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» This article goes beyond a basic review, offering a

detailed exploration of diverse AI/ML applications g w
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»  This focus on sustainability aligns with growing global
concerns about resource depletion and climate change,
making the paper relevant to a broader audience.

»  The paper positions itself as a valuable resource for
researchers and stakeholders interested in AI/ML in
agriculture. This suggests it offers actionable insights and
recommendations beyond just a theoretical overview.
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ABSTRACT

Introduction : The agriculture sector is a crucial driver of global economic growth, especially
in the face of the increasing demand for food production to sustain a growing population.
Traditional farming methods fall short of meeting these demands sustainably.

Context: In recent years, artificial intelligence (AI) and machine learning (ML) have emerged
as pivotal tools for agricultural management, promising higher productivity and profitability.
Objective: This systematic review provides a comprehensive overview of Al and ML
applications, their utility, and algorithms in agriculture.

Content: Al and ML technologies empower autonomous learning and enhance decision-making
processes. They facilitate smart monitoring of crops and soil, transforming agriculture by
optimizing resource utilization both on and off the field. These technologies play a vital role
in crop development and production, protecting crops from various biotic and abiotic threats.
This review delves into a diverse range of Al applications in agriculture, including the use of
sensors, robotics, and drones to improve agricultural operations. These innovations hold the
potential to efficiently manage water, reduce the need for herbicides, pesticides, and fertilizers,
and minimize manual labor, ultimately boosting productivity and enhancing crop quality.
Significance: In a world where food security and resource efficiency are paramount, this review
underscores the necessity of harnessing Al and ML for the advancement of precision agriculture
and resource management.
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griculture is one of the vital sectors of the

Indian economy employing more than half
of the Indian population. The global population is
expected to reach around 10 billion by 2050 and to
meet the demand, the agricultural sector is required to
increase its production by 50 per cent compared to the
year 2013 (FAO, 2017). Currently, the area for crop
production is about 37.7 per cent of the total global
area. It contributes significantly to the economic
prosperity of developed countries as well as plays an
active part in the economies of developing countries.
The augmentation of agriculture has led to a significant
increase in per capita income in the rural community
and therefore, greater emphases need to be given to the
agricultural sector. The development of the agricultural
sector accelerates the growth and development of rural
areas and transforms rural socio-economic scenarios
(Shah et al., 2019). Along with the advancement of
knowledge, there has been a dramatic transformation
in many industries (manufacturing, service, textile,
food processing, etc.) around the globe (Kakkad et al.,
2019). Although agriculture is regarded as a relatively
less digitized sector having the lesser application of
information communication technologies, Al has
already started to play a major role in everyday life,
increasing our ability to solve problems in easier ways
(Gandhi et al., 2020). There are many examples of
successful uses of Al in the agricultural sector. Plessen,
M.G. (2019) designed a method of harvesting crops
and introduced a vehicle routing for selecting different
fields located at different places. With such promising
technology, the agricultural workforces limited to only
industrial sectors are now extending to other sectors.
Al applications are spread in many sectors including
physics, biology, computer science, mathematics,
medicine, chemical science, engineering, etc.
Prospects of Al advancements in Indian agriculture
: The future of Artificial Intelligence (AI) in India
appears remarkably promising, poised to experience
a significant transformation and growth trajectory.
With the global Al market projected to surge at
an impressive CAGR of 39.4 per cent, reaching
approximately $422.37 billion by 2028, India stands
to play a pivotal role in this evolution. The nation's
Al landscape is expected to flourish as well, with
the market projected to expand at a CAGR of 20.2
per cent by 2025, according to the International
Data Corporation (IDC, 2023), soaring from $3.1
billion in 2020 to $7.8 billion. As Al technologies
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continue to advance and become more accessible,
the growth of Al in agriculture holds the promise of
increased efficiency, reduced environmental impact,
and improved food security. It has the potential
to revolutionize traditional farming practices and
contribute to the development of a more resilient and
sustainable agricultural sector.

In a study, Jha et al. (2019) presented the Al
implementation through a planned method for the
identification of flowers, leaves and irrigation on the
agricultural farm. The main idea of Al is to introduce
technology that can function as a human brain (Parekh
et al., 2020). These technologies (software and smart
programs) are developed by learning how our brains
think, learn, make decisions and solve different types
of problems. This software is provided with processed
or readable data and these intelligent programs provide
the required output for each valid input. Nowadays,
major domains viz., machine learning (ML) and deep
learning (DL) are at the heart of Al (Sukhadia et al.,
2020). Al deals with making intelligent programs as
well as machines, while ML can learn things without
being explicitly designed. On the other hand, DL
deals with deep neural network learning (Kodali and
Sahu, 2016). The main purpose of Al is to develop
a problem-solving system that can include the use
of an Artificial Neutral Network (ANN), which is a
hardware (algorithm for processing) that is influenced
by the intent and operation of the human brain (Shah
et al, 2020). It has an outstanding capability for
self-documentation and adaptive learning. ANN has
replaced several ongoing traditional methods that
have developed in several fields including biology,
computer science, physics, engineering, physiology,
mapping, image processing, economics, medicine, etc.
ANN goes through the learning process and adjusts
the changes accordingly. Learning techniques can be
broadly classified into two categories, supervised and
unsupervised. In supervised learning, the machine
algorithm is trained with well-labeled data while in
unsupervised learning, the algorithm is trained with
non-labeled data. The commonly used algorithms
for supervised learning are Linear and Logistics
regression, Random Forest, Support Vector Machine,
Neural Network, etc. and in unsupervised learning,
K-means clustering, Hierarchical clustering and
Apriory algorithm are commonly used. In supervised
learning, the desired output is given which is not
provided in unsupervised learning.
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Al-based systems have renovated today's
agricultural sector to a new level. It has enhanced
crop productivity and makes better on-time sensoring,
cultural practices, processing and delivery. New
technologies of Al systems applying robotics
and drones have improved fabulous output in the
agricultural sector. A variety of highly technical systems
are programmed and designed to estimate many
vital indicators such as detecting weed population,
yield determination and status of crops (Liakos et
al., 2018). These computer-based hi-tech systems are
used for Al-based irrigation, spraying, weeding and
harvesting to improve production and lessen human
labor. Various robotic Al soil detection techniques
help to suggest efficient nutrient management (Wall
and King, 2004). Temperature and moisture sensors
significantly help in crop management and irrigation
scheduling. The Al sensing systems are linked with
GPS and the locations of these systems can be tracked
with the help of Google Maps. Data from the systems
are processed through an automated wireless protocol
module and finally, the readings are displayed on the
monitor screen incorporated with the machines to
act according to response. The new Al spraying and
weeding systems are implemented by using drones.
Al-automated drones are being also used for yield
mapping and detecting disease pests and other stress
by using software programming and meeting with feed
calculation and calibration. The framework of Al in
agriculture is shown in Figure 1.

So far, several studies have been conducted on
Al use in Agriculture. This systematic review was
conducted to comprehensively assess and analyze
the utilization of Artificial Intelligence and Machine
Learning techniques in the context of precision
agriculture and resource management. The study aims
to provide insights into the current state, advancements,
and potential applications of these technologies,
contributing to a deeper understanding of their role
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in optimizing agricultural practices and sustainable
resource utilization.

METHODOLOGY

The primary objective of this systematic review is
to conduct a thorough and comprehensive evaluation of
the deployment and analysis of Artificial Intelligence
(Al) and Machine Learning (ML) methodologies
within the domain of precision agriculture and
resource management. The study endeavors to furnish
comprehensive insights into the contemporary status,
progression, and prospective implementations of these
techniques, thereby augmenting the depth of knowledge
concerning their pivotal role in enhancing agricultural
methodologies and facilitating the sustainable
utilization of resources. In this systematic review, a
total of 325 studies were screened from the Web of
Science database globally with the keywords “artificial
intelligence, machine learning, agriculture, deep
learning, image processing, sensors, robots, decision
support systems, etc.”. Out of that, 95 significant and
useful studies were selected. Al tools were broadly
classified into eight categories (Soil management,
Crop management, Disease-pest management, Weeds
management, Irrigation, Harvesting, Drone and
Robotics) based on agricultural uses. Further, this
paper reviews on importance and challenges of Al
in agriculture and its scope in precision farming and
natural resource management.

