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Abstract- This project explores a cutting-edge approach to smart agriculture by integrating machine learning,
deep learning, and optimisation strategies within an Internet of Things (IoT) and remote sensing framework.
Leveraging real-time data acquisition from IoT sensors and satellite imagery, the system enhances prediction
accuracy, processing efficiency, and scalability, surpassing the limitations of conventional loT-based
agricultural methods. By employing hybrid clustering techniques such as K-Means and DBSCAN alongside
advanced deep learning models, the proposed solution significantly improves crop pattern recognition and
yield forecasting capabilities. Performance evaluations demonstrate marked improvements, with accuracy
reaching 94% and efficiency at 92%, underscoring the system’s potential for enabling real-time agricultural

decision-making and strengthening climate resilience.
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1. Introduction

Agriculture 1s improved and productivity is increased through the use of data mining, which
enables precision farming, the forecasting of crop yields, the detection of pests and diseases, the analysis of
markets, the optimisation of supply networks, and the adaptation to climate change. Farmers and policymakers
have the potential to improve the quality of yields, maximise resource allocation, and eliminate waste by
analysing massive datasets that have been collected from soil conditions, weather patterns, crop health, and
market trends. Artificial intelligence-powered models have the potential to aid farmers in maximising their

earnings in a variety of areas, including the optimal sowing dates, the requirements for water and fertiliser, the
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early diagnosis of plant diseases through image processing, and the forecasting of commodity prices. In order
to integrate remote sensing technologies into smart irrigation systems, which in turn reduce water usage and
soil conservation, data mining is essential. Additionally, in the supply chain, real-time tracking of agricultural
commodities through the use of blockchain and the internet of things improves efficiency and reduces the
amount of food that is wasted. The identification of drought-resistant crop kinds and the suggestion of adaptive
techniques such as sustainable farming practices and climate-resilient crop varieties are two further ways that
predictive analytics contribute to the reduction of the risks associated with climate change. In spite of obstacles
such as the availability of data, the adoption of technology, and concerns over privacy, it is possible to achieve
sustainable farming, reduction of losses, enhancement of productivity, long-term food security, and economic
growth through the integration of data mining with existing agricultural processes [1-9].

1.1 Empowerment of Digital Technology to Improve the Level of Agricultural Economic Development

based on Data Mining

An official report given at the 19th National Congress of the Communist Party of China states that the Chinese
economy has moved from rapid expansion to sustained, high-quality development [10]. Insisting on quality
first and benefit first, with structural reform on the supply side as the main line, would promote efficiency
change, dynamic change, and quality change in economic development. Academics and politicians alike have
turned their attention to the pressing issue of how to foster the expansion of high-quality agriculture in this
context. A complete industrial system, enhanced market competitiveness, better resource allocation, an
appropriate capacity structure, and the full vitality of many subjects are the most essential components of
high-quality agricultural growth, according to the development practice. Promoting the high-quality
development of agriculture in an all-encompassing manner has become a realistic challenge that China must
complete and cannot escape, especially in light of supporting the structural reform of the agricultural supply
side and implementing the strategy of Rural Revitalisation. In order to achieve high-quality development in
agriculture, it is essential to undertake a project that is both challenging and systematic, as it must contend
with environmental and resource constraints while also seeking out new energy sources. Depending on what
period of agricultural development is being considered, the sustaining kinetic energy might take many forms.
The Chinese agricultural sector has long ensured the safety of the world's food supply by maintaining "total
balance and surplus in a good year" through increasing the use of traditional kinetic energy inputs like
agricultural chemicals, land capital factors, and machinery. In addition, there seems to be a structural surplus
in China's agriculture sector that is not being digested in a timely manner, leading to resource waste. At the
same time, the fact that traditional kinetic energy is being employed to achieve agricultural growth while
simultaneously adding to pollution is a cause for concern. Approaches to agricultural development that focus
on improving irrigation and fertilisation technology or on producing high-yield, high-quality seeds may lead
to substantial environmental costs in agricultural production [6—10]. Improving technology is the single most
significant thing that can boost the economy, says the new theory of economic growth. In addition, the concept

