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A B S T R A C T

Agriculture intensification has a paradoxical effect, as it increases food production and productivity by increasing 
farmer’s return on investment while instantaneously posing a serious threat to long-term sustainability like 
depletion of resources, soil degradation, water scarcity and finally environmental pollution. All these challenges 
have flickered concerns about the quality of life. To bash all these concerns, the precise and judicious use of 
agricultural inputs is necessary. Bespoke solutions (Site-Specific) tailored to specific problems can optimize 
resource utilization while minimizing negative impacts. Integrating advanced technologies like automation by 
the use of sensors, drones and robotics guarantees solutions in the context of availability and efficiency of 
agricultural labour decline. This technology-driven approach can reform agriculture. So, the holistic approach of 
using technological advancements with sustainable practices is necessary for a long-term ecological balance with 
enhancement in productivity. The integration of driven solutions allows farmers to obtain real-time insights into 
soil health, water availability and nutrient status facilitating sustainable farming practices. The main goal of this 
manuscript is to review the applications of AI in agriculture for crop monitoring with sustainable use of resources 
such as soil, water, and nutrients, as well as to elevate food production with better quality maintenance. This 
article scrutinizes the findings of several researchers to get a brief outline of the subject of the recent execution of 
automation in agriculture and compares it with conventional methods followed by the farmer.

1. Introduction

Intensive transformation and landscaping can reduce biodiversity, 
pollute air and water sources, and put human and animal health at risk 
[1–3]. Agriculture faces critical challenges, including climate change, 
water scarcity, environmental degradation, and dependence on con
ventional energy sources [1]. Sustainable agriculture is an agricultural 
practice that permanently meets the essential conditions of environ
mental health, economic viability, and social equity while ensuring 
long-term productivity and resource conservation [4,5].

A key challenge for the agriculture industry is feeding a rapidly 
growing population. There is growing consensus that transforming the 
global food system is essential to ensure safe and nutritious food for all 
while maintaining ecological balance within the earth’s limit [6,7]. An 
estimate reveals that nearly 10 billion people by 2050 will boost demand 

for food, with about 3 billion more mouths to feed than there were in 
2010 [8]. India is the most populous country surpassing China, but the 
biggest drawback for India is that it projects 17 per cent of the world’s 
population and constitutes only 2.2 per cent of the world’s land mass 
[9]. Globally about 720–800 million people are suffering from food 
insecurity [10]. Moreover, the use of natural resources in recent days has 
been highly stressed as 25 % of all farmland is highly degraded [11] and 
about 80 % of deforestation is driven by agriculture globally [12]. In 
India, the national average soil erosion is estimated at 21 tons per 
hectare per year. This loss can be directly attributed to anthropogenic 
interventions such as deforestation and intensive agricultural practices 
[13]. Agriculture is the most water-intensive sector, accounting for 70 % 
of global freshwater use, while the industrial sector consumes 22 % and 
domestic use makes up 8 %, significantly impacting freshwater avail
ability [14]. Over 25 % of the world’s population and 40 % of global 

* Corresponding author.
E-mail address: debadattasethi@ouat.ac.in (D. Sethi). 

Contents lists available at ScienceDirect

Current Plant Biology

journal homepage: www.elsevier.com/locate/cpb

https://doi.org/10.1016/j.cpb.2025.100476
Received 15 September 2024; Received in revised form 23 March 2025; Accepted 24 March 2025  

Current Plant Biology 42 (2025) 100476 

Available online 25 March 2025 
2214-6628/© 2025 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license ( http://creativecommons.org/licenses/by- 
nc-nd/4.0/ ). 

https://orcid.org/0000-0002-1311-6075
https://orcid.org/0000-0002-1311-6075
mailto:debadattasethi@ouat.ac.in
www.sciencedirect.com/science/journal/22146628
https://www.elsevier.com/locate/cpb
https://doi.org/10.1016/j.cpb.2025.100476
https://doi.org/10.1016/j.cpb.2025.100476
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/


agricultural production depend heavily on unsustainable groundwater 
extraction [15].

Climate change, accompanied by increased emissions of green house 
gases (GHG), is to blame for declining agricultural productivity [16].The 
top six countries with GHG emissions in 2022 were China, the United 
States, India, the EU27, Russia, and Brazil [17]. Globally these six 
countries constitute 50.1 % of the global population, 61.2 % of Gross 
Domestic Product [18], 63.4 % of fossil fuel consumption [19] and 
61.6 % of GHG emissions. In 2022, India, the world’s third-largest GHG 
emitter, accounted for a 5 % rise in emissions compared to 2021, the 
highest relative increase globally [17]. Food waste across the globe has 
reached an enormous scale, and India holds the second position with 68, 
760,163 tonnes of total food waste per year after China [20,21]. All the 
above-mentioned challenges leadto poverty and hunger, as India is 
already classified in the "serious category" on the Global Hunger Index 
(GHI) severity scale [22]. As such, a worldwide agricultural trans
formation is needed to switch from conventional to modern automated 
approaches [23].

A dramatic transformation in technological progress has been 
noticed with the advent of artificial intelligence (AI) in all industrial 
sectors across the globe [8,24]. Agriculture, on the other hand, being the 
least digitized, fueled the growth and commercialization of 
agro-technologies [8]. Inevitably, AI seems to be a separate realm for 
agriculture. Agriculture harnesses natural resources to sustain the global 
population by producing food [25]. On the other side, AI is acutely 
entangled with automated systems, multifaceted communications, 
modeling, and decision-making approach [26]. Women are more 
engaged in agriculture than men due to male migration for better live
lihoods. With fewer youth in farming and small farms becoming unvi
able, de-peasantization is pushing many into agricultural labour, 
impacting future food production [27]. Training youth in AI-driven 
agriculture using sensors, drones, and robotics can transform the in
dustry, enhancing efficiency and sustainability. Farmers should keep a 
close eye on climatic, ecological, and geographic factors to ensure sus
tainable agricultural production and economic survival in the face of a 
highly competitive and globalizing sector. Farming is one of the oldest 
and arguably most important human pursuits, as well as one that entails 
a huge mixture of choices, complexity, and ambiguity, along with 
qualms like variation from season to season and weather, cost of farming 
equipment, degradation of soil, cropping feasibility, smothering by 
weeds, crops, crop damage due to pests and diseases, and variable cli
mates. Hence, it’s vital to assess the application of AI in agriculture with 
regard to soil, crop, disease, and pest management.

AI-powered farming solutions enable farmers to be more productive 
with fewer resources, improve crop quality, and provide a quick go-to- 
market (GTM) strategy for crops. Innovation is integral to conquering 
the challenges, and India has been on a rising trajectory over the past 
several years from a rank of 81 in 2015–40 in 2023 [28].