CONTENT

Applications of Al in the agriculture sector :

Soil management : Preparation of soil for cultivation
is an important primary agricultural activity. It is well
known that healthy soil can produce impressive yields
and conserve soil resources. It is the use of operations,
practices and treatments to improve soil performance.
Heavy metal detection can be improved by integrating
Al with a traditional soil survey (Kimpe and Morel,

"Software - Data Processing
_
Computer
Command Decision making tools

Al software

Fig 1. Framework of Artificial Intelligence in Agriculture



Indian Res. J. Ext. Edu. 24 (1), January - March, 2024

2000). The use of locally available compost and
manure improves soil physical characteristics such
as porosity, structure and aggregation. Organic
matter presence in the soil also plays a vital role in
preventing soil crust formation, soil nutrient storage
and maintaining microbial diversity. Alternative
tillage systems such as zero tillage or minimum tillage
help to prevent soil physical degradation. Vegetables
are prone to many soil-borne diseases that require
control through proper soil management approaches
(Abawi and Widmer, 2000). The degree of soil prone
to degradation is much needed to implement future
strategies. The application of Al such as management-
oriented modeling (MOM) helps to increase nitrogen
use efficiency as well as reduce nitrate pollution. The
SRC-DSS model can characterize soils according to
associated risks (Lopez ef al., 2008). Likewise, the
Decision support system (DSS) model helps to detect
erosion proneness and sediment yield in agricultural
land. An artificial neural network (ANN) model
helps to determine soil texture, structure, moisture,
temperature, and nutrients, based on data obtained
from existing on-time soil maps combined with
hydrological characteristics derived from a digital
elevation model (DEM) (Zhao et al., 2009). Another
remote sensing device, a higher-order neural network
(HONN) helps to estimate the dynamics of soil
moisture. Some important Al techniques related to
soil management are given in Table 1.

Crop management Crop management began
with sowing followed by growth monitoring and
harvesting and ended with post-harvest storage. All
these activities directly boost plant growth and yield.
A better understanding of these activities in crop
management helps to increase crop yield as well as
improve the quality of products. Al-based precision
crop management (PCM) is a farm management system
developed to obtain required crop and soil resources
according to farm needs to maximize profit without
any negative effect on the surrounding environment.

The requirement of water and the presence of soil
moisture helps to make correct decisions regarding
crop cultivation resulting in higher production. Crop
prediction methodology helps to choose the right
crop by sensing different soil parameters such as
soil texture, pH, soil nutrients, organic carbon, soil
depth, soil temperature, precipitation, etc. (Snehal
and Sandeep, 2014). A fully computer-operated speed
rowing machine named “Demeter”, equipped with a
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video camera and GPS, is capable of developing a plan
for harvesting the whole farm and then applying its
plan by cutting plants in rows, further processing and
detecting undesirable obstacles in the field (Pilarski
et al., 2002). The application of Al in harvesting
various crops including fruits and vegetables consists
of the hardware and software of the robot including
the auto-run vehicle, computer vision systems capable
of developing 3D images of the fruits and vegetables
and then a control system that operates the harvesting
process. Location-specific precipitation data and
weather parameters must be used. Proper calibration of
ANN or CALEX parameters must be needed to obtain
more accurate results. Table 1 consists of some Al
techniques and their uses related to crop management.
Disease and pest management : Disease and pest
management is essential to maximize agricultural
production and ensure quality produce. Plant diseases
andinsectpests areregarded as very importantrestrictive
factors of crop production. Various environmental
factors affect the spread of these plant diseases and
insect pests, which include genetic characteristics,
type of soil, precipitation, temperature, wind, etc.
Management of these factors in an unfavorable open
environment is a huge challenge in the farming sector.
To successfully control diseases and reduces losses, a
grower must implement a suitable integrated disease
management (IDM) or integrated pest management
(IPM) strategy which consists of physical, chemical as
well as biological control measures BEA (2018). These
IDM or IPM models are time-consuming, hence there
is a good scope to implement Al approaches along
with [PM and IDM for plant-efficient disease and pest
management. Al system “Computer vision system”
(CVS) and “Genetic Algorithm (GA)” provides a
dimension-based detection of disease samples in the
field with high speed and also have multi-tasking ability,
which greatly helps in the management of diseases.
Another impressive Al system is “fuzzy logic”, used
for planning crop disease and insect management. It
has also a “text to speech” (TTS) converter, which
makes it even more user-friendly. Fuzzy expert
provides pest information and its location-specific
management (Kolhe et al.,, 2011). It is also supported
by internet services, advanced mapping and tracking of
infested areas. Some applications of Al in disease-pest
management are listed in Table 1.

Weed management : Improper weed management
makes it unable to obtain an expected profit and yield.
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Table 1. Applications of Al in the agriculture sector

Al Technique Uses (References)

Al in soil management

Fuzzy Logic: SRC-DSS Can classify soil according to associated risks. (Lopez et al., 2008)

ANN Can predict. soil enzyme activity. Accurate!y predicts and classifies soil structure,
texture, moisture, temperature, nutrient erosion (Zhao et al. (2009)

HONN Soil Moisture (Elshorbagy, A., Parasuraman, K., 2008)

Al based moisture analyzers Precise temperature control (Hanson et al. (2007)

Satellite imagery Spatial and multi-depth temporal soil temperature assessment (Singh ez al. (2018)

Non-tuned data intelligent model Soil temperature assessment (Sanikhani ef al. (2018)

Al to map and model Soil organic matter assessment (Ghorbani ef al. (2019)

Al model Soil fertility assessment (Kouadio ef al. (2018)

Applications of Al in crop management

Predict cotton yield and improve crop for

Fuzzy Cognitive Map decision management. (Papageorgiou et al. (2011)

ANN Predicts crop yield. (Snehal, S.S., Sandeep, S.V. (2014)
SVM-based model Chlorophyll assessment (Nieto ez al. (2015)

Kernel of SVM model Fertilizer management (Mustafa ez al. (2004)

AdaBoost Various crop management activities (Hassanijalilian et al. (2020)
SLFNs Crop monitoring (O’Sullivan et al. (2019)

Regression tree technique Predicting crop yield (Park et al. (2004)

Al in disease-pest management

Bismaastnieisnit e ciiiscnean Good accuracy, responds swiftly to the nature of crop diseases. (Kolhe et al. (2011)

system

Computer Vision System (CVS) Works at a high speed. Can multitask. (Balleda ez al. (2014)
Genetic Algorithm (GA) Works at a high speed. Can multitask. (Balleda et al. (2014)

TTS Converter Resolves plant pathological problems quickly (Kolhe et al. (2011)
CNN model Disease detection (Selvaraj et al. (2019)

Al based intelligent system Tea leaf disease detection (Ismail, M., Mustikasari (2013)

Deep neural networks-based system Leaf disease identification (Sladojevic et al. (2016)

Deep Learning Leaf disease detection (Hanson at al. (2017)

Al in weed management

Optimization using invasive weed Cost effective, enhanced performance (Moallem, P., Razmjooy, N. (2012)

Optimization

Unmanned Ariel Vehicle Can quickly and efficiently monitor weeds (Perez-Ortiz et al. (2016)
Digital Image Analysis, GPS Has above 60%accuracy and success rate (Gerhards et al. (2003)
Sensor Machine Learning Saves time and removes resistant weeds. (Brazeau, M. (2018)
Machine vision algorithm Intra-row weeding (Bakker ef al. (2006)

Color Based and texture based algorithms Weed Detection (Sujaritha et al. (2017)

Data augmentation for image

. Weed Detection (Ngo et al. (2019)
preprocessing

Machine vision Weed control in sugar beets (Astrand et al. (2002)
Al based smart sprayer Precision weeding (Partel ez al. (2019)
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Al in irrigation

Artificial Neural Network based control

system
PLSR Algorithms
Al-IoT Pivot Irrigation

Multilayer neural model

Machine Learning algorithm

Fuzzy logic controller with wireless
sensors

Multilayer Neural Model

ANN (Feed Forward)

Zigbee

Al in harvesting

Kinect v2

Mask R-CNN

Matlab(k-nearest neighbor algorithm)
RealSense D435i, SSD algorithm
Deep neural network (DNN)

CROO

ZigBee protocol

Al base d soft gripper

Keras machine learning model

Al based drones in agriculture

DJI Phantom 3 Advanced UAV
Gyroscope and Accelerometer sensors
Multispectral sensor

Arduino

Multispectral camera

Spray motor

Accelerometer and Gyroscope Sensors
Camera-cum-software system

Hyper spectral Frame Camera
Bayesian information criterion

Al based robots in agriculture
MF-Scamp

BoniRob

Agribot

High-speed seedling transplanting robot

Weed detecting robot
Rose harvesting robot

Pneumatic robot gripper
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Automation (Kumar et al. (2022)

