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ABSTRACT

The critical importance of water management arises from its scarcity, affecting not only domestic and
industrial sectors but also agriculture, which demands a significant proportion of new water for irrigation
purposes. Various methods of irrigation have been recognized, including flood, spray, and drip irrigation.
The planning of irrigation requires careful consideration of several agricultural factors, such as
temperature, humidity, and soil moisture, which are commonly observed.Sensor data will trigger the
irrigation system to start watering the agricultural land. The collected data and images are sent to loT
platform like Blynk, and the IoT application acts as the intermediary between the host and the devices. It
manages connections and authorizations between smartphones and microcontroller, while also
continuously monitoring the board to collect data at regular intervals. The sensor information was
collected by Arduino UNO, and the acquired data was presented in a Graphical User Interface (GUI) to
provide agricultural field data.The suggested approach for determining irrigation needs for each crop is
by utilizing machine learning. The system is highly recommended, and the proposed system aims to
achieve several primary objectives. The first objective is to develop a soil condition monitoring system
that comprises a sensor array and a wireless communication module for transmitting soil conditions from
weather stations. Secondly, the use of low-cost 10T allows for the monitoring of weather conditions
through weather stations, while soil conditions are gathered through various soil sensor nodes. Thirdly,
the system focuses on identifying the most effective ML technique for forecasting irrigation needs, even in
unpredictable climatic conditions. Finally, the IoT is utilized to remotely monitor and store soil and
weather data from weather stations with optimal computational cost.
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INTRODUCTION

In certain regions of the world, agriculture may account for as much as 70 percent of total freshwater use
[1]. This underscores the need of effective water management in ensuring that people everywhere have
access to sufficient and healthy food and water. Irrigation methods and crop-growth methods used in the
field play crucial roles in this process. Water stress, which may be induced by under-irrigation, can lead to
a loss of yield, hence farmers often spray more water than is strictly required to prevent this. However,
this leads to not just productivity issues but also water and energy waste. Precision irrigation, on the
other hand, has the potential to make more effective use of water, avoiding both under- and over-
watering of a plant's roots and leaves. Smart water management for precision irrigation in farming is
crucial for increasing agricultural yields while decreasing costs and helping the environment in the long
run. Population growth has created an urgent need for more food to be produced [5], and as a
consequence, agriculture now consumes over 85 percent of the world's freshwater.

Fig. 1 Moisture Sensor
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The conventional method of managing irrigation is plagued with issues, such as wasteful water usage and
low productivity. Furthermore, the availability of rainfall necessary to provide water for plants is
regularly impacted by the dynamics of climate change and global warming [2,3]. The reason for this is
that global warming is raising the average temperature of the Earth. Similarly, plant species have
different water requirements and go through different physiological processes depending on the time of
year and other environmental factors like the weather. When compared to an open field farm [4], where it
is more difficult to regulate environmental variables, the greenhouse environment is easier to control.
Adaptive management of the ever-changing environmental conditions requires the use of precision
irrigation systems. The Internet of Things [2] seems like the obvious choice for uses like smart water
management, even if the integration of the numerous technologies required to make it work seamlessly in
practice is not yet complete.

The emergence of the Internet of Things may be attributed to a confluence of events. These include high-
performance computing resources in commodity platforms, computational intelligence algorithms, and
the availability of cloud data centers for storage and processing. Other factors include management
frameworks for dealing with unstructured data from social networks. Reasons for this trend include the
widespread availability of low-cost devices, the development of efficient wireless technologies, and the
advent of cloud data centers for data storage and processing. There are now a number of challenges that
prevent the widespread use of IoT technology for precision irrigation. To begin, the development of
software for Internet of Things-based smart applications like agricultural irrigation is not yet fully
automated [3]. Second, the deployment of pilot applications for smart water management is hampered by
the absence of advanced 10T software platforms, which would allow for the automation of a portion of the
process and the integration of multiple technologies. These technologies include 10T, big data analytics,
cloud computing, and fog computing. Thirdly, appropriate information models and standards are
required for the integration of current and different sensors.

