capability to simulate human reasoning and 
automate complex decision-making processes [33]. 
AI-driven agricultural systems analyse historical 
records, sensor observations, weather information, 
satellite imagery, and environmental data to generate 
intelligent recommendations for farmers and 
policymakers [2]. Machine Learning algorithms 
further strengthen AI by enabling systems to learn 
from historical agricultural data and continuously 
improve predictive performance without explicit 
programming [21]. Supervised learning algorithms 
are extensively utilized for crop classification, crop 
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yield prediction, disease diagnosis, and irrigation 
scheduling [21]. Unsupervised learning methods 
facilitate soil clustering, environmental pattern 
recognition, and agricultural region segmentation, 
while reinforcement learning algorithms are 
increasingly adopted for autonomous irrigation 
management and greenhouse automation through 
sequential decision optimization [33]. 
Deep Learning represents a significant advancement 
in agricultural intelligence because it automatically 
extracts hierarchical features from complex 
agricultural datasets [15]. Artificial Neural 
Networks (ANNs) effectively capture nonlinear 
relationships between agricultural variables and 
have been successfully applied to crop yield 
estimation and soil health prediction [15]. 
Convolutional Neural Networks (CNNs) have 
become the dominant architecture for agricultural 
image analysis owing to their exceptional capability 
in feature extraction and image classification [18]. 
The reviewed studies demonstrate that CNN-based 
models achieve high accuracy in crop disease 
detection, weed identification, fruit grading, and 
plant species recognition using leaf images and 
UAV-acquired imagery [25]. Recurrent Neural 
Networks (RNNs), Long Short-Term Memory 
(LSTM), and Gated Recurrent Unit (GRU) networks 
are incorporated to analyse sequential agricultural 
data such as rainfall patterns, soil moisture 
variations, crop growth stages, and climatic 
conditions because of their ability to learn long-term 
temporal dependencies [11]. More recently, 
Transformer-based neural networks have been 
introduced for multimodal agricultural data analysis, 
providing improved performance through self-
attention mechanisms capable of modelling long-
range relationships within heterogeneous datasets 
[43]. 
To improve the transparency and reliability of 
intelligent agricultural systems, several reviewed 
studies incorporate Explainable Artificial 
Intelligence (XAI) techniques [22]. Although deep 
learning models achieve remarkable predictive 
performance, their decision-making processes are 
often difficult to interpret because of their black-box 
nature [32]. XAI methods such as SHAP (SHapley 
Additive exPlanations) and LIME (Local 
Interpretable Model-Agnostic Explanations) 
provide understandable explanations by identifying 
influential features contributing to model 
predictions [22]. These techniques enhance user 
confidence, facilitate model validation, and support 
responsible AI adoption in agricultural decision-
support systems, particularly for crop 
recommendation, disease diagnosis, fertilizer 
optimization, and irrigation management [38]. 
The reviewed literature further demonstrates that the 
effectiveness of Data Mining and AI methods is 
significantly enhanced through integration with 
enabling digital technologies [24]. Internet of 

Things (IoT) devices continuously monitor soil 
moisture, temperature, humidity, nutrient levels, and 
environmental conditions using distributed sensor 
networks [13]. Remote Sensing technologies and 
Unmanned Aerial Vehicles (UAVs) provide high-
resolution multispectral and hyperspectral imagery 
for crop health assessment, weed detection, disease 
monitoring, and yield estimation [48]. Geographic 
Information Systems (GIS) support spatial analysis 
and land suitability mapping by integrating 
geographical and environmental information [19]. 
Cloud Computing provides scalable infrastructure 
for storing and processing massive agricultural 
datasets, whereas Edge Computing enables real-time 
analysis by performing computations closer to 
sensing devices, thereby reducing communication 
latency and bandwidth requirements [10]. 
Furthermore, Blockchain technology is increasingly 
incorporated into agricultural supply-chain 
management to improve traceability, transparency, 
food safety, and secure data sharing among 
stakeholders [2]. 
Overall, the reviewed methods demonstrate that 
environmentally sustainable agriculture increasingly 
depends on the integration of Data Mining 
frameworks, AI-enabled neural networks, 
Explainable AI, IoT, Remote Sensing, GIS, Cloud 
Computing, Edge Computing, and Blockchain 
technologies within unified intelligent decision-
support systems [5], [37]. Although these 
computational methods have substantially improved 
prediction accuracy, resource optimization, and 
environmental monitoring, the literature indicates 
the need for more scalable, explainable, and 
integrated frameworks capable of addressing the 
diverse agro-climatic conditions and sustainability 
challenges of Indian agriculture. Consequently, this 
review synthesizes these methods to provide a 
comprehensive understanding of current 
technological advancements while identifying 
future directions for intelligent, climate-resilient, 
and environmentally sustainable precision 
agriculture. 