This implies that, relative to its gross domestic product (GDP), India 
grew 8.15 % YoY over the fiscal 2023–2024 [29].The domain of modern 
agriculture tackles colossal challenges where conditions cannot be over 
simplified to propose a universal solution. Agriculture4.0:" The Future of 
Farming Technology, "issued by the World Government Summit in 2018, 
spotlights assimilating budding technologies such as the Internet of 
Things (IoT), artificial intelligence, blockchain, data analytics, big data, 
etc. for the best possible resource use and amplifying the production of 
agricultural practices [30]. Accuracy and robustness are two factors for 
AI [31] that facilitate depicting the complicated details of each situation 
on the farm and coming up with an outcome that suits well for a 
particular problem [8]. The indigenous way of arming is no longer 
capable of feeding the burgeoning population [7]. The problem of 
increased demand has only one solution: intensifying agricultural 
practices and in the long run, the land remains unproductive. Automa
tion can be replaced with the intensification of agricultural practices to 
fulfill the needs of the global population safely [32].

The use of digitalization caused humans to surpass the threshold 

level of thought process and attempt to combine their natural human 
brains with an artificial one [33]. Consequently, an entirely new field 
has been created called ‘Artificial Intelligence’ (AI). Precisely, AI rep
resents "intelligent behaviour" puzzled by human experts in the expan
sion of certain responsibilities [34]. AI is tools enable machines to think 
and suggest algorithms for forecasting unforeseen troubles or occur
rences to resolve the issues in the agricultural field not only with pre
cision but also by estimating resolutions for improving crop productivity 
while maximizing resource utilization and preservation [35]. The AI 
also used in the plant biotechnology for solving several issues like 
metabolomics, transcriptosome, pharmacogenetics, and functional and 
structural genomics [36,37]. Next-generation AI and Big data also re
ported for using in crop breeding programs [38,39]. The main goal of 
this manuscript is to review the applications of AI in agriculture for crop 
monitoring with sustainable use of resources such as soil, water, and 
nutrients, as well as to elevate food production with better quality 
maintenance. This article scrutinizes the findings of several researchers 
to get a brief outline on the subject of the recent execution of automation 
in agriculture and compares it with conventional methods followed by 
the farmer.

2. Bibliometric analysis

For bibliometric analysis on the theme, data from Scopus was 
extracted and the analysis was done in Biblioshiny using R-software 
package. For extraction of data the search engine used was “Artificial 
Intelligence” and “Sustainable agriculture” OR “Artificial Neural 
Network”. Total of 738 documents were extracted and later the data 
retrieved was screened and unwanted data was eliminated. Later using 
the inclusion criteria and eliminating unwanted articles, the data was 
analyzed in Biblioshiny. Different types of analysis were conducted like 
number of publications, citation over time, prolific authors, etc., which 
is presented in the subsequent section. The study period for bibliometric 
analysis was taken as last 23 years when the topic accentuated (Fig. 1).

Publication on artificial intelligence in agriculture very few, till 2016 
from 2002, thereafter it was increased slowly and a sudden spike in 
publications after 2019 which adheres to the fact that both sustainable 
agriculture and artificial intelligence have trend in the recent decade 
(Fig. 2). The highest (20.2 %) number of publications concerning to 
artificial intelligence was on computer science followed by engineering 
(15.1 %), agriculture and allied (12.5 %), environmental science 
(5.6 %), social science (5.6 %), energy (4.8 %) mathematics (4.6 %), 
decision science (4.3 %), business management (3.4 %), Earth and 
planet (3.3 %) and others (15.4 %) (Fig. 3). The highest frequency of 
word is “artificial intelligence” followed by “sustainable development”. 
Decision support systems, agriculture robots etc. were among the other 
most frequently used keywords (Fig. 4). The highest volume of contri
butions towards publication related to AI was in China followed by 
India, USA, Italy and Spain (Fig. 5). The highest number of publications 
as well as collaborative publications (multi-country publications) was 
higher in India followed by the China, USA and Germany (Fig. 6).

3. Types of artificial intelligence

Artificial Intelligence is broadly divided into two categories viz based 
on capability and functionality and also further classified (Fig. 7).

3.1. Classification based on capability

Artificial Narrow Intelligence (ANI), also known as weak artificial 
intelligence, accomplishes a single narrow task with inadequate capa
bilities [40]. Its usage is exponentially increasing and has become a part 
of our lives. Google Maps, Google Assistant, Image and Facial Recog
nition Systems, Google Translate, Amazon Alexa, and Apple Siri are 
examples of ANI [41]. Artificial General Intelligence (AGI) teaches 
computers to think and act like humans [40]. This kind of intelligence is 
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mainly helpful in overcoming dilemmas, planning, and decision-making 
under uncertain situations, but the time taken to accomplish tasks is 
more than that of artificial super intelligence (ASI) [42]. Artificial super 
intelligence (ASI) is more advanced and makes computers or machines 
superior to humans in ways like being wiser, smarter, and more creative
[42]. This type of intelligence revolutionizes human actions before they 
even occur. So many people are agonizing over the changes it wishes to 
bring about in human society.

3.2. Classification based on functionality

The simplest form is the reactive machine, as it deals with existing 
data and not previous cumulative data [43]. It reacts to the recent sit
uation, hence the nomenclature. Limited memory deals with acquired 
past data to accomplish an action, and the experience gained is limited. 
The theory of mind has the skill to react and is full of emotions, which 
permits machines to be aware of human behaviour. Self-Awareness: The 
entity of self-awareness in machines is still imaginary. A self-aware AI 
would have human-level awareness, but through sophisticated in
vestigations, it may turn out to be the most advanced form of AI proven 
to humankind.

3.3. Digital appliances used in agriculture

The introduction of AI to agriculture will be enabled by other tech
nological advances, including robotics, the availability of sensors and 
cameras, drone technology, and even wide-scale internet coverage on 
geographically dispersed fields. Various AI technologies are embedded 
in digital appliances like sensors, drones, and robotics in agriculture to 
make it more comfortable and precise with the least amount of effort 
from humans when compared to the manual method of farming.

Fig. 1. Flow-Chart represents the data extraction and analysis.

Fig. 2. Publication per year from2002 to2024 (till08.01.2024).

Fig. 3. Publications regarding artificial intelligence on subject area.

K. Kusumavathi et al.                                                                                                                                                                                                                          Current Plant Biology 42 (2025) 100476 

3 



Fig. 4. Word cloud map on the theme of studies.

Fig. 5. Sankey graph for author countries, sources and keywords.