Several IoT and ML-based irrigation systems have been developed for this objective of monitoring and
regulating irrigation systems. Each sprinkler in a newly developed sprinkler irrigation system is equipped
with sensors and an energy module. Another program uses an online connection and a moisture sensor to
keep track of soil moisture [8], while a third uses environmental factors like temperature and humidity to
calculate when plants need watering and uses machine learning to analyze the resulting data [6].
Although ground water is the fundamental engine of societal and economic progress, a large portion of
this resource is used for agricultural reasons. Over the last two decades, artificial intelligence (Al) and
machine learning (ML) have expanded their reach into a wide variety of industries, including agriculture.
ML has been used to make predictions about the flow of rivers and the quality of water [9]. Effective
water management is crucial because of the scarcity of the resource. Since agriculture also uses a
significant portion of the fresh water supply for irrigation, this has consequences for that industry as well.
In addition to flood irrigation, which is the most widespread kind of irrigation in India, other types of
irrigation including as drip irrigation, spray irrigation, and nebulizer irrigation have been identified. The
soil's temperature, humidity, and moisture content are among the most crucial agricultural parameters to
consider while making irrigation plans. Most of the existing irrigation management systems use on open-
source platforms, with Arduino often serving as the principal board [10].

BACKGROUND STUDY

In recent years, there has been much discussion regarding the possible uses for integrating loT with cloud
computing and big data analytics. Europe is very curious in the challenges and persuasive impacts of [oT
in large-scale pilot programs for smart agriculture. The agrifood areas of dairy, fruit, arable crops, and the
meat and vegetable supply chain are addressed by Brewster et al. [12], along with large-scale pilots for
the Internet of Things in agriculture, as well as technologies and solutions that may be available in these
areas. Machine learning, a subfield of Al, allows computers to acquire new capabilities without being
explicitly programmed to do so [16].

Intelligent machine learning methods have developed as a beneficial intelligence-based decision-making
tool for the sustainable and rational use of freshwater resources within the framework of sustainable
accuracy irrigation management. Until recently, farmers depended only on their gut feelings to choose
whether or not to irrigate, but advances in machine learning have made it feasible to factor in predictions
of weather and soil conditions. The ability to anticipate water needs, yield, and soil moisture content
improves management [18]. Irrigation plans rely heavily on predictions. The goal of machine learning, a
subfield of artificial intelligence, is to give machines the ability to learn and do activities that humans
would normally handle [19]. It is capable of solving issues involving intricate irrigation systems by
factoring in non-linear, time-dependent factors [21]. Algorithms based on machine learning may be used
for gathering new information in the form of general decision rules that can be used to irrigation
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operations that make efficient use of natural resources like water. Machine learning methods including
reinforcement learning, supervised learning, unsupervised learning, and federated learning have been
more popular in precision irrigation management for solving complicated issues like classification and
prediction [20].

Machine learning makes use of pre-written code to draw conclusions from data. In the same way that
humans learn through experience and trial, machine learning algorithms do the same. The building blocks
of a machine learning system are as follows [11]: raw data, data preparation, ML algorithms,
generalization, and decision making. One of the most important applications of machine learning is data
mining. In [13], the authors discuss many important supervised learning algorithms in ML, such as the
decision tree, neural networks, and instance-based learning. Machine learning allows for far quicker
decision making than humans are capable of. The essay covers a wide range of pedagogical methods, from
role playing to analog learning to discovery learning. Banking, telecommunications, marketing, and
network research are just few of the many [17] applications of ML. Machine learning is a branch of Al that
gives computers the ability to learn new skills via practice and trial-and-error. ML provides an answer in
accordance with a fixed set of rules, as opposed to the likelihood-based statistical method. Knowledge is
acquired by machine learning systems via the study of previously processed data. Learning machine
techniques may be roughly classified into three broad categories: supervised, unsupervised, and
reinforcement. Classification and regression are examples of supervised learning, whereas clustering and
anomaly detection are examples of unsupervised learning [15].

