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ABSTRACT

The global demand for food continues to increase as the world population grows. Traditional as well as
mechanized methods of farming have been perfected over the years to get better yields. However, in the wake of future
food demands, they seem inadequate. Primarily because of human limitations associated with key farming activities
such as soil preparation, weeding, spraying, irrigation, disease and pests identification, harvesting and quality control.
Similar limitations can be found in animal husbandry operations such as a poultry farm, pig farm or a cattle farm. Here,
artificial intelligence (Al) powered unmanned ground vehicles, robots, and unmanned aerial vehicles equipped with a
multitude of sensors are now able to perform several of these activities efficiently with minimal human intervention.
This manuscript is a non-systematic review that discusses the current status of recent Al developments in agriculture.
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INTRODUCTION

In the 21%century, the current world
population of 8 billion is expected to reach 9.8 billion
by 2050 '(Prudhomme and Matsueda 2022). The
global demand for food is expected to increase by up
to 56 per cent by 2050 (van Dijk et al. 2021). The
world's arable land has decreased from 0.3 hectares
per person in 1961 to 0.18 hectares per person in 2022
(The World Bank 2022). Therefore, food production
must increase by 70 per cent by 2050 (FAO 2009). The
key challenges with current agriculture methods
such as lack of precision, high labor cost, higher time
requirement can be overcome by smart farming
(Walter et al. 2017). Smart farming (Walter et al. 2017)
or digital agriculture (Mushi, Di Marzo Serugendo
and Burgi 2022) or e-farming or Agriculture 4.0
(Clercq, Vats and Biel 2018; Polyakov 2021) is the
next agricultural revolution after the green
revolution from 1950's. These technologies harness
the power of the internet, data, sensors and
information technology. Artificial intelligence or Al
can be thought of as a software program that can
take data as an input to learn hidden patterns within
the data to create a model that can make predictions,
Figure 1. Thus, using an Al powered application or
machine it is now possible to use real time farming

data to get predictions, make recommendations or
automate processes. This type of data driven
approach to farming would reduce guess work and
ensure that optimal farming practices are followed
(Linazaet al. 2021).
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Figure 1: Conceptual stages of Al implementation on a farm.
Data generated by sensors on the farm is used to train or
build an Al model. Such a trained Al can take new farm data
as an input to make a reasonable prediction or a
recommendation.

Currently there are over 6.5 billion active
smartphone users in the world today (Statista
2022a). Thus, it is feasible to reach out to a large
population with an Al powered software
application that can be installed on a smartphone.
Such an app can be used on the field to perform a
task such as identifying the type of disease on a plant



by taking a picture of a leaf using the built-in camera
in a phone. Incredible as it sounds, there are over
150+ mobile apps on plant pest and disease
identification alone (Sibanda, Iyawa and
Gamundani 2021). Additionally, agriculture robots
is a USD 9.3 billion market today and is expected to
grow to USD 35 billion by 2030 (Statista 2022b).
Therefore, this non-systematic review attempts to
present an overview of the current status of
adoption of Al in various sectors of agriculture
around the world. It may be noted that the review
purposely avoids technical discussion of deep
learning algorithms used to develop an AL

DISCUSSION

This section discusses the applications of Al
in the following areas related to agriculture:
preparatory farming activities, during farming
activities, post farming or harvesting activities,
technology transfer, value added activities,
activities in agriculture other than farming and
socio-economic and political motivation.

1.1 Preparatory farming activities

Activities to prepare the soil for sowing may
be considered as a preparatory farming activity. In
traditional farming, soil samples are randomly
collected from different regions of a farm for
chemical analysis to assess the condition of the soil.
Accordingly, actions are taken such as
proportionally adding more or less fertilizer in
specific regions of the farmland. In Smart Farming,
this goes a step further to add more precision to soil
mapping (Eli-Chukwu 2019). For example, a camera
on a flying drone captures the topography and color
of the soil in a farm (Huuskonen and Oksanen 2018).
This data is used to create a soil map (W. Dong et al.
2018). The map is then used to identify soil sample
collection points in the field. Such stratified random
soil sampling gives an accurate assessment of soil
condition (Huuskonen and Oksanen 2018). Thus, it
is possible to precisely control the amount of
fertilizer that needs to be added to each segmented
zone in the soil map. In this soil mapping step, soil
samples could be analyzed for several other
parameters such as moisture content, inorganic
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nutrients, pH, and ash content.