Increased efficiency and economic feasibility (EI-Hendawy et al. (2019)
Smart irrigation (Debauche et al. (2020)

Evaporation decreased due to schedule and savings observed in water and electrical
energy (Kolhe ez al. (2011)

Predict and tackle drought stress (Arvind et al. (2017)
Drip irrigation (Anand et al. (2015)

Evaporation decreased (Karasekreter ef al. (2013)
Water use in smart farm (Dela Cruz et al. (2017)

Experimental results verification (Al-Ali ef al. (2015)

Tomato harvesting (Yasukawa et al. (2017)
Strawberry harvesting (Ge et al. (2019)
Apple harvesting (Davidson et al. (2017)
Mushroom harvesting (Rong et al. (2021)
Crop yield estimation (Kim et al. (2019)
Root crop harvesting (Alreshidi, E. (2019)
lettuce harvesting (Chang et al. (2021)
Fruit harvesting (Navas et al. (2021)
Harvesting (Horng et al. (2019)

Crop Monitoring, Mapping, and Spraying (Psirofonia et al. (2017)
Pesticide Spraying (Garre, P., Harish, A. (2018)

Crop Monitoring (Vega et al. (2015)

Spraying Fertilizers and Pesticides (Pharne et al. (2018)

Remote Sensing (Xiang, H., Tian, L. (2011)

Pesticide Spraying (Yallappa et al. (2017)

Fertilizers and Pesticides application (Pharne et al. (2018)

Digital map (Reinecke, M., Prinsloo, T. (2017)

Monitoring leaf nitrogen (Zheng et al. (2016)

Remote sensing (Senthilnath ez al. (2016)

Inspection, weeding and harvesting (Alexandratos, N., Bruinsma, J. (2015)

Physical and chemical weed control, measurement of soil compaction and to assist
in plant breeding (Sorensen ez al. (2007)

Agricultural field works (Govin et al. (2001)
Transplanting (Hu ef al. (2014)

Weed detecting (Torres-Sospedra J, Nebot P. (2014)
Rose harvesting (Abarna, J., Selvakumar, A. (2015)
Brinjal harvesting (Blanes et al. (2015)
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For many crops, more than 50 per cent loss in yield
has been reported due to massive weed infestations
(Datta et al., 2017). The yield losses due to weed
infestation largely depend on stages of crop growth,
type of weeds, exposure period and management
strategies (Swanton et al, 2015). Weed population
control with herbicides has been introduced over the
decades. Even though, this management strategy costs
a lot in lowering the profit of cultivation. Therefore,
there is a need for an advanced weed control technique
to minimize this loss of earnings. Auto-generated
system developed consisting of unmanned aerial
vehicles and imagery devices, which can convert the
captured data into binary digits. Weed management
can be done in several field crops including wheat,
maize, rice and barley using drones connected with
advanced computer-based decision-making systems
and GPS-controlled spraying management. The drone
can travel faster, be suitable for undulated topography,
spray uniformly and save labor and time. Camera-
incorporated robots (Kilter AS) and boom sprayers
(DAT Ecopatch, AgriCon.) were introduced in crop
fields for site-specific weed management (Gerhards
et al., 2022). Some important applications of Al for
the control of weeds in agricultural fields are listed in
Table 1.

Irrigation : The agriculture sector consumes more than
4/5™ of the water resources used on the planet, which
is rising quickly with the ever-growing population.
Therefore, the need for efficient technologies to
minimize loss of water during irrigation has been of
deep concern. Manual irrigation has a lot of difficulty
over automated Al-operated irrigation systems. The
evapotranspiration rate of plants depends on several
environmental factors including growth stage, plant
density, atmospheric humidity, solar radiation,
wind speed and soil types, which must be taken into
consideration while developing Al-based irrigation
system. Types of equipment, such as fertility meter
and pH meter are included in the system to monitor
nutrient and pH status in the field. Automatic plant
irrigators are set up on the field and connected via
wireless systems to operate sprinkler or drip irrigation.
Machine-to-machine technology (M2M) has been
developed to communicate among different types of
machinery placed on the field. Microcontrollers such
as Arduino have been developed to check soil moisture
levels and based on that turn ON/OFF the water source
for irrigation. Primary devices like soil moisture

Indian Res. J. Ext. Edu. 24 (1), January - March, 2024

meters, pH meters, nutrient meters and thermometers
send digital signals to the main control system through
wireless networks such as (Zigbee Gat et al., 2016).
GSM module-operated advanced soil moisture sensor
alerts the farmer about the need for moisture through
SMS in their mobile phone. Based on the information
received, farmers can ON/OFF the water source by
using SMS. Machine learning algorithms have been
used to tackle drought situations in large farms. Like-
wise robotics have been used to auto-irrigate crop
fields, based on several sensors. Some Al techniques
and their uses in irrigation are mentioned in Table 1.
Harvesting : Manual harvesting is usually practiced in
India. Harvesting by hand is suitable for limited crops,
such as cotton where the maturity of all pods never
reaches at the same time in a plant (Reid ef a/., 2001),
hence selective manual harvesting of pods/fruits is
necessary. Similarly, pulse crops matured at different
times. Harvesting mature crops is a very crucial task to
obtain quality yield. Mechanical selective harvesting
requires advanced sensing technology, which is capable
of gathering information on required parameters. The
received information of the crop is processed by the
microprocessor and based on the status of the crop
plant or fruit/vegetable decision support system gives
the command to the mechanical parts to harvest the
crop, such as Kinect v 2 (Yasukawa et al., 2017 and
Mask R-CNN Ge, Y., et al., 2019) etc. The whole
system can be divided into three divisions - sensor
mechanism, harvesting mechanism and decision
support system. Al-based machines can be operated
at real-time data-sensing, data-processing and feeding
the processed data for accurate harvesting. This type
of advanced technology helps to solve labor shortages,
reduce harvesting costs and maintain the quality of
harvested crops. The Al-supported vehicle uses GPS,
GIS and various vision sensors (such as Inverse-
cam mechanism, Real Sense D435i etc) to collect
information regarding certain threshold parameters
of crops in the field (Rong et al., 2021). Improved
mechanical parts harvest the crops in bulk or selectively
based on the signals received from the core system. In
a modern farm, harvesting is further linked with other
Al-based post-harvest activities like cleaning, grading,
packing and cooling. Some important Al techniques
related to harvesting are listed in Table 1.

Drone application : Drones are automatons unmanned
aircraft that can be remotely controlled from a pre-
determined distance. Al-based drone linked with GPS
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consists of several sensors. Drones are being used in
agriculture for a range of operations including field
monitoring, irrigation, weed detection, disease-pest
management, disaster control and wildlife monitoring
(Ahirwar et al., 2019). Remote sensing with the use
of drones for image capturing, processing and analysis
is nowadays creating a massive impact on farming
(Abdullahi et al., 2015). Drone-based sprayers may be
of different types, such as hydraulic energy sprayers,
gaseous energy sprayers, centrifugal energy sprayers,
kinetic energy sprayers etc. A simple drone sprayer
includes a container, siphon, control valves, funnels,
spray spouts and an Al-based digital system to detect
liquid material requirements, apart from the mechanical
parts of the drone. In the case of a hydraulic energy
sprayer, the liquid materials are pressurized up to 40—
1000 psi by utilizing a vacuum apparatus followed by
a shootout through the spray spout. Gaseous energy
sprayers have a blower to create a high-speed airflow,
which pushes liquid toward the outlet of the spout. A
centrifugal energy sprayer contains a fast-rotating tool,
which turns the liquid material and forces it towards the
outlet and forms droplets. Kinetic energy sprayers have
a vibrating spout system that forms coarse droplets.
Drones are gaining popularity among farmers as crop
monitoring devices, such as DJI Phantom (Psirofonia
et al., 2017 and Arduino Pharne et al., 2018), etc.
Advanced sensors and imaging tools have come up
with many new ways to boost yields and minimize
damage. These drones have abilities to survey, data
acquisition and automatically analysis is done by Al
systems. Many Satellite-linked (GIS) drones have
been used to look over and study large croplands and
forests. This system also helps to process yield maps
in a particular crop field. Nowadays, there are many
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emerging Indian drone manufacturing firms developed,
especially dedicated to agricultural drones, such as
Multiplex drones, Paras Aerospace, Krishi Vimaan,
ASAP Agritech etc. A brother-sister from Kerala,
India developed a UAV capable of increasing farmers’
income by more than 40 per cent. Some advanced Al
techniques and their uses related to drone application
in agriculture are given in Table 1.