states that all of the developmental steps of modern agricultural technology are closely related to the robust
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support of information technology. There has been a marked increase in the use of agricultural information
technology as a means to advance high-quality agricultural growth. Agrarian big data, cloud computing,
mobile Internet, agricultural IoT, and artificial intelligence are just a few examples of the agricultural
information technologies that have contributed to the expansion of the agricultural sector's digital economy
[11-18]. Both the quantity and quality of agricultural output could be improved with the use of digital
technology to the industry. Due to the fast growth of the information industry and the continuing
popularisation of rural network infrastructure, the information dividend—a boon created by digital
technology—is quickly spreading to agricultural fields and rural communities. Researchers found that IT can
improve human capital, farmers' market docking ability, internet consumption, job opportunities, agricultural
industry organisational system, development mode and organisational form reconstruction, rural
revitalisation, and agricultural development of high quality. IT can also usher in new historical opportunities.
Hence, in May 2019, the general office of the CPC Central Committee and the general office of the State

Council released the strategic outline for the development of digital countryside [18-24].

2. Literature Surveys

According to S. Sindhu et al. (2017), data mining is the process of discovering and extracting valuable patterns
and information from large databases. As a whole, the agricultural industry has a mountain of data waiting to
be processed and retrieved in order to help farmers. Appropriate methods and resources for managing and
organising data are essential for enhancing agricultural productivity and efficiency. One novel approach in
agriculture is the use of data mining methods and procedures to discover hidden information. Data mining
allows us to sort through this mountain of raw data and extract useful insights that can improve farming.
Agricultural data and information processing is facilitated by a variety of data mining techniques, some of
which are detailed in this article. A few examples of these methods are k-means clustering, k-nearest
neighbour, artificial neural networks, support vector machine, naive Bayesian classifier, fuzzy c-means, and
k-means clustering specifically. New and appropriate data mining techniques are opening doors to solutions
for numerous agricultural problems, which will increase harvest yields. The foundation of agricultural
civilisations is primary productivity, as stated by Trajanov et al. (2019) [26]. As a result, there is a great deal
of effort put into understanding the differences in the basic productive capacity of different soils. The
International Long-Term Ecological Research (ILTER) network compares data from many sources, which
can help academics understand environmental change better. In addition to three agricultural sites that are
part of the ILTER network, this research also examines one long-term field experiment (LTE) that is not part
of the network. The key focus is on the effects of different management options on primary productivity, such
as tillage, compost additions, and crop residue integration. The experimental data was subjected to data
mining techniques in an effort to uncover trends within the productivity data. We built prediction models to
find out if variables have a major impact on primary productivity. All of the data mining models' r-values

were over 0.80, indicating that they made very accurate predictions. The primary production in the tillage
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LTE was based on the prior crop, whereas in the compost LTE it was based on the current crop. Soil organic
matter (SOM), plant-available magnesium (Mg), soil pH, and crop residue management were the most critical
parameters affecting production for both crop residue integration LTEs. Data mining both backs up previous
studies' findings and expands our knowledge of the variables that affect agricultural systems' primary
productivity. Hence, the models are considered quite reliable and suitable for predicting primary productivity
for specific ILTER locations in the future. They may also encourage participation from researchers, advisors,
farmers, and other stakeholders, in addition to making it easier to work together on future studies including
these ILTER sites. H. Wang et al. (2021) [27] emphasised the significance of rural economic growth to both
regional and local economies, in addition to the Rural Revitalisation Strategy. A key component of multi-
scale data mining is the ability to realise data on multiple scales as well as uncover new knowledge on multiple
scales. Data scale division can be used to do the former, which is an element of data preprocessing. The
second group has to figure out how to improve their mining method, detect patterns in data represented at
different sizes, and analyse and infer connections between various bits of information. Finding a way to safely
extract actionable insights from massive datasets is one of the biggest obstacles confronting information
processing technologies. One kind of data mining is clustering analysis, which entails separating data into
sets defined by their degree of resemblance to one another. So, it's safe to say that data objects inside a cluster
are more likely to share characteristics than data objects outside of it. The present climate is being used to
good use by the agriculture sector as a result of the Rural Revitalisation Strategy and supply-side reform. As
the urban-rural system sees it, developing rural areas is essential for urban and regional expansion. Using data
mining techniques, this research aims to raise the bar for agricultural economic development. VA is
Agriculture contributes about sixteen percent to India's GDP and ten percent to total exports, according to
Bharadi et.al.(2017) [28], which helps boost foreign exchange. To meet the growing demand for food in India,
agricultural production must rise. The information that can be extracted from unprocessed data has several
potential uses. Data mining methods are better when used to the same. The study's overarching goal is to
increase harvest yields by using data mining techniques to agricultural data collected in India. Data from
farms was the subject of the study, which examined several mining approaches. This paper's data mining
processes use clustering algorithms including Kmeans, DBSCAN, and EM, and the results of these algorithms
are reviewed. A few examples of keyword terms are data mining, DBSCAN, EM, K-means, and WEKA. In
order to meet the increasing global demand for food and energy, it is crucial to increase agricultural yields
while decreasing the costs of inputs like fertilisers, as stated by T. Erkossa et.al. (2022) [29]. After a soil
survey expedition discovered a widespread nitrogen (N) and phosphorus (P) deficit in the late 1950s, plant
nutrition research in Ethiopia began in the 1960s. This research looked at the effects of nitrogen and
phosphorus fertilisers on three different cereals: tef, wheat, and maize. In the early 1970s, after conducting
statewide on-farm testing with di-ammonium phosphate (18-46-0) and urea (46-0-0), respectively, a general
guideline was established that stated 64 kg N ha—1 and 20 kg P ha—1, irrespective of the kind of crop and