Another preparatory step in farming is
plotting, where farmland is divided into several
plots for sowing specific types of seeds. Here, each
plot can then be demarcated into grids to sow seeds
in a specific pattern and at a predetermined inter-
plant distance. While these activities can be done
manually on a small size farm using a measuring
tape, it would be exceedingly difficult for farms with
large areas. It is here that Al based applications
could help in plotting. For example, data from flying
drones equipped with GPS (global positioning
satellite) sensors could be used to get an accurate
dimension of the plots that could be designed on a
computer (Andritoiu et al. 2018; Huuskonen and
Oksanen 2018). These plot layouts can then be used
as an input to GPS enabled unmanned ground
vehicles that could traverse to the identified
coordinates on the field to perform operations such
astillage of soil (Lima et al. 2021; Alagbo et al. 2022).

1.2 During farming activities

After the soil is pre-processed and ready,
then sowing can start. Traditional sowing methods
include either manual sowing using an animal
driven vehicle or a motor powered vehicle driven by
a human driver. In each of these cases, one of the
limitations is downtime. While a motorized sowing
may be faster and more accurate than manual
sowing using an animal driven vehicle, there is still
the need to take pause or break during the sowing
operation for a human operator. However, in
unmanned vehicles there is no need for a human to
drive the vehicle (Vrochidou et al. 2022). An Al
system can easily take the sowing path as an input
and independently perform the sowing operation
continuously during the day or night without the
need to stop for a rest (Ha et al. 2018). Thus Al could
help to drastically cut down on the time taken for
such laborious activities (Ha et al. 2018).

Weed control is another challenging activity
that is performed during farming (Aarhus
University, Denmark ef al. 2022). It is important to
remove the weeds because they compete with the
crop plants for food, water and sunlight to grow.
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Several methods have been developed to remove
weeds. One of the methods is to spray herbicides on
the weed plants. The task of spraying is traditionally
done by a human operator either by using a machine
or a hand held sprayer. There are several limitations
of this method such as safety of the operator,
spraying efficiency, and lack of precision. Al can
help in managing weeds (Terra et al. 2021). A drone
equipped with a camera can take a video of the entire
farm (Ukaegbu et al. 2021). Such a camera can take
video with not only visible light but also in the near
infra-red (NIR) spectrum of light (Costello et al.
2022; Liu et al. 2022). Such video footage can then be
used to: (1) train an Al to identify weed plants
among the crop plants, and (2) quantify the amount
of weeds in the field (Costello et al. 2022; Liu et al.
2022). Thus, an UAV could then be used to spray
weed removing chemicals selectively only on the
weed plants (Imran Moazzam et al. 2022, U.
Ukaegbu et al. 2022). Also, unmanned ground
vehicles can traverse through the field to selectively
uproot the weed plants (Machleb et al. 2021).

Monitoring plant health for early disease
diagnosis is another important activity performed
during farming (Borhani, Khoramdel and Najafi
2022). It is here that the plants are checked for any
diseases or insects that may negatively affect their
growth (Yunet al. 2022). While manual identification
of a disease or insects is reliable, it does require that
samples of plants be taken on the field and then sent
out to a laboratory for analysis. Later, after looking
at the laboratory test results, a farmer decides the
next steps to manage the disease or insect
population. Here, Al can not only help speed up
identification of a disease or a type of insect but also
in some cases substantially minimize the need for
laboratory testing. For example, a farmer could take
a picture of the affected plant and an Al powered
App could identify the disease or pests from the
picture (Selvaraj et al. 2019; Borhani et al. 2022; Haque
et al. 2022; Siddiqua ef al. 2022) and suggest
corrective steps. This type of immediate feedback
could help take immediate action and minimize
delays in taking corrective action. Moreover, plant
wearable sensors have been also proposed that can

monitor plant health based on local environment
conditions around the plant (Nassar et al. 2018).