Robotics in Agriculture : Automation of agricultural
activities is now in high demand to increase yield
with the use of machinery and technology. In Asian
countries, where farmers have small lands, the field
of agricultural robotics focuses on developing multi-
use small efficient robots in place of traditional large
tractor-based machinery (Bisgaard et al., 2004). On the
other hand, these systems have a low environmental
impact as they minimize chemical use, energy
consumption and inputs. Robots have specialized
navigation tools such as GPS, map-based, landmark
navigation and vision-based to work under control
areas for farming. This technology is used for seed
bed development, sowing, transplanting, re-seeding,
plant counting, site-specific weeding, location-specific
spraying, irrigation, etc. (Blackmore et al., 2004).
Robotic vehicles are currently used for harvesting
fruits like tomatoes, cucumbers, apples, citrus, etc.
Milking robots are getting attention in many countries.
Robots such as MF-Scamp are mainly developed for
inspection, weeding and harvesting (Alexandratos and
Bruinsma, 2015). These GPS-connected robots have
a four-wheeled or six-wheeled auto-moving system.
Crops need to grow in rows and columns so that the
robots can inspect, remove weeds and harvest crops
accurately. The framework of agricultural robots is
shown in Figure 2.

Stability factors Navigation Power
Speed, RPM’ GPS Battery
Angular and Linear 3
Vision based Solar Power
Movements

Agricultural Robots

|

Applications
Sowing weeding,
Spraying, Harvesting

Fig 2. Framework of Agricultural robots
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This crop canopy-based robot ISAAC-2 is designed
to gather quickly precise information in the crop field
to assess crop health and growth status. This advanced
robot carries tools above the crop canopy and uses GPS
to detect the accurate location of the plant. This robot
offers automated crop survey, crop nutrient status, stress
conditions and weed detection. BoniRob is another
independently steerable multi-use robot designed for
the application of physical and chemical weed control,
measurement of soil compaction and to assist in plant
breeding. These robots are well connected with satellite
systems and can communicate with each other as well
as farmers (Sorensen et al., 2007). A robot developed
by Stanford University called “Lettuce Bot” has a
very advanced robotic system consisting of computer
visualization and machine learning algorithms to inspect
crops in the lettuce growing fields. It can detect weeds
very close to lettuce plants followed by the release of
a spray of herbicide or fertilizer. The CROPS robots
can select harvest fruits after determining ripeness and
also have the capability of target spraying towards
foliage. This robot also consists of gripping, cutting
and harvesting tools (Godwin et al., 2001). Agribot
developed by BIT Hyderabad, India (Gollakota et al.,
2011), is designed to higher the yield, increase the
working speed, improve accuracy of tasks and reduce
labor cost. It is used for harvesting, spraying, sowing
and weeding. This robot has a camera for live vision of
the crop field and GPS GPS-connected map module to
operate agricultural operations on a specific land. Some
important agricultural robots are listed in Table 1.

£
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As stated in the budget of the Indian Government
for 2022-23, the focus of the government will be on
promoting drones in the Agricultural sector. For this
purpose, a total of Rs 127 crore has been released for
the purchase, demonstration and promotion of Kisan
drones in agriculture through custom hiring centers
and subsidy schemes of the government of India 2022
(Ministry of Agriculture & Farmers Welfare, 2023).
‘Kisan’ Drones will be promoted for crop assessment,
digitization of land records and spraying of insecticides
and nutrients. It can usher in a revolution as high-
capacity drones can be used to carry vegetables, fruits,
and fish to the market directly from the farms also
(Beriya, 2022).

Artificial intelligence in precision agriculture and
Natural resource management : Effects of climate
change, scarcity of water, injudicious use of fertilizers
and chemicals-based agriculture systems have forced
us to rethink improving the resource use efficiency.
Under changing hydro-climatic circumstances,
agroecosystems must be reoriented to reduce stress
on environmental resources while meeting rising
socio-economic goals. Land degradation, hydro-
climatic scarcity, food insecurity, greenhouse gas
(GHG) emissions and poverty may all be mitigated
by sustainable agriculture (Toor et al., 2020). Due to
the growing need for smart agriculture, there has been
substantial growth and development in the field of crop
estimation and prediction. The study of crop age status
is critical for avoiding over-fertilization, determining
the best time to harvest, and lowering production

Precision agriculture

Balancing

Water use

Ecological Services

Energy production

Fig 3. Use of artificial intelligence for precision agriculture
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costs. In this arena, Al has a greater role to play. The
image-based analysis combined with Al is useful in
estimating category age in crops. Al has emerged as a
critical component in addressing several environmental
sustainability ~ concerns, including  sustainable
agriculture, biodiversity, energy, and water management
(Kwok, 2019) (Figure 3). Several applications have
been reported in this area. In agriculture, Al-driven
predictive models have shown promising results in
predicting crop yields, disease outbreaks, and optimal
planting times. Companies are leveraging Al to
provide farmers with actionable insights for resource
management and improved productivity.

It's important to note that the performance of Al
predictions is continuously evolving as technology
advances, more data becomes available, and algorithms
become more sophisticated. While Al has achieved
impressive levels of accuracy and efficiency in many
areas, there are still challenges to overcome, including
data quality, bias, and interpretability, that researchers
and practitioners are actively working to address. To
forecast ecosystem services, biodiversity research has
created machine learning or natural language processing
systems. Water resource conservation is progressively
benefiting from Al applications and machine learning
algorithms for prediction and optimization. Similarly,
the energy domain emphasis lies in neural networks,
expert systems, pattern recognition, and fuzzy logic
models. Ensuring environmental sustainability requires
vigilant monitoring of initiatives.

Future of agricultural supply chain management
through blockchain technology, IoT and Al : The
integration of Blockchain technology, Al and the
Internet of Things (IoT) into agricultural supply
chain management emerges as a transformative and
innovative avenue, poised to harness the anticipated
advancements of the forthcoming 6G technology. This
visionary approach holds profound potential to reshape
the agricultural industry, introducing heightened levels
of transparency, traceability, and security throughout
the intricate supply chain network (Feng et al., 2020).

Recent research underscores the substantial
capabilities of Blockchain's decentralized and
immutable ledger system to effectively tackle the
pressing challenges encountered by the sector. These
challenges encompass a broad spectrum, ranging
from imperative concerns like food safety and fraud
prevention to the optimization of scarce resources.
The amalgamation of Blockchain with IoT amplifies
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these advantages, as loT systems gather data from
diverse devices, including smart tags like RFID, NFC,
barcodes, and more, as well as sensory data such
as temperature and humidity. This data collection
further bolsters traceability and enables better quality
control, safety enhancements, optimized supply chain
processes, and cost reductions, especially during
product recalls (Frank, 2021).

With  global economic interconnectivity

intensifying, the importance of inter-organizational
communication in supply chains is accentuated. The
integration of Blockchain and IoT aligns seamlessly
with this context, providing a sophisticated solution to
challenges that span across industries. This strategic
amalgamation not only augments the agricultural
supply chain's robustness but also contributes to
broader sustainability agendas.
Artificial Intelligence (Al) for vibrant Agricultural
Extension Advisory Services (AEAS) : Agricultural
extension advisory services (AEAS) play a crucial role
in providing farmers with information, knowledge, and
resources to enhance their productivity and livelihoods
(Jankovic et al., 2015). The integration of Artificial
Intelligence (Al) in agricultural extension services has
the potential to revolutionize the way information is
disseminated, decision-makingprocessesare optimized,
and overall agricultural practices are improved (Deji et
al., 2023). In the changing global perspective, the recent
extension advisory service demands extraordinary
innovative strategies and approaches to overcome the
more complex challenges ranging from food security
and resource efficiency to climate change adaptation.
The traditional extension advisory service mostly
relied on human efficiency and field-level networking
to render information to the farmers through field
visits, demonstrations and training etc, but sometimes
the valuable services lack timeliness, scalability
and reach (Cherupelly, 2022). The integration of Al
with AEAS promises to overcome these barriers and
renders prodigious benefits to the client system. Al,
encompassing machine learning, data analytics, and
automation, can substantially enhance the efficacy
of agricultural extension by harnessing the power of
data, algorithms, and intelligent systems (Smith and
Johnson, 2020). Chatbots and Large Language Models
(LLMs) powered with Al can play a significant role
in enhancing agricultural extension advisory services
by providing interactive and personalized support to
farmers (Bhuyan et al., 2022).
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Chatbots can provide instant responses to farmers'
queries, allowing them to access information and
assistance in real time. This is particularly useful for
addressing urgent issues such as pest outbreaks or
weather-related concerns (Ekanayak and Saputhanthri,
2020). Farmers can interact with chatbots through
various platforms, including websites, messaging apps,
and even simple feature phones. This increases the
accessibility of extension services, especially in remote
areas and can also deliver relevant information on a wide
range of topics, including crop management practices,
pest control, weather forecasts, and market prices. They
can also guide farmers through various processes, such
as crop planning or irrigation scheduling. Multilingual
chatbots can cater to diverse linguistic preferences,
ensuring that farmers from different regions can interact
comfortably in their preferred languages. Chatbots can
be used to collect data from farmers, such as crop types,
land size, and agricultural practices. This data can be
valuable for generating insights and tailoring extension
services to specific needs.