 
Figure 3 Integrated Framework of Data Mining 
and AI for Sustainable Agriculture 
Figure 3 presents the complete workflow of an 
intelligent agriculture system, where agricultural 
data are collected, preprocessed, and analysed using 
Data Mining and AI techniques. The generated 
insights support accurate farming decisions, leading 
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to improved productivity, efficient resource 
utilization, environmental sustainability, and 
continuous system improvement through a feedback 
loop. 
4. Discussions 
4.1 Advantages and Problems  
The integration of Data Mining frameworks and AI-
enabled neural network technologies has 
revolutionized modern agriculture by enabling 
intelligent, data-driven, and environmentally 
sustainable farming practices [2]. The reviewed 
studies demonstrate that these technologies 
significantly improve agricultural productivity, 
resource management, and decision-making through 
advanced data analytics and predictive modelling 
[30]. By integrating Artificial Intelligence (AI), 
Machine Learning (ML), Deep Learning (DL), 
Internet of Things (IoT), Remote Sensing, and 
Geographic Information Systems (GIS), farmers can 
monitor crop conditions, optimize agricultural 
inputs, and respond proactively to environmental 
changes [13]. However, despite these benefits, 
several technical, economic, and operational 
problems continue to limit their large-scale 
implementation, particularly in developing 
agricultural economies such as India [14]. 
One of the primary advantages of AI-enabled 
agricultural systems is their ability to improve crop 
productivity and prediction accuracy. Data Mining 
techniques analyse historical agricultural records, 
soil characteristics, weather conditions, and crop 
performance to identify patterns that support 
accurate crop selection and yield forecasting [44]. 
Machine Learning algorithms further enhance 
prediction by continuously learning from new 
datasets and adapting to changing environmental 
conditions [21]. Similarly, Deep Learning models, 
particularly Convolutional Neural Networks 
(CNNs), have achieved remarkable success in plant 
disease detection, weed identification, and crop 
classification using image-based analysis, enabling 
timely intervention and minimizing crop losses [18], 
[25]. 
Another major advantage is the development of 
intelligent decision-support systems that assist 
farmers in making informed agricultural decisions 
[33]. These systems integrate information collected 
from IoT sensors, drones, weather stations, and 
satellite imagery to provide recommendations 
regarding irrigation scheduling, fertilizer 
application, pest control, and harvesting time [36]. 
Such real-time, data-driven recommendations 
reduce uncertainty, improve farm management 
efficiency, and support precision agriculture by 
enabling site-specific cultivation practices [24]. 
The reviewed studies also emphasize the role of AI 
in optimizing natural resource utilization. Intelligent 
irrigation systems use soil moisture sensors and 
predictive analytics to supply water according to 
crop requirements, thereby reducing water wastage 

and improving irrigation efficiency [13]. Likewise, 
AI-based fertilizer recommendation systems analyse 
soil nutrient status and recommend appropriate 
fertilizer dosages, minimizing excessive chemical 
application and reducing environmental pollution 
[36]. These approaches contribute directly to 
sustainable agriculture by conserving water 
resources, protecting soil quality, and lowering 
production costs [34]. 
Despite these advantages, several important 
problems remain. High implementation cost is one 
of the most frequently reported barriers to adopting 
AI technologies in agriculture [14]. The deployment 
of IoT devices, UAVs, cloud infrastructure, and 
high-performance computing systems requires 
substantial financial investment, making these 
technologies less accessible to small and marginal 
farmers. Another significant problem is poor data 
quality, as agricultural datasets often contain 
missing values, inconsistent measurements, and 
region-specific information that reduce the 
reliability and generalizability of predictive models 
[44]. 
Furthermore, many advanced Deep Learning models 
function as black-box systems, making their 
predictions difficult to interpret [22]. The lack of 
explainability reduces farmers' trust in AI-generated 
recommendations and limits their practical adoption. 
Explainable Artificial Intelligence (XAI) 
techniques, including SHAP and LIME, have been 
proposed to address this issue by providing 
transparent explanations for model predictions [32], 
[38]. In addition, inadequate digital infrastructure, 
unreliable internet connectivity, and limited digital 
literacy among farmers remain major obstacles to 
implementing intelligent agricultural systems, 
particularly in rural regions [13], [14]. 
Overall, the reviewed literature indicates that Data 
Mining and AI-enabled neural network technologies 
have tremendous potential to improve agricultural 
productivity, resource efficiency, and environmental 
sustainability. However, overcoming challenges 
related to affordability, data quality, explainability, 
infrastructure, and user awareness is essential to 
ensure their successful and widespread adoption in 
sustainable Indian agriculture. 
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Table 4.1. Advantages and Problems of Data 
Mining and AI-Enabled Technologies in 
Sustainable Agriculture 