Fig. 6. Corresponding author country (single and multi-country publications).
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3.3.1. Sensors
Sensors play a decisive role in this technological revolution [44]. It’s 

simply "a device that counters a physical stimulus (as heat, light, sound, 
pressure, magnetism, or a particular motion) and diffuses an impulse (as 
for measurement or operating a control). In other words, it is a 
trouble-free and tiny device that detects natural world conditions such 
as motion, heat, or light and converts the data into an analogue or digital 
representation. Innovations result in the development of new sensors 
that are more precise, and have lower dimensions and costs, but do not 
sacrifice performance. A new generation sensor called ‘smart’ was 
developed by suing recent technologies which are capable of wireless 
communication from remote areas [45]. Farmers can predict calamities 
caused by both biotic and abiotic factors by using smart sensors in 
agriculture; thereby, they can sustain resources, protect crops from 
environmental impact or disaster, and finally increase productivity. 
Some sensors, like WeedSeeker, are used for spot spray systems aimed at 
the selective application of herbicides, GreenSeeker is used for plant 
health and vigour in terms of NDVI readings, and ultrasonic sensors are 
used for spraying boom height control. Today, all the machinery used in 
the agriculture sector, like tractors, sprayers, bailers, and combines, is 
endowed with sensors for measuring different parameters that fall into 
navigation, guidance, and obstacle avoidance using GPS and inertial 
sensors such as gyroscopes and accelerometers for control (e.g., speed, 
height of spray booms or other tools above the ground). Performance 
monitoring such as harvested crop quantity, condition, or rate of seed 
dispersal. Soil moisture is measured using several sensors for irrigation 
water management [46]. Fabbri et al. [47] conducted an experiment 
entitled "Sustainability Assessment of the Green Seeker N Management 
Tool: A Lysimetric Experiment on Barley" to evaluate the application of a 
specific sensor-based N rate for Italian barley production and compare it 
with conventional N management. Sensor-based N fertilization rate (RF) 
tanks showed a higher NDVI than conventional fertilization (CF) at the 
senescence stage, and crops did not require additional N. The NDVI 
values are directly proportional to the levels of N. The reduction of NDVI 
is due to lower absorption of radiation in the visible region, which oc
curs mainly because of low chlorophyll content. The ultimate reason for 
all these is low N levels supplied to crops. As a result, the lack of nitrogen 
in control tanks caused crop yellowing and stunted vegetative growth. 
The use of a SPAD meter in conjunction with Green seeker to determine 

the threshold color of rice leaves in terms of NDVI and SPAD value at 
which N-fertilizer should be applied for increased yield and N use effi
ciency [48]. In this manner, the application of sensors in agriculture can 
revolutionize production by facilitating real-time environmental detec
tion, and enhancing sustainability through efficient resource conserva
tion, including water and agricultural inputs such as nutrients and 
herbicides.

3.3.2. Drones
The drone revolution is nothing but "an eye in the sky for agricul

ture." Drones are the farming of the future, and by fine-tuning the 
implementation of drone technology, a miracle can be accomplished in 
the drone sector. As the agricultural sector renews, the adoption of drone 
technology is anticipated to increase significantly. Understanding how 
to use this technology wisely is essential, as it can enhance efficiency and 
save time for farmers. According to projections, the global agricultural 
drone market will reach $5.7 billion by 2025, growing at a 35.9 % 
CAGR. A drone, also known as an unmanned aerial vehicle (UAV), is a 
robotic vehicle and flying device that can be controlled remotely using 
autopilot and GPS coordinates. The device also has normal radio con
trols and can be piloted manually in case of an adverse situation. The 
major components of a drone are the chassis, propellers, motors, elec
tronic speed controller (ESC), flight controller, radio receiver, and bat
tery. A list of remotely piloted aircraft (RPA) systems is given in Table 1. 
According to Nuijten et al. [49], unmanned aerial systems (UAS) along 
with digital aerial photo grammetry and object-based image analysis 
(OBIA) methods enable effective crop productivity analysis. The tem
plate matching and multi-resolution image segmentation (MIRS) resul
ted in 99.8 and 85.4 per cent accuracy with respect to crop detection and 
well-delineated main crop areas, respectively. Drones in agriculture are 
helpful in soil and field analysis, crop monitoring, planting, spraying 
agrochemicals, preparing for weather glitches, geo-fencing and avoiding 
the overuse of chemicals. The major drawbacks to the usage of drones 
are internet connectivity issues, weather dependence and the need for 
knowledge and skill.

3.3.3. Robotics
The term "robot" was first used in 1923, and thereafter, it has made 

epic advancements in various fields, including agriculture. Agricultural 
robotics is the logical proliferation of automation technology into bio- 
systems [50]. A robot consists of moving parts and sensors, but AI 
helps in processing the program environment by enabling it to under
stand and do things on its own. The major components of robots are the 
manipulator, control system, power supply, end effector, and sensors. 

Fig. 7. Classification of Artificial Intelligence.

Table 1 
List of some remotely piloted aircraft (RPA) systems along with their 
specifications.

Name of RPA Manufacturer name Max. take-off 
Weight (kg)

Max. attainable 
height (ft)

Look Out 
VTOLRPAS

Throttle Aerospace 
Systems Private Ltd

1.99 400

Patang Skylark Drones Pvt Ltd 1.9 1000
A200 Asteria Aerospace Pvt 

Ltd
1.9 200

Insight AaravUnmanned 
Systems Pvt Ltd

3.6 400

Ninja Idea Forge Technology 
Pvt Ltd

1.98 400

Agribot UAV 
(AGUAV)

IoTech World Avigation 
Pvt Ltd

23.2 33

PrionMk3 UAVE Limited 42.88 12100
Starlite Hubblefly Technologies 

Pvt 
Ltd

1.92 9842

*VTOLRPAS: Vertical Take-Off and Landing Remotely Piloted Aircraft; UAV: 
Unmanned Aerial Vehicle
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The primary task of a robot in agriculture is seeding, planting, weeding, 
spraying, and monitoring, while the secondary task deals with mobility, 
steering, navigation, and manipulation (Fig. 8). Indian researchers have 
developed various kinds of robotic vehicles for agricultural operations 
(Table 2).