Large Language Models (LLMs) can be used to
build knowledge bases for agricultural information.
Farmers can ask questions in natural language, and
the model can retrieve relevant information from its
extensive training data, LLMs can assist in generating
informative content for extension services, including
articles, guides, and tutorials (Tzachor et al., 2023).
This can help in expanding the range of available
resources for farmers. By understanding the context
of farmers' queries, LLMs can provide personalized
recommendationsbasedontheirspecificneeds, location,
and agricultural practices. LLMs can contribute to
the development of interactive educational materials.
This includes creating virtual training modules and
simulations to educate farmers on best practices and
new technologies. LLMs can process vast amounts of
data to provide farmers with updates on agricultural
policies, market trends, and relevant news, enabling
them to make informed decisions.

Some examples of Chatbots and LLMs used for AEAS
in India are:

Krishi Sakhi: Krishi Sakhi is an initiative by the
Government of India that focuses on providing
agricultural information and guidance to farmers,
especially women (Patel and Sethi, 2021). While it may
not explicitly mention the use of LLMs, it's common
for such platforms to integrate chatbots or Al-driven
assistants to enhance communication and support.
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Agri Chat Bot (AgroStar): Agro Star, an agritech
platform in India, provides Agri Chat Bot services
Javaid et al. (2023). While it may not explicitly
mention LLM integration, chatbots are often designed
to understand and respond to user queries using
advanced natural language processing techniques.
Hello Krishi: Hello Krishi is a mobile app that connects
farmers with agricultural experts to get personalized
advice. While the specific technologies used may not
be detailed, such platforms often leverage chatbot-
like interfaces to facilitate farmer-expert interactions.
Fasal Salah (IFFCO): Indian Farmers Fertilizer
Cooperative (IFFCO) offers the Fasal Salah app,
which provides personalized agricultural advice.
While the exact technology stack may not be detailed,
it's common for such platforms to incorporate Al-
driven features like chatbots for user engagement.
Digital Green: Digital Green, a non-profit
organization, has been using technology to provide
extension services to farmers in India. While it
may not explicitly mention chatbots or LLMs, it
emphasizes the use of digital tools for disseminating
agricultural knowledge.

Chat GPT: Generative Al like ChatGPT is useful
in agricultural extension advisory services through
the creation of chatbots for solving farmers’
problems concerning crop production, marketing,
disease management, etc. It also has the potential to
provide customized recommendations to farmers for
better decision-making.

Ama Krush: Ama Krush for farmers, user-centric
artificial intelligence systems that deliver information
to citizens are emerging as critical modalities for
solving information asymmetry in governance. It is
running successfully in Odisha.

Farmer CHAT: Generative Al startup Gooey.Al
and global development organization Digital Green
have come together to announce a revolutionary
new product, Farmer CHAT, to address the needs of
farmers on the frontlines of climate change and water
security. It is a locally responsive farmer advisory
service designed to facilitate real-time communication
between governments and farmers on the frontlines
of climate change and water security issues. It is a
GPT4-based, multi-lingual artificial intelligence (AI)
platform that empowers farmers and government
extension agents with data-driven insights and
decision-making tools to optimize crop management,
reduce waste, and increase yields.
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CONCLUSION

In conclusion, this systematic review underscores
the significant strides that Artificial Intelligence
(Al) and Machine Learning (ML) have made in
revolutionizing precision agriculture and resource
management. The synthesized findings highlight
the efficacy of Al-driven techniques in enhancing
agricultural practices, optimizing resource utilization,
and promoting sustainability. Looking ahead, the
future scope of research in this domain is promising
and multifaceted. Expanding the frontiers of Al and
ML applications, there is a compelling need to delve
deeper into climate-resilient farming methodologies.
Investigating advanced models for predictive
analytics, coupled with the integration of diverse data
sources, will enable precision decision-making even
in dynamically changing environmental conditions.
The exploration of ethical considerations surrounding
Al in agriculture is paramount, ensuring responsible
deployment and addressing societal concerns.

Furthermore, refining Al-powered robotics and
automation systems for seamless integration into
farm operations is pivotal. The potential of harnessing
blockchain technology to bolster transparency,
traceability, and trust across the agricultural supply
chain warrants rigorous exploration. In light of these
emerging avenues, interdisciplinary collaborations
between agronomists, data scientists, technologists,
and policymakers are imperative to drive forward the
research agenda. By unraveling the intricacies of Al's
role in precision agriculture and resource management,
we pave the way for a more sustainable and resilient
agricultural landscape, poised to address global
food security challenges while respecting ecological
balance.

Looking ahead, the future scope of research is
expansive and exciting. One promising avenue is the
integration of Blockchain in agricultural supply chain
management, poised to capitalize on the upcoming
6G technology boom. This innovation promises
heightened transparency, traceability, and security
across the supply chain, addressing critical issues in
the industry. Furthermore, the potential for Machine
Learning algorithms, including Artificial Neural
Networks (ANN), Support Vector Machines (SVM),
and Random Forest (RF), holds great promise for crop
yield forecasting. Additionally, there is potential for
delving into the categorization of farming communities,
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modeling consumer behaviors, and deciphering
the intricate dynamics of farmers' decision-making
processes.

The integration of Chatbots with LMM plays a
pivotal role in case of materializing robust, timely and
trustworthy Agricultural Extension Advisory Services
for sustainable agricultural development.

As we embark on this journey of exploration,
interdisciplinary collaborations will be paramount.
Agronomists, technologists, data scientists, and
policymakers must work in unison to unravel the
untapped potential in these research domains. By
harnessing Al's capabilities and delving into these
unexplored areas, we can chart a course toward a more
sustainable, efficient, and equitable agricultural future.
Funding :

There was no funding support for conducting this
research.

Declaration of competing interest :

The authors have no known competing interests.
Data availability :

Data would be made available on request

Authors contribution :

The first author conceptualized and interpreted the
entire concept. The first, second, third, fourth, fifth,
sixth, seventh, eighth, nineth, tenth, eleventh, twelfth,
thirteenth, fourteenth fifteenth and sixteenth authors
participated in contributing to text and the content
of the manuscript, including revisions and edits. The
fifth author helped in developing the diagrams. The
authors approve of the content of the manuscript and
agree to be held accountable for the work.

REFERENCES

Abarna, J. and Selvakumar, A. (2015). Rose flower harvesting
robot. Intl. J Appl Eng Res, 10 (55): 4216-4220.

Abawi, G. S. and Widmer, T. L. (2000). Impact of soil
health management practices on soil borne pathogens,
nematodes and root diseases of vegetable crops. Appli.
Soil Ecol., 15 (1): 37-47.

Abdullahi, H. S.; Mahieddine, F. and Sheriff, R.E. (2015).
Technology Impact on Agricultural Productivity: A
Review of Precision Agriculture Using Unmanned
Aerial Vehicles. Lecture Notes of the Institute for

Computer Sciences, Soc Inf Telecommun Eng, pp.
388-400.

Ahirwar, S.; Swarnkar, R.; Bhukya, S. and Namwade, G.
(2019). Application of drone in agriculture. Intl. J.
Curr. Microbiol. Appl. Sci., 8(1): 2500-2505.



120

Al-Ali, A. R.; Qasaimeh, M.; Al-Mardini, M.; Radder, S. and
Zualkernan, I.A. (2015). ZigBee-basedirrigation system for
home gardens. Proceedings of International Conference on

Communications, Signal Processing, and Their Applications
(ICCSPA’15). https://doi.org/10.1109/iccspa.2015.7081305.