Advantages Problems 

Improved crop yield 
prediction 

High implementation cost 

Early disease and 
pest detection 

Poor-quality and 
heterogeneous datasets 

Intelligent decision 
support 

Black-box AI models 

Precision irrigation 
and fertilization 

High computational 
requirements 

Water and resource 
conservation 

Dependence on IoT and 
internet connectivity 

Reduced 
environmental 
pollution 

Limited digital literacy 
among farmers 

Automated farm 
monitoring 

Limited scalability in 
rural environments 

Sustainable 
agricultural 
practices 

Lack of standardized 
agricultural datasets 

4.2 Challenges 
The implementation of Data Mining frameworks 
and AI-enabled neural network technologies has 
introduced significant advancements in sustainable 
agriculture. However, the reviewed literature 
indicates that several technical, infrastructural, 
economic, and social challenges continue to hinder 
their effective adoption and large-scale deployment 
[2]. These challenges influence the reliability, 
scalability, and practical applicability of intelligent 
agricultural systems, particularly in developing 
countries where digital infrastructure and financial 
resources remain limited [14]. Addressing these 
challenges is essential to ensure that AI-driven 
agricultural solutions contribute effectively to long-
term environmental sustainability and food security. 
One of the major challenges is data availability and 
quality. Agricultural data are collected from diverse 
sources, including IoT sensors, weather stations, 
drones, satellites, and manual field observations 
[13]. These datasets are often heterogeneous, 
incomplete, noisy, and inconsistent, making data 
preprocessing a critical and time-consuming task 
[44]. Missing values, duplicate records, and class 
imbalance reduce the performance and reliability of 
predictive models. Furthermore, most datasets are 
region-specific and do not adequately represent 
different climatic conditions, soil types, and crop 
varieties, limiting the generalizability of AI models 
across diverse agricultural environments [37]. 

Another significant challenge is the computational 
complexity associated with advanced Machine 
Learning and Deep Learning models. Neural 
network architectures such as Convolutional Neural 
Networks (CNNs), Long Short-Term Memory 
(LSTM) networks, and Transformer-based models 
require large volumes of labelled data, high-
performance computing infrastructure, and 
extensive training time [18]. The computational cost 
of training and deploying these models is often 
beyond the capabilities of small-scale agricultural 
organizations and farmers. In addition, real-time 
processing of large agricultural datasets requires 
robust cloud computing and edge computing 
infrastructures, which are not always available in 
rural regions [30]. 
The lack of explainability in AI models represents 
another important challenge. Many Deep Learning 
algorithms operate as black-box systems, generating 
highly accurate predictions without providing 
understandable explanations for their decisions [22]. 
Farmers and agricultural experts may hesitate to rely 
on recommendations if they cannot interpret how the 
system arrived at its conclusions. Although 
Explainable Artificial Intelligence (XAI) techniques 
such as SHAP and LIME have been introduced to 
improve model transparency, their application in 
agricultural decision-support systems remains 
limited [32], [38]. 
Infrastructure-related issues also significantly affect 
the implementation of intelligent agricultural 
systems. Most AI-enabled farming solutions depend 
on reliable internet connectivity, IoT networks, 
cloud platforms, and uninterrupted electricity supply 
[13]. In many rural and remote agricultural regions, 
poor communication infrastructure and unstable 
power supply reduce the effectiveness of real-time 
monitoring and automated decision-making 
systems. Sensor failures, network interruptions, and 
maintenance difficulties further decrease system 
reliability and increase operational costs [14]. 
In addition to technical barriers, economic and social 
challenges continue to influence technology 
adoption. The initial investment required for IoT 
devices, drones, precision farming equipment, and 
AI software is often unaffordable for small and 
marginal farmers [14]. Moreover, limited digital 
literacy, insufficient technical training, and 
resistance to adopting new technologies reduce the 
acceptance of AI-based agricultural solutions. Many 
farmers continue to rely on traditional farming 
practices due to limited awareness of the long-term 
benefits of intelligent agriculture [24]. 
Overall, the reviewed studies demonstrate that 
overcoming challenges related to data quality, 
computational requirements, explainability, 
infrastructure, affordability, and user awareness is 
essential for the successful implementation of AI-
enabled sustainable agriculture. Future research 
should focus on developing cost-effective, 
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explainable, and scalable intelligent farming 
systems that are suitable for diverse agricultural 
conditions and accessible to farmers of all scales. 
Table 4.2. Major Challenges in AI-Enabled 
Sustainable Agriculture 