Al could also help to identify nutrient
deficiencies in plants (Aleksandrov 2022).
Monitoring plant health can inform on the need for
fertilizer and water in the farm (Swaminathan et al.
2022). A UAV could traverse over the plants and
analyze the video camera feed in real-time to assess
the health of the plants (Fahey, Gardiand Sabatini
2021). The AI could then inform which zones in the
field need more water than others (Mwinuka et al.
2022). Thus, a farmer could prioritize irrigating
regions of the farm that need more water (Ahansal et
al. 2022). Additionally, water status in fruits, such as
cherry, can be monitored to determine the stress
level to plants by Al driven scheduled irrigation
(Carrasco-Benavides et al. 2022).

An Al powered vehicle could also help to
add fertilizer or other nutrients to the plants (Ji et al.
2021). Traditionally, the fertilizer is randomly
sprinkled over a farm land that could result in
wastage of fertilizer and most importantly this
fertilizer could also fall within the reach of weeds (Ji
et al. 2021). These limitations could be overcome by
an Al that can selectively identify locations where
the fertilizer needs to be added either to the soil or to
be sprayed on a crop plant. Such targeted fertilizer
delivery would not only minimize the quantity of
fertilizer required to nourish the plants but also
selectively promote the growth of crop plants and
not the weeds. Over time, Al can not only monitor
current growth but also predict future growth rate of
plants (W. Liuetal. 2021).

Weather is another important parameter
that needs to be monitored during farming (Faid,
Sadikand Sabir 2021). For example, if a spraying
activity needs to be conducted, then the information
about wind speed would be vital. Thus, predictions
of days with low wind speeds could be identified for
optimal weather conditions for spraying. Likewise,
other forecasts around rainy days could help as well.
Thus, spraying activities could be halted until after
the predicted rainy days to avoid washout of the
sprayed solutions such as insecticides or pesticides.



Apart from monitoring the crop in one farm,
an Al could also use the data from multiple
neighboring farms to assess impact on the crops in
the farm of interest. Collectively, if Al is
implemented in neighboring farms then it could
form an information network to help monitor
farming activities and improve the effectiveness of
any implementations. For example, if a crop in a
particular area is infested by an insect, then spraying
in one field alone may not eliminate the risk of re-
infection. Because the insects from other fields could
spread back into the farm after the effect of
insecticide wears off. Here, an effective strategy
would be to spray all the neighboring farms with the
specific insecticide.

Pre-emptive measures could also be taken
in farms well before a full blown problem appears.
For example, if an Al identifies specific insects or
diseases in scans of a farm on a few plants, then
corrective measures could be taken immediately
before the disease spreads through the entire farm
affecting all the plants. Similarly, real-time data for
water quality in irrigation such as mineral content,
presence of bacteria, viruses may help take
preventive measures to minimize onset of any
negative impact of contaminated water on plant
health (Tousiet al. 2021).

Al can also help predict the optimal time for
harvest based on the data from the farm (Kim et al.
2019; Chang et al. 2021; Whitmire et al. 2021;
Oikonomidis, Catal and Kassahun 2022). This data
could be in the form of images of crops or could be
accompanied with other laboratory data. A picture
of a fruit could be analyzed by an Al to inform if it is
near-ripe and ready for harvesting. Similarly, other
crops such as cotton (Tedesco-Oliveira et al. 2020;
Maja et al. 2021; Feng, Vongand Zhou 2022), rice (Son
et al. 2020), corn, as well as vegetables such as
tomatoes (De Alwis et al. 2019), apples (Boechel et al.
2022), chillies and grapes could be analyzed by an Al
to inform about the optimal time for harvesting.
Furthermore, Al trained on historical data could
also help predict the crop yield per square units of
farmland. This information may help a farmer to
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take necessary steps in advance to plan for
harvesting machinery, labor, packaging, storage
space and other needed resources (Ramirez-Asis et
al.2022).