Alexandratos, N. and Bruinsma, J. (2015). World agriculture
towards 2030/2050: the 2012 revision. FAO Agricultural
Development Economics Division Report. ESA Working
Paper No. 12-03

Alreshidi, E. (2019). Smart sustainable agriculture (SSA) solution
underpinned by Internet of Things (IoT) and artificial
intelligence. Intl. J. Adva. Compu. Science and Appli., 10
(5): 93-102

Anand, K.; Jayakumar, C.; Muthu, M. and Amirneni, S. (2015).
Automatic drip irrigation system using fuzzy logic and
mobile technology, IEEE Technological Innovation in ICT
for Agriculture and Rural Development (TIAR). https://doi.
org/10.1109/tiar.2015.7358531.

Arvind, G.; Athira, V. G.; Haripriya, H.; Rani, R. A. and
Aravind, S. (2017). Automated irrigation with advanced
seed germination and pest control. IEEE Technological
Innovations in ICT for Agriculture and Rural Development
(TIAR). https://doi.org/10.1109/tiar.2017.8273687.

Astrand, B. and Baerveldt, A. J. (2002). An Agricultural Mobile
Robot with Vision-Based Perception for Mechanical Weed
Control. Autonomous Robots, 13(1): 21-35.

Bakker, T.; Van Asselt, K.; Bontsema, J.; Miiller, J. and Van
Straten, G. (2006). An autonomous. weeding robot for
organic farming. Field Serv Robot. 25: 579-590.

Balleda, K.; Satyanvesh, D.; Sampath, N.; Varma, K. and Baruah,
P. K. (2014). Agpest: An Efficient Rule-Based Expert
System to Prevent Pest Diseases of Rice & Wheat Crops.
Proceedings of 8th International Conference on Intelligent
Systems and Control, Coimbatore, India, pp. 10-11.

BEA (2018). Value Added by Industry as a Percentage of Gross
Domestic Product. Available at: https://apps.bea.gov/iTable/
iTable.cfm?ReqID=51&step=1#reqid=51&step=>51 &isuri=
1&5114=a&5102=5.

Beriya, A. (2022). India Digital Ecosystem of Agriculture and
Agristack: An Initial Assessment (No. 68). ICT India
Working Paper. 2022, Columbia University, Earth Institute,
Center for Sustainable Development (CSD), New York, NY
http://hdl.handle.net/10419/250913.

Bhuyan, B.P.; Tomar, R. and Cherif, A.R. (2022). A systematic
review of knowledge representation techniques in smart
agriculture (urban). Sustainability, 14: 15249.

Bisgaard, M.; Vinther, D. and Ostergaard, K. Z. (2004). Modelling
and Fault-Tolerant Control of an Autonomous Wheeled
Robot. Group Report 04gri030a, Institute of Control
Engineering, Aalborg University, Denmark.

Blackmore, B. S.; Fountas, S.; Vougioukas, S.; Tang, L.
Serensen, C. G. and Jergensen, R. (2004). Decomposition
of agricultural tasks into robotic behaviors. The CIGR J. AE
Scientific Res. and Devel., 9: 1-15

Indian Res. J. Ext. Edu. 24 (1), January - March, 2024

Blanes, C.; Ortiz, C.; Mellado, M. and Beltran, P.
(2015). Assessment of eggplant firmness with
accelerometers on a pneumatic robot gripper.
Comput Electron Agric, 113: 44-50.

Brazeau M. (2018). Fighting Weeds: Can we
Reduce, or Even Eliminate, Herbicides by
Utilizing Robotics and Al. Available at:https://
geneticliteracyproject.org/2018/12/12/fighting-
weeds-can-wereduce-or-even-eliminate-
herbicide-use-through-robotics-and-ai/.

Chang, C. L.; Chung, S. C.; Fu, W. L. and Huang,
C. C. (2021). Artificial intelligence approaches
to predict growth, harvest day, and quality of
lettuce (Lactuca sativa L.) in a IoT-enabled
greenhouse system. Biosyst Eng, 212: 77-105.

Cherupelly, N. K. (2022). Alternative agricultural
extension functionaries in India: Substantive
role of (ICTs) - study of e-Choupal. J. Agril Ext.
and Rural Devel., 14(3): 132-139.

Datta, A.; Ullah, H.; Tursun, N.; Pornprom, T.; Knezevic,
S. Z. and Chauhan, B. S. (2017). Managing weeds
using crop competition in soybean (Glycine
max(L.) Merr.). Crop Prot.,95: 60—68.

Davidson, J. R.; Hohimer, C.J.; Mo, C. K. and
Karkee, M. (2017). Dual robot coordination for
apple harvesting ASABE Annual International
Meeting Spokane, Washington. July 16-19, 1-9.

Debauche, O.; Mahmoudi, S.; Elmoulatm M.;
Mahmoudim S. A.; Mannebackm P. and Lebeau,
F. (2020). Edge Al-IoT pivot irrigation, plant
diseases, and pests identification. Procedia
Comput Sci, 177: 40-48.

Deji, O.F.; Famakinwa, M.; Alabi, D. L. and Faniyi, E.
0. (2023). Utilisation of Artificial Intelligence-
based Technology for Agricultural Extension

Services among Extension Professionals in
Nigeria. J. Agril. Ext., 27(3): 81-90.

Dela Cruz, J. R.; Baldovino, R. G.; Bandala, A. A. and
Dadios, E. P. (2017). Water usage optimization
of smart farm automated irrigation system using
artificial neural network. Proceedings of 5th
International Conference on Information and
Communication Technology (ICoIC7). https://
doi.org/10.1109/icoict.2017.8074668.

Ekanayake, Jayalath and Saputhanthri, Luckshitha.
(2020). E-AGRO: Intelligent Chat-Bot. IoT
and Artificial Intelligence to Enhance Farming
Industry. Eco. and Info., 12: 15-21.

El-Hendawy, S.E.; Alotaibi, M.; Al-Suhaibani, N.;
Al-Gaadi, K.; Hassan, W.; Dewir, Y.H.; Emam,
M.A.E.G.; Elsayed, S. and Schmidhalter, U.
(2019). Comparative performance of spectral
reflectance indices and multivariate modeling
for assessing agronomic parameters in advanced
spring wheat lines under two contrasting irrigation
regimes. Frontiers in plant Sci., 10:1537.



Indian Res. J. Ext. Edu. 24 (1), January - March, 2024

Elshorbagy, A. and Parasuraman, K. (2008). On the relevance
of using artificial neural networks for estimating soil
moisture content. J. Hydro., 362 (1-2): 1-18.

FAO (2017). The state of food and agriculture leveraging
food systems for inclusive rural transformation. FAO
of the United Nations. pp. 1-181.

Feng, H.; Wang, X.; Duan, Y.; Zhang, J. and Zhang, X.
(2020). Applying blockchain technology to improve
agri-food traceability: A review of development
methods, benefits and challenges. J. Clean. Prod., 260
:121031.

Frank, B. (2021). Artificial intelligence-enabled
environmental sustainability of products: Marketing
benefits and their variation by consumer, location, and
product types. J. Clean Prod., 285:125242.

Gandhi, M.; Kamdar, J. and Shah, M. (2020). Preprocessing
of non-symmetrical images for edge detection. Aug.
Hum Res., 5 : 1-10.

Garre, P. and Harish, A. (2018). Autonomous agricultural
pesticide spraying uav. In IOP Conference Series:
Materials Science and Engineering. /OP Publishing.
455: 012030.

Gat, G.; Gan-Mor, S. and Degani, A. (2016). Stable and
robust vehicle steering control using an overhead
guide in greenhouse tasks. Comput. Electron. Agri.,
121: 234-44.

Ge, Y.; Xiong, Y.; Tenorio, G. L. and From, P. J. (2019). Fruit
localization and environment perception for strawberry
harvesting robots. I[EEE, 7: 147642-147652.

Gerhards, R. and Christensen, S. (2003). Real-time weed
detection, decision making and patch-spraying in
maize, sugarbeet, winter wheat and winter barley.
Weed Res, 43(6): 385-392.

Gerhards, R.; Andujar Sanchez, D.; Hamouz, P.; Peteinatos,
G.G.; Christensen, S. and Fernandez-Quintanilla, C
(2022). Advances in site-specific weed management in
agriculture-A review. Weed Res., 62(2): 123-133.