Challenge 
Category 

Description Impact on 
Agriculture 

Data Quality Missing, noisy, 
and 
heterogeneous 
datasets 

Reduces 
prediction 
accuracy and 
model 
reliability 

Computational 
Complexity 

High 
processing 
power and 
training time 
required 

Limits 
deployment 
in resource-
constrained 
environments 

Explainability Black-box 
nature of Deep 
Learning 
models 

Reduces 
farmer trust 
and 
technology 
adoption 

Infrastructure Limited 
internet, IoT 
connectivity, 
and power 
supply 

Affects real-
time 
monitoring 
and 
automation 

Economic 
Factors 

High cost of AI 
tools and smart 
farming 
equipment 

Restricts 
adoption by 
small and 
marginal 
farmers 

Human 
Factors 

Low digital 
literacy and 
limited 
technical 
training 

Slows 
acceptance 
and effective 
utilization of 
AI 
technologies 

Scalability Region-
specific 
models and 
limited 
benchmark 
datasets 

Reduces 
adaptability 
across 
different 
agricultural 
regions 

4.3 Limitations  
Although Data Mining frameworks and AI-enabled 
neural network technologies have significantly 
advanced sustainable agriculture, the reviewed 
literature reveals several limitations that restrict their 
practical implementation and large-scale adoption 
[2]. These limitations are associated with data 
availability, model performance, computational 
requirements, interoperability, and real-world 
applicability. Identifying these shortcomings is 