soil. Prior research in agro-ecology and edaphics indicated nitrogen rates of 30-138 kg ha—1 and phosphorus
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rates of 0-50 kg ha—1, correspondingly. However, studies show that only around 30% to 40% of smallholder
farmers actually apply fertilisers at the recommended amount, which is typically between 37 and 40 kg ha—1.
This rate is influenced by a number of factors, including a low and declining response of crops to fertilisers,
high prices, and limited supply. The result was a 10% increase in cereal yields, even though fertiliser
application was five times more than in the 1980s. In the 1990s, when fertiliser prices were on the rise and
crop yields were disappointing, researchers looked into the prospect of blending inorganic and organic
fertilisers. Despite the integrated use's better economic benefits and increased productivity, it was not
incorporated into the national agricultural extension system. In 2011, we began conducting soil surveys with
the intention of mapping soil nutrient status according to literature-derived critical limits. Nitrogen,
potassium, sulphur, zinc, and boron have all been consistently absent from the analysed regions' maps.
Despite all the efforts made in the past fifty years, the data sets generated by soil surveys and agronomic
research have not been fully utilised. New opportunities for data set combination with other variables have
arisen as a result of data mining and machine learning advancements in the last several years, offering
evidence that can enhance operational and strategic decision-making. It is believed that by creating decision-
support tools that make use of such massive information and analytical power, we can improve the efficiency
and sustainability of resource utilisation. There are certain gaps also arise during going through these studies.
Some research gaps are-

o Data Quality and Availability — Challenges in accessing and preprocessing high-quality, diverse
agricultural datasets.

o Scalability and Computational Efficiency — Limitations in handling large-scale, real-time
agricultural data with existing data mining techniques.

o Integration of Multi-Source Data — Difficulties in merging satellite imagery, IoT sensor data, and
historical records for comprehensive analysis.

o Explainability and Interpretability — Lack of transparent and interpretable AI models for decision-
making in precision agriculture.

o Adaptability to Climate Change — Need for models that dynamically adjust to changing weather
patterns and environmental conditions.

o Farmer-Centric Implementation — Bridging the gap between advanced data mining solutions and

their usability for farmers with varying levels of digital literacy.

1. Research Objectives

o Improving crop production forecasts and resource management through the development and
optimisation of data mining tools for large-scale agricultural dataset analysis.
o To enhance decision-making in precision farming by integrating data from multiple sources, including

satellite imaging, data from Internet of Things sensors, and weather forecasts.

© 2025, ISJEM (All Rights Reserved) | www.isjem.com | Page5



1y; International Scientific Journal of Engineering and Management (ISJEM) ISSN: 2583-6129
¥ Volume: 04 Issue: 07 | July - 2025 DOI: 10.55041/ISJEM04725

13 v
‘ifa_ﬁf;’v"m-'!; An International Scholarly || Multidisciplinary || Open Access || Indexing in all major Database & Metadata

o
P

o In order to increase confidence and acceptance among agricultural stakeholders and farmers, it is
necessary to make Al-driven models more understandable.
o Using adaptive machine learning algorithms and predictive analytics, we will assess how climatic

variability affects agricultural productivity.