Ghorbani, M. A.; Deo, R. C.; Kashani, M. H.; Shahabi, M.
and Ghorbani, S. (2019). Artificial intelligence-based
fast and efficient hybrid approach for spatial modelling
of soil electrical conductivity. Soil Tillage Res., 186:
152-164. https://doi.org/10.1016/}.sti11.2018.09.012.

Godwin, R. J.; Earl, R.; Taylor, J. C.; Wood, G. A.; Bradley,
R. I.; Welsh, J. P.; Richards, T.; Blackmore, B. S.;
Carver, M. C.; Knight, S. M. and Welti, B. (2001).
Precision farming of cereals: A five-year experiment to
develop management guidelines, no. 267, ser. HGCA,
Cranfield University, Project Report, Cranfield, USA.

Gollakota, A. and Srinivas, M. B. (2011). AgriBot- A
Multipurpose Agricultural Robot. Proceedings of
Annual IEEE India conference, Hyderabad. pp. 1-4

Hanson, AM.G.J.; Joy, A. and Francis, J.(2017). Plant Leaf
Disease Detection using Deep Learning and Convolutional
Neural Network. /ntl. J. Eng Sci., 7(3): 5324-5328.

121

Hanson, B.; Orloff, S. and Sanden, B. (2007). Monitoring
Soil Moisture for Irrigation Water Management.
Regents of the University of California Agriculture
and Natural Resource, (Publication 21635). pp. 21-32

Hassanijalilian, O.; Igathinathane, C.; Bajwa, S. and
Nowatzki, J. (2020). Rating iron deficiency in soybean
using image processing and decision-tree based
models. Remote Sens., 12(24): 1224- 4143, https://doi.
org/10.3390/rs12244143.

Horng, G. J.; Liu, M. X. and Chen, C. C. (2019). The smart
image recognition mechanism for crop harvesting system
in intelligent agriculture. Sensors, 20(5): 2766-2781.

Hu, J.; Yan, X.; Ma, J.; Qi, C.; Francis, K. and Mao, H. (2014).
Dimensional synthesis and kinematics simulation of a
high-speed plug seedling transplanting robot. Comput
Electron Agric, 107:64-72

Ismail, M. Mustikasari (2013). Intelligent system for tea leaf
disease detection. IPSJ Technical Report. pp. 1-4

Jankovic, S.; Despotovic, A.; Berjan, S.; Bilali, H.E.; Driouech,
N. and Tomic, V. (2015). Agricultural Extension and
Advisory Services in Bosnia, Montenegro and Serbia: An
Overview. Intl. J. Envir. and Rural Deve.,6(2): 133-139.

Javaid, M.; Haleem, A.; Khan, I.LH. and Suman, R. (2023).
Understanding the potential applications of artificial
intelligence in agriculture sector. Adva. Agrochem, 2:
15-30.

Jha, K.; Doshi, A.; Patel, P. and Shah, M. (2019). A
comprehensive review on automation in agriculture
using artificial intelligence. A1 in Agri., 2: 1-12.

Kakkad, V.; Patel, M. and Shah, M. (2019). Biometric
authentication and image encryption for image
security in cloud framework. Multiscale Multidiscip.
Model. Exp., 2: 233-248. https://doi.org/10.1007/
$41939-019-00049-y.

Karasekreter, N.; Basg¢iftci, F. and Fidan, U. (2013). A new
suggestion for an irrigation schedule with an artificial
neural network. J. Exp Theor Artif Intell. 25(1): 93-104.

Kim, N.; Ha, K. J.,;Park, N. W.; Cho, J.; Hong, S. and Lee,
Y. W. (2019). A comparison between major artificial
intelligence models for crop yield prediction: Case
study of the midwestern united states, 2006-2015.
ISPRS. Intl. J. Geogr. Info,, 8(5): 240.

Kimpe, C.R.D. and Morel, J.L. (2000). Urban soil management:
A growing concern. Soil Sci., 165 (1): 31-40.

Kodali, R.K. and Sahu, A. (2016). An IoT based soil
moisture monitoring on Losant platform. Proceedings
of 2nd International Conference on Contemporary
Computing and Informatics. pp.764-768.

Kolhe, S.; Kamal, R.; Saini, H. S. and Gupta G. K.
(2011). An intelligent multimedia interface for fuzzy-
logic based inference in crops. Expert Syst Appl, 38
(12):14592-14601.

Kolhe, S.; Kamal, R.; Saini, H. S. and Gupta, G. K. (2011).
A web-based intelligent disease-diagnosis system



122

using a new fuzzy-logic based approach fordrawing
the interferences in crops. Comput Electron Agric.
76(1): 16-27.

Kolhe, S.; Kamal, R.; Saini, H. S. and Gupta, G. K. (2011).
An intelligent multimedia interface for fuzzy-logic
based inference in crops. Expert Syst Appl., 38(12):
14592-14601.

Kouadio, L.; Deo, R. C.; Byrareddy, V.; Adamowski, J.
F.; Mushtagq, S. and Phuong, Nguyen, V. (2018).
Artificial intelligence approach for the prediction of
Robusta coffee yield using soil fertility properties.
Comput. Electron Agric., 155:324-338. https://doi.
org/10.1016/j.compag.2018.10.014.

Kumar, M.; Maurya, P. and Verma, R. (2022). Future of
Indian Agriculture Using Al and Machine Learning
Tools and Techniques. The New Advanced Society:
Artificial Intelligence and Industrial Internet of Things
Paradigm, 1 : 447-472.

Kwok, R. (2019). Al empowers conservation biology.
Nature, 567 (7746) :133-135.

Liakos, K.; Busato, P.; Moshou, D.; Pearson, S. and Bochtis,
D. (2018). Machine Learning in Agriculture: A Review.
Sensors, 18(8): 2674. https://doi.org/10.3390/s18082674.

Lopez, E. M.; Garcia, M.; Schuhmacher, M. and Domingo,
J. L. (2008). A fuzzy expert system for soil
characterization. Envi. Intl., 34 (7): 950-958.

Ministry of Agriculture & Farmers Welfare (2023).
available at https://pib.gov.in/PressReleaselframePage.
aspx?PRID=1898051, accessed on 21st September 2023.

Moallem, P. and Razmjooy, N. (2012). A multi-layer
perception neural network trained by invasive weed
optimization for potato color image segmentation.
Trends App! Sci Res., 7(6): 445-455.

Mustafa, M.R.U.; Sholagberu, A.T.; Yusof, K.W.; Hashim,
A.M.; Khan, M.W.A. and Shahbaz, M. (2004). SVM-
based geospatial prediction of soil erosion under
static and dynamic conditioning factors. MATEC Web
of Conferences, 203 : 1-11. https://doi.org/10.1051/
matecconf/201820304004.

Navas, E.; Fernandez, R.; Sepulveda, D.; Armada, M. and
Gonzalez-de-Santos, P. (2021). Soft Grippers for
Automatic Crop Harvesting: A Review. Sensors,
21(8): 2689.

Ngo, H.C.; Hashim, U.R.;Sek, Y.W.; Kumar, Y.J. and Ke,
W.S. (2019). Weeds detection in agricultural fields
using convolutional neural network. Intl. J Innov
Technol Explore Eng. 8(11):292-296.

Nieto, P. G.; Garcia-Gonzalo, E. Fer; nandez, J. A. and
Muiliz, C. D. (2016). A hybrid PSO optimized SVM-
based model for predicting a successful growth cycle
of the Spirulina platensis from raceway experiments
data. J Comput App! Math., 291: 293-303. https://doi.
org/10.1016/j.cam.2015.01.009.

O’Sullivan, C.A.; Bonnett, G.D.; Mclntyre, C.L.; Hochman,

Indian Res. J. Ext. Edu. 24 (1), January - March, 2024

Z. and Wasson, A.P. (2019). Strategies to improve
the productivity, product diversity and profitability of
urban agriculture. Agric Syst., 174:133-144. https://
doi.org/10.1016/j.agsy.2019.05.007.

Papageorgiou, E.I.; Markinos, A.T. and Gemtos, T.A. (2011).
Fuzzy cognitive map-based approach for predicting
crop production as a basis for decision support system
in precision agriculture application. Appl Soft Comput.,
11(4): 3643-3657.

Parekh, V.; Shah, D. and Shah, M. (2020). Fatigue detection
using artificial intelligence framework. Augment Hum.
Res., 5:1-17.

Park, S.J.; Hwang, C.S. and Vlek, P.L.G. (2005). Comparison
of adaptive techniques to predict crop yield response
under varying soil and land management conditions.
Agric Syst. 85(1): 59-81. https://doi.org/10.1016/j.
agsy.2004.06.021.