essential for improving future research and 
developing more reliable, scalable, and farmer-
centric intelligent agricultural systems. 
One of the primary limitations identified in the 
reviewed studies is the availability and quality of 
agricultural datasets. Most AI and Data Mining 
models rely on historical datasets collected from 
specific geographical regions, experimental farms, 
or controlled environments [44]. These datasets 
often contain missing values, inconsistent 
measurements, and imbalanced class distributions, 
which reduce the predictive accuracy of Machine 
Learning algorithms. Furthermore, many publicly 
available datasets are limited in size and diversity, 
making it difficult to train robust Deep Learning 
models that can generalize effectively across 
different climatic conditions, soil types, and crop 
varieties [37]. As agriculture is highly influenced by 
environmental variability, region-specific datasets 
limit the transferability of developed models to other 
agricultural ecosystems. 
Another major limitation is the high computational 
complexity of advanced AI models. Deep Learning 
architectures such as Convolutional Neural 
Networks (CNNs), Recurrent Neural Networks 
(RNNs), Long Short-Term Memory (LSTM) 
networks, and Transformer-based models require 
substantial computational resources, including high-
performance Graphics Processing Units (GPUs), 
extensive memory, and long training durations [18]. 
These computational demands increase 
implementation costs and make deployment difficult 
for small agricultural organizations and resource-
constrained farming communities. Moreover, 
continuous model retraining is often necessary to 
maintain prediction accuracy under changing 
environmental conditions, further increasing 
computational overhead [30]. 
The reviewed literature also highlights the limited 
explainability of many AI models. Although Deep 
Learning techniques achieve high predictive 
accuracy, they often function as black-box systems, 
making it difficult for farmers and agricultural 
experts to understand how predictions are generated 
[22]. This lack of transparency reduces user 
confidence and creates challenges in adopting AI-
assisted decision-making. While Explainable 
Artificial Intelligence (XAI) techniques such as 
SHAP and LIME have been introduced to improve 
model interpretability, their application in 
agricultural systems remains relatively limited and 
requires further investigation [32], [38]. 
A further limitation is the lack of integration among 
enabling technologies. Many existing studies focus 
on individual technologies such as IoT, UAVs, GIS, 
Data Mining, or Deep Learning independently rather 
than developing integrated intelligent agricultural 
frameworks [13]. The absence of standardized 
communication protocols and interoperability 
among these technologies reduces system efficiency 
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and limits the development of comprehensive smart 
farming platforms capable of supporting real-time 
monitoring and decision-making. 
The reviewed studies also reveal limited field 
validation and scalability. Most proposed models are 
evaluated using laboratory experiments, simulation 
environments, or small datasets, with relatively few 
studies demonstrating long-term performance under 
real farming conditions [24]. Factors such as 
changing weather patterns, soil diversity, crop 
variability, and farmer behaviour may significantly 
influence system performance, yet these factors are 
often insufficiently considered during model 
evaluation. Consequently, many AI-based 
agricultural systems remain at the prototype stage 
and require extensive validation before large-scale 
implementation. overall, the existing literature 
demonstrates that despite considerable progress in 
applying Data Mining and AI-enabled neural 
network technologies to agriculture, important 
limitations remain regarding data quality, 
computational requirements, explainability, 
technological integration, and real-world 
deployment. Addressing these limitations is 
essential for developing reliable, transparent, and 
scalable intelligent agricultural systems that 
effectively support environmentally sustainable 
farming practices. 
Table 4.3. Limitations of Existing AI-Enabled 
Agricultural Systems 