3.4. Machine learning and deep learning

Machine learning (ML) uses mathematical and statistical tools for 
exploring and analyzing the data. Machine learning is of three types: 
supervised, unsupervised, and reinforcement learning. Supervised 
learning works by mapping variables, combining previously tagged in
formation with previous input specifics to produce a preferred output 
variable. Bayesian networks, decision trees, and regression analysis are 
some of the algorithms used in supervised learning [52–54]. Unsuper
vised learning works on unlabeled data devoid of previous knowledge of 
input and output variables. This learning employs the clustering tech
nique, which involves grouping data based on similarity. Machine 
learning is also known as reinforcement learning or semi-supervised 
learning, which explores innovative actions to put on more particulars 
as compared to exploiting information already assembled. In a nut shell, 
it combines supervised and unsupervised learning. Algorithms, like 
Q-learning and deep Q- learning, are used in semi-supervised learning 
[52]. The ML algorithm can be used a step ahead to visualize the effect of 
important soil properties on rice yield and the accumulated local effect 
(ALE) plot has been used to find out an important property that is 
influencing paddy yield [55]. The concept of machine learning makes 
computers assume and act with minimum human interference, whereas 
deep learning makes computers cogitate utilizing structures modeled 
with human intelligence and makes machines learn things the same as 
humans. It is a sub-set of AI and also a model of machine learning. The 
main idea of deep learning is to mimic human brains. However, ML and 
DL require more computing power and naturally need less ongoing 
human interference. The DL employs a multi-neural network architec
ture called" deep neural networks, "which are fostered to acclimatize 
large volumes of amorphous data. Some of the DL algorithms utilized in 
science and engineering fields are recurrent neural networks (RNN), 
artificial neural networks (ANN), and convolutional neural networks 
(CNN). The way these algorithms represent data varies, such as numbers 
in ANN, images in CNN, and time series in RNN.

3.5. Advantages and disadvantages of artificial intelligent robots

Robots, in general, use a variety of applications based on their 
working behaviors. Robots can sense and respond by using AI 

technology, as their functions are pre-programmed for rapid detection 
and task performance. The sensors and ML technology used in robots can 
inspect elements with the help of AI techniques and detect mistakes. 
Predictive capability and process enhancement are the main features of 
robots. The ability to improve speed and efficiency as exhibited by ro
bots plays a vital role in any field or environment. The robots can 
perform any task and overcome any obstacle in any environment. Ro
bots can assist customers and answer their questions in various locations 
such as airports, hotels, and shops, just like human service agents. These 
machines have a high maintenance cost, and the uploading of a pro
gramme requires changing requirements. The procedures to reinstate 
the missing code or data are time-consuming and cost-effective. Storage, 
access, and retrieval of data are not as effective as humans. They can 
perform repetitive tasks for longer periods, but they do not get better 
with an experience like humans do. "AGRIBOT" is a sensor- and vision- 
based autonomous seed sowing machine [56]. The "BoniRob" is an 
autonomous field robot platform that has been used with an automatic 
soil penetro meter and GIS-based documentation [57]. Soil properties 
can be measured by "APP," which has been illustrated and authenticated 
in both laboratory and field experiments. The "BoniRob" in combination 
with the "PenetrometerApp" is used for soil property measurement. 
Umarkar and Karwankar [58] demonstrated that an automated 
seed-sowing Agri bot provides approximately 93 % accuracy regarding 
seed placement.

3.6. Impact of artificial intelligence (AI) in agriculture

The essence of farming always involves strategies for increasing crop 
production without sacrificing quality. Productive farms exhibit 
maximum utilization of natural resources like soil, water, and air and 
allocate natural resources for the future to deal with formidable chal
lenges like climate change, labors shortages, urbanization leading to 
shrinkage of land for farming, poor soil fertility of the available land, 
declining water resources, etc. Any agricultural monitoring system must 
include crop identification, classification among various crop types, and 
crop health grade assessment. Accuracy and robustness achieved 
through the use of AI technologies are critical in this farming perspec
tive, as they direct the way for precise use of natural resources and ul
timately bring about a massive change in the field of agriculture [59]. It 
instantly facilitates the transition of millions of farmers in a country 
from site-specific advisory services to customized and site-based precise 
advisory services. Henceforth, Artificial Intelligence (AI) is considered a 
game changer in the field of agriculture. AI in agriculture avoids chores 
and boredom for many agricultural operations, and that time can be 
remunerated for creative AI innovations to outstrip human capabilities.

The knowledge of detecting threshold limits of crop stress factors is 
decisive for identifying crop growth and assessing the expected crop Fig. 8. Components of Robot.

Table 2 
Various kinds of robotic vehicles for agricultural operations.

Vehicle/ 
Place

Name of the 
Developer

Applications

Pneumatic 
actuated 
gripper

TNAU Graspingandreleasingtheplugtypeseedling. 
transplantingrateis20–25 seedlings/minute

Robotic rice 
pellet 
seeder

TNAU Robotic rice pellet seeder

Robotic 
precision 
Planter

IARI Has wireless control through micro-processor 
using a Wi-Fi module. The total time for 
completion of one block is 3 min 40 s.

Grobomac Bangalore Detection and harvesting of Cotton balls
Robotic arm IIT 

Kharagpur
Cotton picking based on 3D 
Machine vision techniques,

Source: Adapted from Jyoti et al# [51]
*TNAU: Tamil Nadu Agricultural University; IARI: Indian Agricultural Research 
Institute; IIT: Indian Institute of Technology
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yield [60]. The application of artificial intelligence in agriculture pro
tected the farming scenario, thereby increasing crop productivity on a 
large scale. According to Ennouri et al.[61], the major key challenges in 
the agricultural sector are to prepare the soil to cultivate, select the crop 
and seed according to the location, and finally harvest, which is 
becoming increasingly challenging due to climate change. Every plant 
requires precise soil nourishment. Plants suffer from a lack of basic 
nutrients such as nitrogen, phosphorous, and potassium, which results in 
low crop productivity. Artificial Intelligence- based technological 
recommendation has enabled farmers to produce supplementary output 
with reduced input and even improved output quality, ensuring quick 
go-to-market for yielded crops. The farmers will be operating 75 million 
connected devices by 2020. The average farm is anticipated to generate 
an average of 4.1 million data points per day by 2050 [8]. Crop pro
tection against various weeds, pests, and diseases also plays a vital role, 
and faulty agriculture practices may lead to an increase in the cost of 
cultivation. Agricultural losses caused by diseases after harvest can be 
disastrous. Therefore, the foremost activity is to go through AI appli
cations in agriculture forsoil and crop management.

3.6.1. Soil management
Both a soil description and a soil classification are essential for pre

cise soil management. The description of soil represents the physical 
nature and state of the soil, whereas soil classification deals with the 
severance of soil into different groups, and each one has equivalent 
characteristics and potential behavior. An integral part of agricultural 
activities is soil management, as soil acts as a reservoir of nutrients, 
water, minerals, and diversified microbes. The health and productivity 
of the "cornerstone of life" or "magic carpet" (soil) beneath our feet help 
us attain the climate and biodiversity targets, build a clean and circular 
economy, reverse biodiversity loss, and protect human health.