Partel, V.; Charan Kakarla, S. and Ampatzidis, Y. (2019).
Development and evaluation of a low cost and smart
technology for precision weed management utilizing
artificial intelligence. Comput Electron Agric., 157:339-350.

Patel, N. and Sethi, T. (2021). Rural Women: Key to New
India’s Agrarian Revolution. Kurukshetra, 12: 26-29.

Pérez-Ortiz, M.; Gutiérrez, P.A.; Pefla, J.M.; Torres-
Sanchez, J.; Lopez-Granados, F. and Hervas-Martinez,
C. (2016). Machine Learning Paradigms for Weed
Mapping Via Unmanned Aerial Vehicles, Symposium
Series on Computational Intelligence, 2016. Athens,
Greece, December 6-9. pp. 1-8

Pharne, 1. D.; Kanase, S.; Patwegar, S.; Patil, P.; Pore, A.,
and Kadam, Y. (2018). Agriculture drone sprayer. Intl.
J. Recent Trends eng. res., 4 (3), 181-185.

Pilarski, T.; Happold, M.; Pangels, H.; Ollis, M.; Fitzpatrick,
K. and Stentz, A. (2002). The Demeter System for
Automated Harvesting. Autonomous Robots, 13 (1): 9-20

Plessen, M.G. (2019). Freeform Path Fitting for the
Minimisation of the Number of Transitions between
Headland Path and Interior Lanes within Agricultural
Fields. Al in Agri., 5: 233-239

Psirofonia, P.; Samaritakis, V.; Eliopoulos, P. and Potamitis,
I. (2017). Use of Unmanned Aerial Vehicles for
Agricultural Applications with Emphasis on Crop
Protection: Three Novel Case-Studies. Intl. J. Agril.
Sci.and Tech., 5(1): 30-39.

Reid, J.N.; Miles, S.J.; Butler, J.; Baldwin, M. and
Noble, R. (2001). Automatic Mushroom harvesting
Development. J Agric Eng Res, 78: 15-23.

Reinecke, M. and Prinsloo, T. (2017). The influence of drone
monitoring on crop health and harvest size. In 1st
International conference on next generation computing
applications (NextComp), pp. 5-10.

Rong, J.; Wang, P.; Yang, Q. and Huang, F. (2021). A Field-
Tested Harvesting Robot for Oyster Mushroom in



Indian Res. J. Ext. Edu. 24 (1), January - March, 2024

Greenhouse. Agronomy,11(6): 1210.

Sanikhani, H.; Deo, R.C.; Yaseen, Z.M.; Eray, O. and
Kisi, O. (2018). Non-tuned data intelligent model
for soil temperature estimation: a new approach.
Geoderma,  330:52-64.  https://doi.org/10.1016/j.
geoderma.2018.05.030.

Selvaraj, M.G.; Vergara, A.; Ruiz, H.; Safari, N.; Elayabalan,
S.; Ocimati, W. and Blomme, G. (2019). Al-powered
banana diseases and pest detection. Plant Methods,
15(1): 1-11.

Senthilnath, J.; Dokania, A.; Kandukuri, M.; Ramesh, K.
N.; Anand, G. and Omkar, S. N. (2016). Detection of
tomatoes using spectral-spatial methods in remotely
sensed RGB images captured by UAV. Biosystems
Engg., 146: 16-32.

Shah, D.; Dixit, R.; Shah, A.; Shah, P. and Shah, M.
(2020). A comprehensive analysis regarding several
breakthroughs based on computer intelligence targeting
various syndromes. Augment Hum Res., 5: 14.

Shah, G.; Shah, A. and Shah, M. (2019). Panacea of
challenges in real-world application of big data
analytics in the healthcare sector. J. of Data, Info. and
Mngt, 1:107-116.

Singh, V.K.; Singh, B.P.; Kisi, O. and Kushwaha, D.P. (2018).
Spatial and multi-depth temporal soil temperature
assessment by assimilating satellite imagery, artificial
intelligence and regression based models in arid area.
Compu. and Electro. in Agri., 150: 205-219. https://
doi.org/10.1016/j.compag.2018.04.019.

Sladojevic, S.; Arsenovic, M.; Anderla, A.; Culibrk, D.
and Stefanovic, D. (2016). Deep neural networks
based recognition of plant diseases by leaf image

classification. Comput. Intelligence and Neuroscience,
2016: 1-11 https://doi.org/10.1155/2016/3289801.

Smith, J. and Johnson, M. (2020). The role of artificial
intelligence in agricultural extension for sustainable
development. J. Agril. Sci., 45(3): 225-241.

Snehal, S.S. and Sandeep, S.V. (2014). Agricultural crop
yield prediction using artificial neural network
approach. Intl. J Inov Res Electr Electron Instrum
Control Eng., 2 (1): 683-686.

Serensen, C.G.; Nerremark, M.; Jorgensen, R.N. and Jensen,
K. (2007). Hortibot: Feasibility study of a plant nursing
robot performing weeding operations — part IV.
Proceedings of ASABE Annual Intl. Meeting. pp 1-12

Sujaritha, M.; Annadurai, S.; Satheeshkumar, J.; Kowshik
Sharan, S. and Mahesh, L. (2017). Weed detecting
robot in sugarcane fields using fuzzy real time classifier.
Comput Electron Agri., 134:160-171.

Sukhadia, A.; Upadhyay, K.; Gundeti, M.; Shah, S. and Shah,
M. (2020). Optimization of smart traffic governance

123

system using artificial intelligence. Augment Hum.
Res., 5: 1-14.

Swanton, C.J.; Nkoa, R. and Blackshaw, R.E. (2015).
Experimental methods for crop-weed competition
studies. Weed Sci, Issue SP1: Special Issue: Research
Methods in Weed Sci., 63(1): 2-11.

Toor, M.D.; Adnan, M.; Raza, A.; Ahmed, R.; Arshad, A.;
Magsood, H.; Abbas, F.; Shehzad, M.H. and Zafar,
M.K. (2020). Land degradation and its management:
A review. Int. J Envi. Sci Nat Resour, 25(2): 63-66.

Torres-Sospedra, J. and Nebot, P. (2014). Two-stage
procedure based on smoothed ensembles of neural
networks applied to weed detection in orange groves.
Biosyst Eng, 123:40-55.

Tzachor, A.; Devare, M.; Richards, C.; Pypers, P.; Ghosh, A.;
Koo, J.; Johal, S. and King, B. (2023). Large language
models and agricultural extension services. Nat Food,
4: 941-948.

Vega, F. A.; Ramirez, F. C.; Saiz, M. P. and Rosua, F. O.
(2015). Multi-temporal imaging using an unmanned
aerial vehicle for monitoring a sunflower crop.
Biosystems Engg., 132: 19-27.

Wall, R.W. and King, B.A. (2004). Incorporating plug and
play technology into measurement and control systems
for irrigation, Paper number 042189, 2004 ASAE
Annual Meeting, American Society of Agril.and Bio.
Engg., https://doi.org/ 10.13031/2013.16464

Xiang, H. and Tian, L. (2011). Development of a low-
cost agricultural remote sensing system based on
an autonomous unmanned aerial vehicle (UAV).
Biosystems Engg., 108 (2): 174-190.

Yallappa, D.; Veerangouda, M.; Maski, D.; Palled, V. and
Bheemanna, M. (2017). Development and evaluation
of drone mounted sprayer for pesticide applications to
crops IEEE global humanitarian technology conference
(GHTC), pp. 1-7.

Yasukawa, S.; Li, B.H.; Sonoda, T. and Ishii, K. (2017).
Development of a tomato harvesting robot. Proceedings
of the international conference on artificial life and
robotics (ICAROB 2017), Seagaia Convention Center,
Miyazaki, Japan, January 19-22, 408-11.

Zhao, Z.; Chow, T.L.; Rees, H.W.; Yang, Q.; Xing, Z. and
Meng, F.R. (2009). Predict soil texture distributions
using an artificial neural network model. Compu.and
Electro. in Agri., 65 (1): 36-48.

Zheng, H.; Zhou, X.; Cheng, T.; Yao, X.; Tian, Y.; Cao,
W. and Zhu, Y. (2016). Evaluation of a UAV-based
hyperspectral frame camera for monitoring the leaf
nitrogen concentration in rice. IEEE international
geoscience and remote sensing symposium (IGARSS),
pp. 7350-7353.