Limitation Description Impact 
Limited 
datasets 

Small, region-
specific, and 
imbalanced 
datasets 

Reduces 
model 
generalization 

High 
computationa
l 
requirements 

Deep Learning 
models require 
GPUs and 
extensive 
training 

Increases 
implementatio
n cost 

Limited 
explainability 

Black-box AI 
models lack 
transparency 

Reduces user 
trust 

Poor 
technology 
integration 

Limited 
interoperabilit
y among IoT, 
GIS, UAVs, 
and AI 

Restricts 
comprehensiv
e smart 
farming 

Limited field 
validation 

Most studies 
evaluated only 
in controlled 
environments 

Limits 
practical 
adoption 

Scalability 
issues 

Models are not 
adaptable 
across diverse 
agricultural 
regions 

Reduces real-
world 
applicability 

Infrastructure 
dependency 

Requires 
reliable 

Difficult to 
deploy in rural 
areas 

internet and 
cloud services 

4.4 Research Gap and Future Directions  
The systematic review of Data Mining frameworks 
and AI-enabled neural network technologies reveals 
substantial progress in intelligent agriculture; 
however, several important research gaps remain 
that limit the development of comprehensive, 
sustainable, and scalable agricultural solutions [2]. 
Most existing studies concentrate on improving 
predictive accuracy using individual Machine 
Learning or Deep Learning algorithms, while 
comparatively less attention has been given to 
developing integrated frameworks that 
simultaneously address environmental 
sustainability, interpretability, and practical 
implementation [30]. Bridging these research gaps is 
essential for advancing next-generation intelligent 
agricultural systems. 
One significant research gap is the limited 
integration of Data Mining with emerging AI 
technologies. Current studies predominantly 
evaluate individual algorithms such as Decision 
Trees, Random Forests, Support Vector Machines, 
Artificial Neural Networks, or CNNs independently 
[21], [18]. Comparatively few studies investigate 
hybrid models that combine Data Mining, Deep 
Learning, Explainable AI, IoT, GIS, UAVs, and 
cloud computing within a unified decision-support 
framework. Developing such integrated 
architectures could improve prediction accuracy 
while supporting comprehensive farm management. 
Another important gap concerns Explainable 
Artificial Intelligence (XAI). Although Deep 
Learning models consistently outperform traditional 
algorithms in crop classification, disease detection, 
and yield prediction, most models provide limited 
explanations for their predictions [22]. This lack of 
transparency reduces user confidence and hinders 
practical adoption. Future research should integrate 
XAI techniques, including SHAP, LIME, and 
attention-based visualization methods, to improve 
model interpretability and support transparent 
agricultural decision-making [32], [38].The review 
also identifies a shortage of large-scale, standardized 
agricultural datasets, particularly for Indian farming 
systems. Many published studies rely on small or 
region-specific datasets that limit model 
generalization across different agro-climatic zones 
[44]. Future research should focus on creating 
publicly available benchmark datasets that include 
diverse crops, soil conditions, climatic variables, 
and farming practices. Such datasets would facilitate 
fair comparison of AI models and improve 
reproducibility across studies. 
Another research gap involves the limited 
consideration of environmental sustainability 
indicators. Most existing models prioritize 
prediction accuracy without adequately evaluating 
water conservation, soil health, biodiversity, carbon 
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emissions, or long-term ecological impacts [34]. 
Future intelligent agricultural systems should 
incorporate sustainability metrics into model 
evaluation to ensure that technological 
advancements contribute directly to 
environmentally responsible farming. 
Emerging technologies present promising 
opportunities for future research. Federated 
Learning can enable collaborative model training 
while preserving farmers' data privacy. Edge AI and 
TinyML can support real-time decision-making on 
low-power agricultural devices with minimal 
dependence on cloud infrastructure. Graph Neural 
Networks (GNNs) and Transformer-based 
architectures offer opportunities to model complex 
spatial and temporal relationships among crops, soil, 
weather, and environmental variables. In addition, 
Digital Twin technology, Blockchain, and 
multimodal AI can improve traceability, intelligent 
monitoring, and supply-chain transparency 
throughout the agricultural ecosystem.In 
conclusion, future research should move beyond 
improving predictive accuracy alone and focus on 
developing integrated, explainable, scalable, and 
environmentally sustainable AI frameworks tailored 
to real-world agricultural environments. Such 
multidisciplinary approaches will accelerate the 
adoption of intelligent farming technologies and 
contribute significantly to climate-resilient and 
sustainable agriculture. 
Table 4.4. Research Gaps and Future Directions 