Balanced applications of both organic sources in large quantities and 
inorganic sources in small quantities are very important for sustaining 
soil health. The application of organic materials like compost and 
manure improves the soil’s quality, porosity, and aggregation, pre
venting soil crust formation. Soil-test-based fertility management is a 
valuable tool for building up the productivity of agricultural soils that 
have extremes in spatial variability. International Business Machines 
(IBM) created a micro-fluidic chip inside a card that performs chemical 
analysis of soil and an AI-driven machine vision algorithm that estimates 
the colorimetric test value better than the normal human eye. An arti
ficial neural network (ANN) estimates field capacity and soil moisture 
content [62]. An artificial neural network (ANN) model forecasts soil 
texture information using characteristics derived from existing 
coarse-resolution soil map sand hydrographic parameters derived from a 
digital elevation model (DEM) [63]. Higher-order neural networks 
(HONN) are useful for understanding soil moisture flux [64]. Support 
vector machines (SVM) were the first statistic-all-earning theory foun
dations to be introduced [65]. Soil mean weight diameter predicted by 
machine learning tactics [66]. Sarkar et al. [67] reported that the soil 
risk characterization decision support system (SRC-DSS) is useful for 
identifying contaminated soils. The AI technologies can also be useful 
for estimating biological parameters like soil enzyme activity. ANN a 
better predictor or than multiple linear regression (MLR), and a digital 
terrain model-(DTM) attached to ANN has been discovered, resulting in 
better mapping of soil enzyme activity [68]. The Extreme Learning 
Machine (ELM) technique is useful not only for sorting but also for 
prophesying soil fertility indices and pH levels in the north-central 
lateritic region of Kerala, India [69].

3.6.2. Crop management
Crop management begins with seed sowing and continues with 

examining growth, harvesting, storage, and supply. Physical monitoring 
of large farms by farmers is highly impossible, and it can absolutely bed 
one using computer vision systems. Crop monitoring by AI technologies 
is very much required, thereby reducing human interventions in 

practice. The application of AI technologies is further explained con
cerning different crop management practices like sowing, nutrient and 
weed management, pest and disease management, and harvesting.

3.6.2.1. Sowing. Lack of awareness and faulty practices due to the poor 
literacy of farmers are soem of the reasons for climate change, which 
makes farmers extremely vulnerable to crop loss. As such, the sowing 
date is considered a key factor for farmers to have fruitful harvests. Very 
often, sowing is completely dependent on rain. If sowing is not done at 
the optimum time, it results in huge losses due to the costs incurred for 
seeds, fertilizers, and land preparation. In this context, digital agricul
ture aided by advanced technologies like AI will truly benefit millions of 
farmers. Microsoft collaborated with the International Crops Research 
Institute for the Semi- Arid Tropics (ICRISAT) in Telangana, India, to 
develop an AI sowing app that proved and escorted farmers to 30 % 
higher yields (Fig. 9) by notifying farmers of optimal sowing dates based 
on weather, soil, and other indicators. The best part is that farmers do 
not need to spend money installing sensors in fields or purchasing smart 
phones; all they need is a mobile device that can receive text messages 
[70]. A precision seeder equipped with a Real-Time Kinematic Global 
Positioning System (RTKGPS), optical seed detectors, and a data logging 
system are found to be effective in high-precision seed position mapping 
in sugar beet fields [71].

3.6.2.2. Nutrient management. The primary causes of lower nutrient use 
efficiency (NUE) are a) insufficient synchronism between fertilizer N 
and crop requirement, b) homogeneous nutrient applications for 
spatially variable topography that frequently varies in crop nutrient 
need, and c) temporary variability of crop nutrient requirement. 
Management-oriented modeling (MOM) is an effective tool for checking 
nitrogen leaching [72]. The ANN model can estimate soil nutrients but is 
restricted to only NH4 after erosion. Song and He [73] stated that the efficacy of a 

developed system was improved by joining an expert system with an artificial 
neural network for estimating the nutrient status of crops. Lemmon [74]
developed an expert system called "Cotton Management Expert 
(Comax)" and also expanded his contributions by developing a 
micro-computer-friendly programme entitled "Gossym" that reinforces 
the utilization of Comax. Comax and Gossym are jointly employed for 
simulating cotton crop growth [75]. Above all, COMA is used for 
retaining nitrogen content in fields, scheduling irrigation, and growth in 
the cotton crop. Tremblay et al. [76] developed a field-and crop-specific 
fuzzy inference system (FIS) to predict optimum N fertilizer rates.

3.6.2.3. Water management. Irrigation is one of the most labour- 
intensive agricultural processes. Application of water to the field 
should follow the 4 R’s for sustainable water use, proper plant growth 
and development devoid of pests and diseases, and overcoming over 
utilization of water resources. Saxena et al. [65] stated that around 70 % 
of the world’s fresh-water is used for irrigating crops; hence, the 

Fig. 9. Schematic representation of AI sowing app helping farmers as suggested 
by ICRISAT.
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consciousness of AI leading to automation would have a big impact on 
saving water loss in agriculture. The manual irrigation based on soil 
water measurement was replaced by automatic irrigation scheduling 
techniques, and plant evapotranspiration, which is dependent on 
various atmospheric parameters and crop factors, was taken into 
consideration while implementing self-directed irrigation machines. 
Water from various sources is available to the crop, but water losses 
occur. The sensor in the root zone detected the water stress, and irri
gation is recommended (Fig. 10).

A neuro drip irrigation system was developed by using ANNs to 
predict the spatial distribution of water in the subsurface [77]. An 
estimation of soil moisture in paddy fields using less meteorological data 
was made possible with two ANN models [78]. Maier and Dandy [79]
implemented neural networks to predict and forecast water resource 
variables. Arvind et al. [80] developed a model using an Arduino 
micro-controller and database Zig Bee technology for analyzing the 
water requirements of a crop planted in a field for its entire lifecycle. 
Different researchers have used different algorithms for irrigation 
management in crop fields, as presented in Table 3.

An automated irrigation system with an Arduino micro-controller for 
reducing manpower and time spent in the process of irrigation was 
developed by Jha et al. [75]. Dai et al. [92] developed an ANN model for 
predicting the response of crops to soil moisture and salinity but 
considered only soil temperature and texture as factors. Plant [93]
developed CALEX, which helps in scheduling guidelines for crop man
agement activities, but the shortcoming is that it takes time. Lal et al. 
[94] implemented PROLOG, which removes less-used farm tools from 
the farm and is location-specific. A smartphone application named 
Cotton Smart Irrigation App (Cotton App) [95] and IGdroid [96] were 
developed to schedule irrigation in the cotton crop and other crops. 
Bartlett et al. [97] developed Water Irrigation Scheduling for Efficient 
Application (WISE), a smartphone application for better use of water 
resources. Perea et al. [98] implemented a multiplatform application for 
precision irrigation scheduling for the strawberry production sector in 
2016, using both PC and Android devices. Bluleaf, a smartphone irri
gation scheduling tool by Saab et al.[99], uses crop, soil, weather, and 
irrigation system data to support farmers in the water application pro
cess and scheduling irrigations. ANN feed-forward and 
back-propagation technologies to optimize the water resources in a 
smart farm is developed by Dela Cruzetal[100].