1.3 Harvestingactivities

Harvesting is another important step in
farming when the produce is collected either
manually or with the help of machines. Such
harvested produce then serves as an input to other
value added products or it is used by consumers as
is. The harvesting can begin at an optimal
predetermined time predicted by an Al The
methods for harvesting would vary substantially
depending on the type of crop such as cotton, fruits,
vegetables, or corn.

Harvesting fruits such as a kiwifruit
(Williams et al. 2019) or an apple (Zhang et al. 2020)
could be Al assisted. Figure 2 shows an example of
an Al that successfully identifies the fruit lemon.
Similar capabilities of an Al powered robotic vehicle
could scan a fruit tree to locate and count the number
of fruits using a video camera and other on-board
sensors (Fountas et al. 2022; Zhou et al. 2022). A
robotic arm (Williams et al. 2019) could move-in to
pick only those fruits that are classified as ready for
harvest and leave out otherwise (N. P. T. Anh et al.
2020; Montoya-Cavero et al. 2022). This approach
may increase production allowing the other fruits to
be picked at a later point in time. Moreover, quality
control and grading could be performed at this step
using an Al. For example, the picture of a fruit could
also be classified as healthy or diseased. If the fruitis
classified as diseased, then it could be discarded.
And if the fruit is classified as healthy, then it could
be graded based onits shape, color, weight and other
characteristics. These functionalities may drastically
cut down on labor costs, processing time and also
provide real-time data on the status of post
harvesting activities.



International J. of Ext. Educ. Vol. XVIII: 01-15, 2022 ISSN : 2319-7188

Figure 2: Al trained on 160 images of lemons on a tree (fop two rows). The bottom three images show that after
training, the Al was able to identify lemons in an image shown by square boxes. The Al identifies lemons amidst the
leaves and branches of a lemon tree (left) and lemons among onions (middle) and lemons among mangoes (right).

In case of other crops such as corn, an Al
powered UAV could survey the crops in a farm in
real-time by analyzing the pictures of plants and
corn cobs to determine if they are ready for harvest
or not yet ready. This scan data could then be
automatically analyzed to inform the farmer with a
statistic such as the percentage of mature cobs in the
farm and recommend if the crop is ready for
harvesting. Likewise, any standalone machinery
that performs the tasks of quality control could be Al
powered to automatically sort the produce coming
down a conveyor belt via analysis of a real-time
video scan.

1.4 Postharvestingactivities

In post harvesting the produce is stored,
packaged and transported to market (R. Concepcion
et al. 2021). Here, based on the pricing data from the
market, an Al could help predict the best time to sell
to get maximum returns on the crops being sold
(Guo, Woodruff and Yadav 2020; L. Nassar et al.
2020). After harvesting, UAV's could scan the
farmland to assess the quantity of plants or
vegetation that needs to be cleared for the next crop.
Accordingly, unmanned ground vehicles equipped
with tools to uproot stumps, chop plants and



automatically package them into bales could be set
to traverse along a pre-set path on the farmland.
Here, without any humans operating such vehicles,
the laborious work could be done by machines that
can run day and night. Subsequent activities such as
tillage could be then performed to aerate the soil for
the next crop. Again pre-farming activities could
begin as discussed earlier.