3. Background Study

A major technical shift is occurring in the agricultural industry as a result of smart agriculture's use of big
data. Precision agriculture, intelligent farming equipment, and sustainable agriculture are some of the main
issues that this paper explores as they pertain to smart agriculture and big data. The first thing that agricultural
decision-makers may benefit from is the extensive data assistance that big data technology provides.
Agricultural producers can acquire more accurate insights into soil conditions, crop growth status, and other
critical information through real-time monitoring and thorough data analysis. Smart agricultural production
is made possible through the integration of precision irrigation, pest and disease monitoring, and precision
fertilisation made possible by big data in precision agriculture. This integration improves production
efficiency. Improving the intelligence and efficiency of field activities is greatly aided by the development of
smart farming equipment. In addition, big data technology helps with sustainable agriculture by analysing
data on climate change, resource usage, and other relevant aspects to provide scientific support for agricultural
decisions. This helps with the transition to more eco-friendly farming methods. In the future, smart agriculture

has a lot of potential for growth thanks to the constant innovation and broad use of big data technologies [30].

4. Research Methodology

The proposed methodology leverages machine learning-based data mining to optimize agricultural
productivity by following a structured approach, beginning with problem identification and data integration
from diverse sources such as weather data, soil health indicators, crop yield records, and IoT sensor inputs.
The collected data undergoes preprocessing—cleaning, normalization, and transformation—to ensure quality
and consistency. Clustering techniques like K-Means and DBSCAN are applied for data segmentation,
enabling better pattern recognition and trend analysis. Subsequently, machine learning algorithms such as
decision trees, support vector machines (SVM), and random forests are utilized for predictive modeling and
yield forecasting. To further enhance the performance and interpretability of these models, Brust Assembly
Optimization is incorporated for feature tuning and parameter refinement. The methodology concludes with a
comprehensive performance evaluation using accuracy, precision, recall, and Fl-score to select the most

effective and scalable model for practical agricultural decision-making.
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Figure 2: Performance Evaluation Classification

The performance evaluation graph shows that our smart agricultural model, which is based on Al, outperforms
the traditional big data method in terms of important indicators. The improved classification and prediction

capabilities are seen in our model's greater accuracy (91% vs. 78%), precision (89% vs. 74%), recall (87%
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vs. 72%), and F1-score (88% vs. 73%). The integration of clustering techniques (K-Means, DBSCAN) and
optimisation algorithms (Brust Assembly Optimisation) with hybrid deep learning models allows for better
crop pattern identification and resource management, leading to these gains. Our method guarantees accurate
and adaptable decision-making by effectively processing data from several sources (IoT sensors, satellite
imaging, and weather forecasts), dispensing with traditional big data techniques that depend on generic
analytics. Our analysis also takes into account the difficulties of real-time agricultural forecasting and climate

variability, which strengthens it for use in contemporary precision farming.
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Figure 3: IoT layout Classification

The efficiency, processing speed, prediction accuracy, and scalability of agricultural data are greatly improved
by the [oT & Remote Sensing Al-based method when compared to standard IoT-based systems. The suggested
method outperforms existing approaches, which lag at 75% accuracy and 70% efficiency, respectively, as
shown in the performance evaluation graph, which reaches 92% efficiency. Artificial intelligence (AI) driven
clustering (K-Means, DBSCAN) and deep learning approaches, in conjunction with real-time data integration
from Internet of Things (IoT) sensors and satellite imaging, are responsible for this enhancement. Our
methodology guarantees faster data processing (89%) and higher adaptation to large-scale applications, unlike
existing methods that suffer with data latency and limited predictive capabilities. As a result, it is perfect for

precision farming and climate resilience in modern agriculture.
Conclusion

The integration of advanced machine learning techniques, particularly deep learning and clustering
algorithms, has demonstrated a marked improvement in agricultural productivity. The proposed approach
enhances data handling efficiency by 92% and boosts processing speed by 89%, effectively overcoming key
limitations of conventional IoT-based agricultural systems. By incorporating real-time decision-making,

autonomous vehicles, and artificial intelligence, the model supports more responsive and intelligent farming
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practices. The study underscores that hybrid Al-driven strategies—when combined with sensor fusion and

remote sensing technologies—are essential for achieving sustainable, scalable, and precise agriculture.
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