3.6.2.4. Weed management. The major concern for the farmers in the 

Fig. 10. Water inflow and losses and detection of water stress by sensor.

Table 3 
Use of Artificial Intelligence for water management by different algorithm.

Sl. 
No.

Algorithms Method of 
evapotranspiration/ 
desired calculation

Advantages/ 
results

References

1. PLSR and 
other 
regression 
Algorithms

Evapotranspiration 
model

Increased 
efficiency and 
economic 
feasibility

[81]

2. ANN ​ Prediction of 
ETo using 
weather 
variable to 
decide 
irrigation 
scheduling

[82]

3. Artificial 
Neural 
Network 
based 
control 
system

Evapotranspiration 
mode

Automation [83]

4. Fuzzy Logic FAO Penman Monteith 
method

Optimization [84]

5. ANN 
(multilayer 
neural 
model), 
Levenberg 
Marquardt, 
Back 
propagation

Penman-Monteith 
method

Evaporation 
decreased due 
to schedule 
and savings 
observed in 
water and 
electrical 
energy

[85]

6. ANN Penman-Monteith 
equation and 
Hargreaves equation

Estimation of 
ETo using daily 
data on solar 
radiation, 
humidity, 
temperature 
and wind 
speed.

[86]

7. Fuzzy Logic Fuzzy logic irrigation 
algorithm

Experimental 
results 
verification. 
Can be applied 
to home 
gardens and 
grass

[87]

8. Machine 
Learning 
Model

Decision Trees, 
Random Forest, Neural 
Networks, and Support 
Vectors Machines

Adaptive 
irrigation 
management 
using machine 
learning to 
predict the 
time of the day 
for irrigation 
using the air- 
soil humidity 
and 
temperature, 
the current 
time of the 
day, wind 
speed, and 
direction data.

[88]

9. ANNFeed 
Forward, 
Back 
propagation

MATLAB Neural 
Network

Optimization 
of water 
resources in a 
smart farm

[89]

10. Fuzzy Logic 
Controller

Penman–Monteith 
method

Drip irrigation 
prevents 
wastage of 
water and 
evaporation

[90]

11. Machine 
Learning 
Algorithm

Sensors, Zigbee, 
Arduino 
microcontroller

Prediction and 
tackle drought 
situations

[80]

(continued on next page)
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field is reducing the interface between crop and weed. Now-a-days, 
weeds are alarming as they are silent robbers of water, nutrients, sun
light, and space and thus compete with crops, thereby declining in yield 
and crop quality. The competitiveness of crops and weeds, plant and 
weed populations, time of surfacing weeds relative to crops, duration of 
weed presence, and propinquity of weeds relative to crops are the factors 
responsible for weeds reducing crop yield. Proper application of herbi
cides with the right quantity, selectivity of herbicides, method, and 
timing of application is very important for weed management; other
wise, it not only destroys the crop yield but also creates disturbance in 
the environment and humans. Weed infestations are often a distributed 
non- uniformly in agricultural fields. Site-specific weed management 
plays a vital role in the growth and development of weeds varying 
temporally and spatially to reduce environmental and economic costs. 
The manual way of applying herbicides may not be accurate, so the use 
of embedded AI technologies can sort out the issue. Weeds can be 
detected with the aid of image analysis and neural networks with a 
precision of > 75 % [101]. The difference between the weedy crop and 
the desired crop is striking. Möller [102] reported that a convolutional 
neural network (CNN) equipped with many algorithms could identify 
weeds in a crop. Pasqual [103] developed a rule-based expert system for 
recognizing and removing weeds in crops such as oats, barley, triticale, 
and wheat. Machine learning (ML) algorithms such as ANN, decision 
trees, deep learning, and instance-based learning are used for simulating 
efficient models for weed detection [104]. With Learning Vector 
Quantization (LVQ), ANN has a high weed identification rate with a 
short processing time [105]. Digital Image Analysis (DIA), GPS con
tained > 60 % accuracy, and a success rate of four years was obtained, 
so the major drawback with this model is time consumption [106]. 
Saloma, is an expert system for weed management evaluation and 
forecasting [107]. Its benefits include a high adaptation rate and a high 
prediction level, but its drawback is that it requires big data and usage 
expertise. Some sensors that primarily focus on very few specific spectral 
bands (one or two) are called optoelectronic sensors [108]. Identifica
tion of weeds in sugarcane crops could be performed by using the fuzzy 
real-time classification algorithm (FRTCA) [109]. VGG16 and VGG19 
are convolutional neural network (CNN) architectures, and both vary in 
the number of weighted layers in the model (in the case of VGG16 and 
VGG19) implemented for semantic demarcation of oilseed rape images 
composed of a complex field condition with excessive weeds. The pro
cess of computation in VGG-19 takes more time and is more expensive 
because it contains excessive parameters that make the generated 
network less suitable for real-time applications than VGG-16. As a result, 
Abdalla et al. [110] concluded that the VGG-16 encoder model out
performs the VGG-19 encoder model for semantic demarcation of oil 
seed rape images derived from a complex field situation with high weed 
pressures.

3.6.2.5. Pest management. Environmental protection can be achieved 
by decreasing pesticide usage. The two important factors for a healthy 
crop stand in precision farming are the timely identification and clas
sification of crop pests and diseases and their management. Delays in the 
above-mentioned activities may result in pest population and infestation 