1.5 Technology transfer

e-Agriculture is an initiative by the Food
and Agriculture Organization of the United Nations
(FAO) to facilitate information exchange for
sustainable agriculture (FAO 2022). Technology
transfer from academia or industry to the farmers is
important (Florand Cisneros 2015). Because,
efficient transfer of new tools would allow farmers
to use them in various farming activities (Raj 2013).
For example, it took sixteen times less time and
about three times less cost to transfer agriculture
extension services using mobile devices to tribal
farming communities in north-east India as
compared to traditional methods (Raj 2013). Al
powered apps developed for devices such as mobile
phones are an easy way to transfer technology to
farmers. For example, iSharkFin can identify shark
species based on shark fin shapes (FAO 2021).
Similarly, the FAMEWS mobile app helps in
tracking the Fall Armyworm across sub-Saharan
Africa (FAO2022a). Here, farmers can install the app
on their mobile phone and use it on the field. These
days mobile phones are equipped with a camera and
GPS that can capture input data for the onboard Al
and thus allow geo-location tracking of pests (FAO
2022a) Moreover, Al powered apps such as Plantix
can analyze pictures of a plant leaf taken by a mobile
camera to inform a farmer if the leaf is healthy or
diseased (Madslien 2017, FAO 2022b). And if
diseased, inform on the type of disease and
corrective measures that could be taken to eliminate
the disease. Additionally, such Apps could be
connected on a network of databases such as 25
million crop photos with Plantix (Madslien 2017;
Conroy, Parletta and Woolston 2020) or more than
50,000 crop leave images with Plant Village (Borhani
et al. 2022) that collect real-time information related
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to specific agriculture activities for example weather
forecasts, available seed varieties, water shortages,
and current disease surveillance in a geographical
area. At the same time, the Apps could also collect
information from the farms and relay it back to the
academia or industry to help monitor performance
of the newly developed technology after it is
deployed in the farms. This could enable faster
iterations of technological improvements in
subsequent versions.

1.6 Agriculture in controlled environment in
greenhouses

A greenhouse is a covered space that has a
controlled environment such as humidity,
temperature, water and light to grow plants
(Hemming et al. 2020). The greenhouses make
optimal use of vertical space and thus can have
plants grown in stacked configuration of shelves
(Barauskas et al. 2022). It is here that Al powered
systems can monitor plant health by a real-time
video input (D. Long et al. 2019; Baar et al. 2022).
Additionally, the data from several sensors in the
greenhouse that measure various parameters such
as temperature, humidity, luminosity, soil moisture
level could also be input to the Al (S. Fernando et al.
2020; Soheli et al. 2022). Moreover, data from
scheduled laboratory test results, soil treatments,
plant treatments could be input to the Al Together
the Al cannot only help answer questions pertaining
to real-time conditions but also help predict future
parameters as well as make recommendations to
improveyield ina greenhouse.

1.7 Value added activities

In the marketplace, businesses that sell
produce sought from farms could use Al powered
technologies to assist with tasks such as grading or
quality control based on shape, size and color such
as of apples, or potatoes (Ebrahimi, Mollazade and
Arefi 2012; Papageorgiou et al. 2018; Ireri et al. 2019)
or sweetness of oranges (Al-Sammarraieet al. 2022).
A picture of grains of maize could also be classified
by an Al into various grade levels (P. S. Nishant et al.
2022). The image data on the texture and color of the
grains could also inform on parameters of grain
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quality such as its maturity or nutrient content.
1.8 Activitiesin animal farming

Al is also employed in other facets of
agriculture such as poultry farming (Debauche et al.
2020; Renetal. 2020), goat farming (Pu et al. 2022), pig
farming (Arulmozhi et al. 2021), cattle farming '(O
Mahony et al. 2019; Mahmud et al. 2021) or other
livestock (Bao and Xie 2022) to monitor several
aspects of daily activities. Al can help predict the
future weight of an animal based on the quantity
and quality of feed provided (Wang et al. 2021; Patel
et al. 2022). This could help in planning the feed
requirement for a given number of days in advance.