Research Gap Future Direction 

Limited hybrid 
AI frameworks 

Integrate Data Mining, AI, 
IoT, GIS, UAVs, and Cloud 
Computing 

Black-box 
Deep Learning 
models 

Develop Explainable AI 
(XAI)-based agricultural 
systems 

Small, region-
specific 
datasets 

Create large benchmark 
datasets for diverse 
agricultural regions 

Limited 
sustainability 
evaluation 

Incorporate water, soil, 
biodiversity, and carbon 
metrics 

Dependence 
on cloud 
infrastructure 

Develop Edge AI and TinyML 
solutions 

Limited 
privacy 
protection 

Apply Federated Learning for 
secure collaborative model 
training 

Limited real-
world 
validation 

Conduct long-term multi-
location field experiments 

Lack of 
intelligent 
ecosystem 
integration 

Develop Digital Twin and 
Blockchain-enabled smart 
agriculture platforms 

 
Figure 4 : Research Gap Analysis Framework 
Figure 4 illustrates the process of identifying 
research gaps through literature review, systematic 
analysis, and gap categorization. It also highlights 
future research directions to develop more effective, 
explainable, and sustainable AI-based agricultural 
solutions. 
4.5 Recommendations  
The findings of this systematic review indicate that 
Data Mining frameworks and AI-enabled neural 
network technologies have considerable potential to 
transform conventional agriculture into an 
intelligent, sustainable, and environmentally 
responsible farming system. However, realizing this 
potential requires coordinated efforts from 
researchers, policymakers, technology developers, 
agricultural institutions, and farmers. Based on the 
identified advantages, challenges, limitations, and 
research gaps, several recommendations are 
proposed to improve the development, adoption, and 
long-term sustainability of AI-driven agricultural 
systems. 
One of the primary recommendations is the 
development of integrated and hybrid intelligent 
agricultural frameworks that combine Data Mining, 
Machine Learning, Deep Learning, Explainable 
Artificial Intelligence (XAI), Internet of Things 
(IoT), Geographic Information Systems (GIS), 
Unmanned Aerial Vehicles (UAVs), and cloud 
computing within a unified platform [2]. Most 
existing studies focus on individual technologies; 
however, integrating multiple enabling technologies 
can enhance prediction accuracy, support real-time 
monitoring, and improve decision-making across 
different stages of crop production [30]. Researchers 
should therefore prioritize interdisciplinary 
approaches that provide comprehensive and scalable 
solutions for sustainable agriculture. 
Another important recommendation is the increased 
adoption of Explainable Artificial Intelligence 
(XAI) in agricultural applications. Although Deep 
Learning models achieve high predictive 
performance, their black-box nature often limits user 
confidence and practical acceptance [22]. 
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Incorporating explainability techniques such as 
SHAP, LIME, and attention-based visualization 
methods can improve transparency by providing 
understandable explanations for AI-generated 
recommendations [32], [38]. Explainable systems 
will enable farmers, agricultural experts, and 
policymakers to interpret prediction outcomes more 
effectively and support informed decision-making. 
The review also highlights the need to develop large-
scale, standardized, and publicly accessible 
agricultural datasets. Existing studies frequently rely 
on small, region-specific datasets that limit model 
generalization across different climatic conditions 
and agricultural ecosystems [44]. Research 
institutions, universities, government agencies, and 
agricultural organizations should collaborate to 
establish benchmark datasets containing diverse 
crop varieties, soil characteristics, weather 
conditions, pest information, and management 
practices. Standardized datasets will facilitate fair 
comparison among AI models, improve 
reproducibility, and accelerate technological 
innovation. 
Improving digital infrastructure and farmer capacity 
building is equally important for successful 
implementation. Governments should invest in 
expanding high-speed internet connectivity, cloud 
services, sensor networks, and reliable electricity in 
rural agricultural regions [14]. At the same time, 
farmers should receive regular training on digital 
farming practices, AI-based decision-support 
systems, and precision agriculture technologies. 
Educational programs, agricultural extension 
services, and mobile-based advisory platforms can 
significantly improve digital literacy and encourage 
the adoption of intelligent farming technologies 
[24]. 
Future research should place greater emphasis on 
environmental sustainability and climate resilience. 
AI models should evaluate not only prediction 
accuracy but also indicators such as water-use 
efficiency, soil health, biodiversity conservation, 
carbon emissions, and energy consumption [34]. 
Integrating sustainability metrics into intelligent 
agricultural systems will ensure that technological 
innovations contribute directly to long-term 
ecological protection while maintaining agricultural 
productivity.  
Finally, emerging technologies such as Federated 
Learning, Edge AI, TinyML, Graph Neural 
Networks, Transformer architectures, Blockchain, 
and Digital Twins should be explored to develop 
next-generation intelligent agricultural systems. 
These technologies can enhance privacy, reduce 
computational costs, improve scalability, and 
support decentralized real-time decision-making. 
Particular attention should also be given to 
developing AI solutions tailored to the diverse agro-
climatic conditions of Indian agriculture, where 
affordability, accessibility, and sustainability remain 

critical priorities. In conclusion, the successful 
implementation of AI-enabled sustainable 
agriculture requires collaborative efforts among 
researchers, governments, industries, and farming 
communities.  
Table 4.5. Recommendations for Advancing AI-
Enabled Sustainable Agriculture 

Stakeholde
r 

Recommendatio
ns 

Expected 
Outcome 

Researchers Develop hybrid 
frameworks 
integrating Data 
Mining, AI, IoT, 
GIS, UAVs, and 
XAI 

Improved 
prediction 
accuracy and 
comprehensi
ve decision 
support 

Academic 
Institutions 

Create 
benchmark 
datasets and 
promote 
interdisciplinary 
agricultural AI 
research 

Better model 
validation 
and 
reproducibilit
y 

Governmen
t 

Expand rural 
digital 
infrastructure, 
provide 
subsidies, and 
establish AI 
governance 
policies 

Increased 
adoption of 
intelligent 
farming 
technologies 

Farmers Participate in 
digital literacy 
and precision 
farming training 
programs 

Improved 
technology 
acceptance 
and farm 
productivity 

Technology 
Developers 

Design 
affordable, 
explainable, and 
scalable AI 
solutions 

Wider 
accessibility 
and practical 
implementati
on 

Agricultural 
Organizatio
ns 

Conduct long-
term field 
validation and 
collaborative 
research 

Enhanced 
reliability and 
real-world 
applicability 

Future 
Researchers 

Explore 
Federated 
Learning, Edge 
AI, TinyML, 
GNNs, 
Blockchain, and 
Digital Twins 