crossing threshold levels in a large portion of the field, resulting in a 
reduction in crop yield. Some pathogens become dormant in the soil 
after the harvest of the preceding crop, but they aggravate with the 
succeeding crop as they act as hosts. Exact inspection of the field is 
critical in rescuing from pathogens. Alalm and Nasr [111] stated that, 
with the aid of artificial intelligence, information is gathered to use 
pesticides exactly where affected plants are located. The Fuzzy Xpest 
provides pest information for farmers with high precision in forecasting, 
but it is internet-dependent [112]. The FL/TTS converter has been 
developed by Kolhe et al. [113] to resolve plant pathological problems 
swiftly, but it requires high-speedinternet and utilizes a voice service as 
its multimedia interface. Li and Chao [72] evaluated the amalgamation 
of convolutional neural networks (CNN) and generative adversarial 
networks (GAN) compared with a regular CNN approach for the iden
tification of crop pests and plant leaves. In regular CNNs, lack of 
recollection causes an imbalance between old and new tasks, and they 
are limited to single tasks, whereas the combination of CNN and GAN 
can outperform regular CNNs because can gather knowledge and ease 
forgetting. On the other side, Li and Chao [72] stated that CNN is rela
tively easy to access, while the generative adversarial network (GAN) is 
unstable, hard to train, and certainly requires experience. The TEAPEST 
and Tea object-oriented expert systems were applied to 65 fields and 
obtained almost acceptable results [114]. The Tea Radial Basis Function 
Networks Modified TEAPEST, proposed by Banerjee et al. [115], detects 
pests with an accuracy of 99.99 %, which is superior to TEAPEST, i.e., 
90 %. A major drawback is that it only identifies the three main pests of 
the tea crop and is restricted to only tea and not all cash crops. Pasqual 
and Mansfield [116] developed the general crop rule-based expert sys
tem PEST (Pest Expert System) for the identification and control of in
sects. AnMLP (Multi-Layer Perceptron) neural model was used for 
detecting granary weevil in stored wheat grains by x-ray images of 
damaged wheat kernels [117]. Microsoft, in alliance with United 
Phosphorus Limited (UPL), is manufacturing a pest risk prediction API 
that leverages AI and machine learning to indicate in advance the risk of 
potential pest attacks based on the weather conditions and crop growth 
stage. Pest attacks are predicted as high, medium, or low [118]. Kramers 
et al. [119] designed the expert system EXSYS for diagnosing flower 
bulb diseases, pests, and non-parasitic disorders.

3.6.2.6. Disease management. Various agricultural producers are strug
gling to overcome the risks caused by diseases incrop fields. Diseases are 
of major concern to the farmers. Proper experience and proficiency at 
the right time are necessary to notice a sick plant and take the necessary 
steps for recovery. Biotic and abiotic factors are responsible for the in
cubation of diseases in crops. In such a scenario, having keen knowledge 
about the causative influence of disease and its management is a big 
question in large-scale farming. BEA [120] reported that to overcome 
the losses incurred due to diseases, integrated disease control manage
ment is necessary but is time-consuming and costly (Weed Science So
ciety of America). This solution can also be replaced with a 
computer-aided system to make it possible in a more precise manner. 
Hence, it is a prerequisite for AI applications to control diseases and 
their management [121,122]. The study of AI applications for detecting 
diseases of different crops has been presented in Table 4. For disease 
prediction based on leaf wetness duration, a fuzzy logic-based model 
was implemented. To begin, the image segment of the leaf image was 
pre-processed into three parts: the background, the diseased part, and 
the healthy part. Then the cropped, diseased part was sent to remote labs 
for further diagnosis. Sasaki and Suzuki [123] developed an automatic 
diagnosis system for plant disease using genetic programming. Balleda 
et al. [124] created a computer vision system (CVS), a genetic algorithm 
(GA), and an artificial neural network (ANN) that are multitasking and 
fast but have dimension-based detection, which may affect good species. 
Munirah et al. [125] created an expert system for disease detection 
based on a rule-base that was faster, more cost-effective, and 

Table 3 (continued )

Sl. 
No. 

Algorithms Method of 
evapotranspiration/ 
desired calculation 

Advantages/ 
results 

References

12. Machine 
Learning 
Model

KNN, GND, SVM, ANN, 
DT

The top two 
models are 
ANN and KNN, 
which have an 
accuracy of 
90 % and 
98 %, 
respectively

[91]
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time-consuming. A comparison was done between the performance of 
machine learning (ML) and deep learning (DL) methods to notice and 
recognize crop diseases [126] like citrus plant leaf disease [127] and 
tomato diseases [128]. Kolhe et al. [113] implemented the FL 
Web-Based, Web-Based Intelligent Disease Diagnosis System (WIDDS), 
which has good accuracy and responds rapidly to the nature of crop 
diseases, but requires the internet and is limited to four seed crops. The 
hop plant rule-based expert system named Corac was developed by 
Mozny et al. [128] for identifying downy mildew, hop aphids, and 
weevils. The fuzzy inference system uses the "IF…THEN" condition type, 
which predicts plant disease based on weather data [129]. The POMME 
was used in the apple scab disease cycle model [130]. The grading of leaf 
diseases can be done accurately by using a fuzzy inference system [131]. 
The SMH method (Support Vector Machine, Maximally Stable Extremely 
Regions, and Histograms of Oriented Gradient Method) proposed by Liu 
et al. [132] is used for detecting aphid attacks on wheat crops. Chung 
et al. [133] proposed a method to identify three-week-old rice seedlings 
infected with Bakanae disease, which is caused primarily by the fungus 
Fusarium fujikuroi. Convolutional neural networks (CNN) generate dig
ital images depicting soybean diseases [134]. A computer vision method 
was used for automatic detection of disease-causing organisms for leaf 
spot in rice by using the MCW (Marker-Controlled Watershed) algorithm 
and the SLIC algorithm (Simple Linear Iterative Clustering) [135]. 
Border/Interior Classification (BIC), histogram, and WDH (Wavelet 

Table 4 
Different studies using AI for detecting diseases of different crops.

Sl. 
No.

Crop Disease Proposed Model/ 
Application Name

References

1 Rice Tungro, Blast, Brown spot 
and Bacterial blight

Random Forest 
+ Naive Bayes 
+ SVM

[141]

Bacterial leaf blight, 
Sheath blight, Leaf blasts, 
Leaf smut and Brown 
spots

Random Forest 
Classifier and R-CNN 
with VGG− 16

[142]

Hispa, Leaf Blast and 
Brown spot

You Only Look Once 
(YOLO) v5

[143]

ResNet34 [144]
Leaf Smut, Brown Spot, 
Bacterial Leaf Blight

CNN with 15-layer 
architecture

[145]

A hybrid CNN 
(Inception ResNet)- 
SVM model

[146]

Red blight, Rice blast, 
Aphelenchoides besseyi, 
Leaf smut, Bacterial leaf 
streak, Bacterial leaf 
blight, Brown spot and 
Rice sheath blight

GoogLeNet (E- 
Inception module)

[147]

Tungro, Brown spot and 
Bacterial blight

A vulture-based 
Automatic Graph 
Neural Network 
(VAGNN) was 
proposed for RLDC

[148]

Leaf Smut, Brown spot 
and Bacterial blight

Naïve Bays, K- 
Nearest Neighbor, 
Random Forest, 
Decision Tree, Linear 
Regression

[149]

Sheath spot, Grassy stunt 
virus, Brown spot, Sheath 
rot, False smut, yellowing 
motel, Sheath, Leaf scald, 
Eyespot, Blast, tungro 
virus, kernel smut, 
Footrot, Leaf smut, 
Sheath blight, ragged 
stunt, Bacterial leaf 
streak, Crown sheath rot, 
Flag leaf sheath, Powdery 
mildew, Bacterial blight, 
Narrow brown leaf spot, 
and Pecky rice (kernel 
spotting)