In the case of poultry farming, Al could be
used to assess the quality of eggs (Mota-Grajales et
al. 2019; C. -T. Chiang, Y. -H. Wu, and C. -H. Chao
2022). Disease outbreaks have a negative impact on
the chicken population, thus early detection of
diseases is important (Ahmed et al. 2021).
Pathogenic avian influenza virus costs billions of
dollars (Pillai, Ramkumar and Nanduri 2022).
Viruses from diseased chickens from a farm could be
unknowingly carried by workers to chickens in
another farm (Subedi et al. 2022). Disease induced
symptoms could be identified by an Al thus
preventing disease outbreaks. An Al powered
system could also perform tasks such as automatic
feeding cycles (Zhanget al. 2022), picking up eggs (Li
et al. 2021), removing dead chicken (H.-W. Liu et al.
2021; Li et al. 2022), aerating bedding material (Park
et al. 2022), vaccination and spraying disinfectants
(Q. Feng et al. 2021; Park et al. 2022). Ground robots
can navigate through a flock of chickens to perform
similar tasks (Vroegindeweij et al. 2018; Park et al.
2022). Such a robot could have onboard sensors that
measure temperature, relative humidity, ambient
light levels, and several gas types (Park et al. 2022).
The robot powered by an Al would be able to
distinguish between a chicken, an egg and any other
equipment (Park et al. 2022). Moreover, the audio
signals from inside the poultry farm can also be
classified by an Ai (Carroll 2018) to determine if a
chicken has a disease such as laryngotracheitis,
infectious bronchitis to take immediate action

(Quachetal. 2020; Huang et al. 2021).

Precision animal farming may be divided
into three main layers. In the first layer, various
electromechanical sensors generate real-time data
(Hajnal, KovacsandVakulya 2022). In the second
layer, this data is collected and stored in databases
(Mekonnen et al. 2019). In the third layer this data is
analyzed by an Al to take an action or make
recommendations (Mekonnen et al. 2019). The data
from sensors in the first layer could be of various
types such as (1) ambient temperature, (2) relative
humidity, (3) IR thermometer to measure
temperature of an animal, heart rate, respiration rate
(Liu, Wei and Zhao 2019; Zhang, Zhang and Liu
2019), (4) track the RFID tag attached to each animal
to know their movement (Yan and Li 2019; Li et al.
2020), (5) load cells to measure weight of an animal
(Ichiura et al. 2019), (6) video feed of animals from
various angles such as top view and side view to
analyze postures, abnormal behavior of animals
such as drinking, mounting, aggression and laying
(Wang et al. 2022), (7) sound monitoring such as
cough sound that informs on respiratory health of
animals (Wang et al. 2022), and (8) 3D cameras to
create a depth and point cloud map to estimate
weight of an animal (Wanget al. 2022).

The Al can also help in automatic mixing of
feeds and delivery monitoring of the feed to animals
(Wang et al. 2022). Thus avoid uneven food
distribution, injury, and wound infection to the
animals and subsequently minimize economic
losses. The Al can help monitor multiple aspects of
an animal's life. Computer vision can help to study
physiological changes in animals. Furthermore,
animal identification has been traditionally done by
a painful process such as punching the ear of the
animal or pinning a tag to the animal's ear.
Alternatively, Al can help to identify an animal
based on picture of its face without the need to injure
the animal (Marsotet al. 2020; Pu et al. 2022).

1.9 Socio-economic and political motivation

Some of the socio-economic challenges
attached to the implementation of artificial
intelligence in agriculture are: (1) ownership of data,