Development 
of next-
generation 
sustainable 
agricultural 
systems 
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Chapter 5: Conclusion  
This systematic review has 

comprehensively examined the role of Data Mining 
frameworks and AI-enabled neural network 
technologies in promoting environmentally 
sustainable agriculture, with particular emphasis on 
their applications in crop prediction, disease 
detection, precision farming, resource optimization, 
and intelligent decision-support systems. The review 
demonstrates that the integration of Artificial 
Intelligence (AI), Machine Learning (ML), Deep 
Learning (DL), Internet of Things (IoT), Geographic 
Information Systems (GIS), Remote Sensing, and 
Unmanned Aerial Vehicles (UAVs) has transformed 
traditional agricultural practices into intelligent, 
data-driven systems capable of improving 
productivity while supporting environmental 
sustainability [2], [13]. These technologies enable 
farmers to make informed decisions based on real-
time data, thereby enhancing crop yield, reducing 
operational costs, and minimizing the adverse 
environmental impacts associated with conventional 
farming practices [30]. 
The review further reveals that Data Mining 
techniques play a fundamental role in extracting 
meaningful knowledge from large volumes of 
heterogeneous agricultural data. Classification, 
clustering, association rule mining, regression 
analysis, and anomaly detection have been widely 
employed to support crop recommendation, yield 
prediction, soil analysis, weather forecasting, and 
pest management [44]. Likewise, AI-enabled neural 
network models, particularly Convolutional Neural 
Networks (CNNs), Recurrent Neural Networks 
(RNNs), Long Short-Term Memory (LSTM) 
networks, and Transformer-based architectures, 
have demonstrated remarkable performance in 
image analysis, crop disease diagnosis, 
environmental monitoring, and predictive analytics 
[18], [21]. These intelligent systems contribute 
significantly to precision agriculture by enabling 
efficient utilization of water, fertilizers, pesticides, 
and other agricultural resources. 
Despite these advancements, the review identifies 
several critical challenges and limitations that 
continue to restrict the widespread adoption of 
intelligent agricultural technologies. Poor-quality 
datasets, computational complexity, high 
implementation costs, inadequate digital 
infrastructure, limited interoperability among 
enabling technologies, and the black-box nature of 
many Deep Learning models remain major barriers 
to practical implementation [14], [22]. Furthermore, 
many existing studies are based on region-specific 
datasets and controlled experimental environments, 
limiting the scalability and generalizability of 
proposed models across diverse agro-climatic 
conditions [37]. These findings indicate that 
improving data quality, enhancing model 
transparency, and conducting large-scale field 

validation are essential for increasing the reliability 
and usability of AI-based agricultural systems. 
The review also highlights several important 
research gaps that provide opportunities for future 
investigation. There is a clear need for integrated 
frameworks that combine Data Mining, Explainable 
Artificial Intelligence (XAI), IoT, GIS, UAVs, 
Blockchain, Edge AI, and Cloud Computing into 
unified intelligent agricultural platforms [32], [38]. 
Future research should prioritize the development of 
explainable, scalable, and cost-effective AI models 
capable of supporting sustainable farming under 
diverse environmental conditions. In addition, the 
creation of standardized agricultural benchmark 
datasets, incorporation of environmental 
sustainability indicators, and exploration of 
emerging technologies such as Federated Learning, 
Digital Twins, TinyML, Graph Neural Networks, 
and multimodal AI will further strengthen intelligent 
agricultural research and applications. 
Overall, this systematic review provides a 
comprehensive synthesis of existing knowledge and 
offers valuable insights into the opportunities and 
challenges associated with applying Data Mining 
and AI-enabled neural network technologies to 
environmentally sustainable agriculture. By 
critically analysing current research trends, 
identifying existing limitations, and proposing 
future research directions, the review contributes to 
the advancement of intelligent agricultural systems 
that are both technologically innovative and 
environmentally responsible. It is expected that the 
findings presented in this review will serve as a 
useful reference for researchers, policymakers, 
technology developers, and agricultural 
practitioners seeking to develop next-generation 
smart farming solutions. Ultimately, the successful 
integration of intelligent computational techniques 
with sustainable agricultural practices has the 
potential to enhance global food security, improve 
farmers' livelihoods, conserve natural resources, and 
support climate-resilient agricultural development 
for future generations 
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