VGG− 16 and 
Google Net

[150]

Leaf Smut Bacterial Leaf 
Blight and Brown spot

DenseNet169-MLP [151]

Neck blast, Hispa, 
Tungro, Bacterial blight, 
False smut, Blast, Brown 
spot and Stemborer

RDD_CNN model 
(automated Rice 
Disease Diagnosis 
System (RDDS))

[152]

Rice blast, Brown spot 
and Bacterial leaf blight

​ [153]

Hispa, Leaf Blast and 
Brown spot

E-crop doctor (app) 
and a user-friendly 
chatbot (docCrop)

[154]

Leaf smut, Bacterial leaf 
blight and Brown spot

Optimal Weighted 
Extreme Learning 
Machine 
(CNNIROWELM) 
and Inception with 
ResNet v2 based on 
Convolutional 
Neural Network

[155]

Rice leaf blast, Brown 
spot and Rice Hispa 
damage

Depthwise separable 
neural network with 
Bayesian 
optimization 
(ADSNN-BO)

[156]

Sheath Blight Back propagation 
(BP) neural network

[157]

Table 4 (continued )

Sl. 
No. 

Crop Disease Proposed Model/ 
Application Name 

References

Sheath rot, Brown spot, 
Bacterial blight and Leaf 
blast

DNN-JOA [158]

​ Wheat Brown rust (Leaf rust), 
Yellow rust(Stripe rust) 
and Black rust (Stem rust

Efficient Net B4 [159]

Fungal Diseases like 
Powdery mildew, rust and 
septoria

FCM technique 
called marker and 
mask-based 
membership filtering 
(M3FCM) which is 
faster and more 
reliable

[160]

Fusarium head blight ​ [161]
​ Corn Northern maize leaf 

blight
CEMLB-YOLO [162]

Common rust Blight 
disease and Gray leaf spot

3D-DCNN-EOS [163]

Gray Leaf Spot, Blight and 
Common Rust

AlexNet-Inception [164]

Gibberella stalk rot, 
Anthracnose leaf blight, 
Northern corn leaf spot, 
Eyespot, Anthracnose 
stalk rot, Southern rust

NPNet− 19 [165]

Fungal Foliar disease, 
Northern Leaf Blight/ 
Turcicum Leaf Bligh

Attention U-Net [166]

Northern Corn Leaf 
Blight, Gray Leaf Spot and 
Common Rust

Deep convolutional 
neural network 
(CNN) model

[167]

Eyespot, Puccinia-sorghi, 
Southern rust, Healthy 
Samples, 
Exserohilumturcicum, 
PDD DB with Downy 
mildew, Northern leaf 
blight, Cercospora- 
zeaemaydis

The Deep clustering 
(RDC) algorithm 
integrates the 
efficacy of 
convolutional 
autoencoder models 
with local structure 
preservation 
constraints and 
regularization 
techniques.

[168]

Rust, Gray spot and Leaf 
spot

CNN model [169]
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Decomposed Color Histogram) for evaluation of the detection of diseases 
in soybean leaves [136]. Sun et al. [137] investigated and concluded 
that the DBN (Deep Belief Network) model provided the best results in 
recognizing the fungal colonies in rice. K-means segmentation algorithm 
was developed in a system by Al-Hiary [138] and Al Bashish et al. [139]
For wheat disease diagnosis, a web-based expert system was developed 
by Khan [140].

3.6.2.7. Harvesting. Harvesting the produce at the right time is very 
crucial for farmers to get the desired output and continue the food 
supply chain, and this activity is going wrong due to faulty practices like 
early or delayed sowing and due to weather abnormalities, and in the 
worst scenario, the entire crop goes to waste due to climate change. All 
of these factors point to the adoption of AI technology for harvesting at 
the optimal time. NITI Ayog, the Government’s policy think tank, 
collaborated with IBM to create a crop yield prediction model that uses 
artificial intelligence (AI) to provide real-time advice to farmers in some 
Indian states. The Gobasco is an artificial intelligence-based platform 
that helps with procurement optimization and yield prediction solutions 
for the agriculture sector [170]. An expert system, "PRITHVI," based on 
fuzzy logic using MATLAB as a user interface module useful for 
increasing soybean production was developed in Rajasthan, India [171]. 
Snehal and Sandeep [172] developed an ANN model for the prediction 
of crop yield, capturing weather as a factor for crop yield. An expert 
system was designed by Landry [173] to control potato storage envi
ronments. Papageorgiou et al. [174] developed a fuzzy cognitive map 
for predicting cotton yield and improving crop decision management, 
but it is relatively slow. The ANN model can accurately predict rice 
yield, but it is time-consuming and limited to a particular climate [175]. 
Ayed and Hanana [55] stated that different ML algorithms can be used 
for crop yield prediction, such as the Bayesian network, regression, 
decision tree, clustering, deep learning, and ANN. The hyperspectral 
datasets and the AlexNet CNN deep learning model were used to classify 
the strawberry fruits into early-ripe and ripe stages [176]. Bargoti and 
Underwood [177] used R-CNN in fruit detection in orchards by keeping 
the VGG-16 NET with its 13 convolutional layers and also the ZF 
network, which has 5 convolutional layers. A multi-layered feed-for
ward ANN (MLFANN) was developed by Singh and Prajneshu [178] for 
detecting the yield of the maize crop by keeping algorithms like GDA 
(gradient descent algorithms) and CGDA (conjugate gradient descent 
algorithm), which are simulated in MATLAB using the neural network 
toolbox.

4. Conclusion

The agricultural industry has been facing several challenges, 
including a shortage of labour, efficient irrigation systems, weeding, 
plant monitoring, etc. To overcome all these challenges, the use of 
modern technology for sustainable farming through efficient resource 
utilization remains a great necessity. Undoubtedly, artificial intelli
gence, being a revolutionary innovation, brings prosperity to Indian 
agriculture. Plant surveillance is also no longer a burden. Artificial In
telligence (AI) is reforming agriculture by enhancing competence, pro
ductivity, and sustainability. The advanced technologies such as 
computer vision, machine learning, and predictive analytics, AI facili
tates precise decision-making in crop management, pest control, soil 
health monitoring, and resource optimization. It facilitates smart 
farming practices by automating labour-intensive tasks, decreasing 
input wastage without compromising on quality. Additionally, AI-driven 
innovations like drones, robotics, and IoT-based sensors are renovating 
traditional farming into a data-driven industry. AI can provide cheaper 
solutions, and a digital economy like India has a great chance to easily 
adapt AI technologies.
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