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Abstract—Precision Agriculture enables and enhances smart
agricultural techniques.The world’s population will reach to
9.67 billion approximately by the end of 2050.Agriculture is
considered as an essential food source from many past decades.
ML and IoT embedded models participate as an important
factor in the revolution of agriculture. The production of the
crops depends on soil composition, various weather conditions,
variegated plant diseases, unbridled use of chemical fertilizers
etc. The regions focused are prediction of parameters of soil such
as moisture content and organic carbon, crop yield prediction,
detection of disease and weed in crops and also species detection.
As per the official records, 45% of the world’s population rely
on Agricultural activities but unfortunately, the production gets
affected due to lack of information of the adverse and fluctuating
weather conditions, unbalanced soil composition and late
prediction of plant diseases. This paper presents a combined and
systematic study of ML application for sustainable agriculture
supply chain (ASC) performance.

Index Terms— ML, Precision Agriculture (PA)

I. INTRODUCTION

Advances in Artificial Intelligence (Al) are one of the key
enablers in the reference of Precision Agriculture[1][2].
Weather predictions, disease and weed predictions, soil
nutrients are considered as the primary factor to refine the
performance and crop production. The properties of soil
depend on various geographical and climatic factors of the
land we use.A remarkable list of details for a farmer is the
prediction of precise crop yield and further guidance for the
improvement of the crop yield can be achieved. The value-
pH, variations in soil and quality, weather scale: temperature,
humidity, sunshine cycle, rainfall, fertilizers, and harvesting
timetable are few of the major variables that play momentous
role in crop yield prediction. Disease related to microorganisms
and bacteria receives their energy from the plants they survive
on, which in return affects the crop production. The farmers
can have economic loss, if the diseases are not detected at the
right time. Immoderate assumption of pesticides accelerates
to atmospheric harm and also unbalance the water and soil
cycle of the agricultural areas.
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Fig 1. Precision Agriculture[1]

The focus of PA is to diminish the production cost and
fluctuating environmental effects to upgrade land profits.
In 1990, John Deere coined the technology of spraying the
fertilizers and sowing of seeds tractors embedded with Global
positioning system (GPS) as shown in Fig 1. For accumulating
data related to nutrients of soil, water requirements, fertilizers
need, sensors (IoT based) can be implemented in agricultural
farm. Using computer vision techniques, weed and diseases
in plant are getting identified by autonomous or semi-
autonomous devices such as unnamed aerial vehicle (UAV)
and robots. The data received from the sensors are further
analyzed using algorithms that results in controlled farming.
In past years, many farmers have lost their lives due to
unsatisfactory crop yield. Using ML algorithms that correctly
predicts uncertain weather conditions and rainfall at right
time ensured the productivity and saved many lives also. This
paper bestowed a review of the ML application in reference to
PA. This paper will showcase a deep insight into the research
section regarding the assuming digital enactment in the area
of agricultural management.

A. Effect of Al and IoT in Agriculture

Nowadays, the agricultural area is incorporating smart meth-
ods like Al and IoT to cultivate organic products efficiently in
limited land regions as well as to overthrow the old traditional
challenges of farming. To monitor moisture and composition
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of soil, IoT based smart farming system using sensors is in-
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Table3. Weed & Disease-Identification
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III. METHODOLOGY

The study begins with a foundational understanding of ML,
exploring its historical evolution and various applications in
agriculture. This sets the stage for understanding how ML can
enhance farming practice. The paper delves into specific ML
algorithms, such as decision trees, SVM, and RF. These al-
gorithms are crucial for tasks like crop monitoring, disease
diagnosis, and yield forecasting, showcasing their practical
applications in agriculture.

Various ML models have been continuous used to enhance
the performance of PA. The dataset collected from various
regions ensures the correct prediction of soil, weed and crop
yield. The data set is checked and examined that derives satis-
factory performance. The study focuses the role of knowledge
visualization tools in bridging the gap between data-driven
insights and practical applications, ensuring that farmers can
make well-informed decisions based on the data. This com-
prehensive methodology illustrates how ML can revolution-
ize precision agriculture, leading to more sustainable farming
practices and optimized resource utilization.For regression
algorithms ELM,SVR and RF , non-linear datasets are uti-
lized for accurate prediction. Large datasets acquired from
satellite that is easily managed by regression algorithms with
low union and better accuracy.

IV. RESULT AND DISCUSSION
The ML and DL applications tremendously depends on the
agricultural changes and available datasets.For better predic-
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tion and accurate selection of ML algorithms, basically 4-5
algorithms can be used by the researchers that has compara-
tively better prediction and robust to parameters like outli-
ers, non-linearity and noise. The basic engaged algorithms
are cubist, ELM, Random Forest and SVR algorithm. As per
discussion, patterns of weather frequently encounter outlier
events which might influence the predicting of accuracy, but
algorithms such as ELM, NN are healthy to outliers and de-
livers imposed predictions.The prediction of considered pa-
rameters using ML reveal low error keys such as RMSE, and
R? which are important measures in terms of accuracy.

V.CONCLUSION AND FUTUREWORK
Precision agriculture is transforming the farming landscape
by leveraging technology to optimize outputs with concise in-
puts. The integration of IoT-based and enabled smart sensors,
actuators, satellite imaging, robots, and drones has revolu-
tionized the industry. These cutting-edge components collect
real-time data, enabling data-driven decision-making without
human intervention.

These techniques leverage drones and robots equipped with
digital cameras to monitor and manage crops. Livestock man-
agement is another critical aspect of farming worldwide. A
knowledge-dependent agricultural system, powered by IoT
devices and Al tools, proficiently streamlines livestock sys-
tem. It includes monitoring animal health and behavior, au-
tomating feeding and breeding schedules, optimizing living
conditions and habitat management and detecting early warn-
ing signs of disease or stress.

As a extent in future, chatbots which is based on NLP can be
designed for peasants DL, ML and hybrid algorithms may be
more explored in the agriculture business.
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