(2) cost of collecting the data, and (3) data security
(Rotz et al. 2019). Briefly, a prerequisite for building
an artificial intelligence powered tool to perform a
particular task needs a large amount of data. For
example, if Al needs to be built to detect a variety of
leaves, then it would take up to 50000 or more leaf
images (Mohanty, Hughes and Salathé 2016).
Further, if an Al needs to be trained on other data
from sensors, then several sensors would have to be
installed. Thus there can be substantial cost
associated with generation of data that could later be
used to build an Al model to automate a task. This
poses a question of data ownership i.e. who owns
the data? Is it the farmer who installs all the
hardware owns the data? or the company that
manufactures the hardware? and so on.
Furthermore, as Al begins to monitor critical
processes in real time, data security becomes
important. Because, tampering with the data or the
Al could result in malfunction of the system that
could lead to an economic loss. In the west, farming
is also dominated by large scale industrial
consumption requirements. Thus, most of the digital
technologies that have been developed are targeted
for large farms that cater to the industry rather than
small to mid-sized farms. Furthermore, these digital
technologies power vehicles and machinery that
needs maintenance. However, there are right to
repair legislations that allow only authorized
dealers to repair farming vehicles and equipment
such as a tractor. Although agriculture companies
may claim that farmers own the data, this is still not
clearly defined.

1.10 Agriculture research

Al can also help in agriculture research
activities such as plant breeding to improve crop
yield (Beans 2020). Traditionally, to develop a new
variety, several combinations of varieties are
crossed to come up with a new variety that is more
resistant to diseases and has a better yield. The time
required to develop such varieties could be in years.
However, using an Al it is now possible to do a
genomic selection by narrowing down the
combinations between varieties to identify the genes
of interest. Thus, it expedites the process of
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developing improved varieties of crops. Al can also
make use of historic data of plant studies that may be
available with various research organizations across
the world. The phenotypic data from measurements
such as canopy coverage, canopy temperature,
hyperspectral canopy reflectance, and chlorophyll
content can be used as an input to train an Al for
predicting yield (Parmley et al. 2019).

1.11 Cost of Alin agriculture

The cost can be divided into two parts i.e.
cost of developing the Al and cost for the end user.
The cost of developing an Al can vary substantially
from near zero dollars to millions of dollars. A
simple image classifier can be developed free of cost
using an open source data set and open source
programming software. Non-profit organizations
seek funding of millions of dollars to develop such
an Al to cover the cost of data collection,
programming, high performance computer
hardware and extension activities. Likewise, the cost
may be substantial to build an unmanned poultry
farm or other unmanned agricultural vehicles or
robots. A study reports that a farm may require an
investment of USD 500,000 in autonomous
machinery to achieve breakeven and a 24 per cent
increase in productivity over conventional
machines. (Shockley, Dillon and Shearer 2019)

On the other hand, the cost for the user
could be zero for free apps available for download
on a mobile device or the app publisher may charge
amonthly usage fee for the services. If the end user is
a poultry farm owner, the running cost will likely be
much higher. Full automation may be profitable for
large poultry farms because it could reduce labor
cost, improve working precision, reduce risk of
exposure to pathogens, improve process efficiency,
reduce waste and allow for better planning of
resources. The future cost savings in either case
could be enormous, if a disease is detected and
treated early before a full blown epidemic occurs.

2. Limitations of Alin Agriculture

Despite the progress of Al applications in
agriculture, there still remain several limitations. In
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image based Al the challenges are in image analysis CONCLUSION
related to changes in light intensity during the day,
overlapping leaves or plants, same color of leaves
and the fruit, varying shapes and sizes of leaves and
fruits. In case of audio data, the mixing of machine

Al offers endless possibilities to develop
efficient and cost-effective ways to grow healthier
plants to meet the ever increasing demand for food

. . . . and other agricultural produce. Automating routine
noise with the actual signal noise lowers the . . ;
. tasks in plant farming and animal husbandry may
recorded sound data quality. Furthermore, ! > ]
. . help to increase quality and production, create a
questions around the ownership of the data, data . .

safer working environment, reduce labor cost,

enable early diagnosis of diseases and reduce
agricultural waste.

sharing and data security still remain unanswered.
Additionally, while mobile based applications are
within reach of small farmers, the expensive
autonomous agriculture machines are still cost

prohibitive and remain out of reach of small farmers. Paper received on 05.11.2022
Accepted on 12.11.2022
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