METHODOLOGY

A supervised learning model known as linear regression consists of dependent (target) variables that are
predicted from a collection of independent (predictor) variables. These variables give a prediction of
output in accordance with the variables that were input. Linear regression and logistic regression are the
two types of regression algorithms that are used the most to assist choices on irrigation. The multilinear
regression model is another form of linear regression that consists of an equation for prediction and
estimate of the difference between the fitted value and the reference value. This equation is indicated by
the number 1, and it is shown below.

Y =P+ biza + Bozia + ...+ BoTin

In recent years, there has been much discussion regarding the possible uses for integrating IoT with cloud
computing and big data analytics. Europe is very curious in the challenges and persuasive impacts of [oT
in large-scale pilot programs for smart agriculture. The agrifood areas of dairy, fruit, arable crops, and the
meat and vegetable supply chain are addressed by Brewster et al. [12], along with large-scale pilots for
the Internet of Things in agriculture, as well as technologies and solutions that may be available in these
areas. Machine learning, a subfield of Al, allows computers to acquire new capabilities without being
explicitly programmed to do so [16].

Intelligent machine learning methods have developed as a beneficial intelligence-based decision-making
tool for the sustainable and rational use of freshwater resources within the framework of sustainable
accuracy irrigation management. Until recently, farmers depended only on their gut feelings to choose
whether or not to irrigate, but advances in machine learning have made it feasible to factor in predictions
of weather and soil conditions. The ability to anticipate water needs, yield, and soil moisture content
improves management [18]. Irrigation plans rely heavily on predictions. The goal of machine learning, a
subfield of artificial intelligence, is to give machines the ability to learn and do activities that humans
would normally handle [19]. It is capable of solving issues involving intricate irrigation systems by
factoring in non-linear, time-dependent factors [21]. Algorithms based on machine learning may be used
for gathering new information in the form of general decision rules that can be used to irrigation
operations that make efficient use of natural resources like water. Machine learning methods including
reinforcement learning, supervised learning, unsupervised learning, and federated learning have been
more popular in precision irrigation management for solving complicated issues like classification and
prediction [20].

Machine learning makes use of pre-written code to draw conclusions from data. In the same way that
humans learn through experience and trial, machine learning algorithms do the same. The building blocks
of a machine learning system are as follows [11]: raw data, data preparation, ML algorithms,
generalization, and decision making. One of the most important applications of machine learning is data
mining. In [13], the authors discuss many important supervised learning algorithms in ML, such as the
decision tree, neural networks, and instance-based learning. Machine learning allows for far quicker
decision making than humans are capable of. The essay covers a wide range of pedagogical methods, from
role playing to analog learning to discovery learning. Banking, telecommunications, marketing, and
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network research are just few of the many [17] applications of ML. Machine learning (ML) is a branch of
Al that gives computers the ability to learn new skills via practice and trial-and-error. ML provides an
answer in accordance with a fixed set of rules, as opposed to the likelihood-based statistical method.
Knowledge is acquired by machine learning systems via the study of previously processed data. Learning
machine (ML) techniques may be roughly classified into three broad -categories: supervised,
unsupervised, and reinforcement. Classification and regression are examples of supervised learning,
whereas clustering and anomaly detection are examples of unsupervised learning [15].
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Fig.2 Methodology of proposed system

IMPLEMENTATION RESULTS

There are 500 records in the dataset, with 100 entries for each soil and weather parameter (100 rows
and 5 columns). The five columns of data represent different aspects of soil and meteorological
conditions: air temperature, humidity, wind speed, volumetric moisture content, and soil temperature. A
new sixth column, "Decision," is added to the database to indicate whether or not rice and wheat should
be irrigated given the current soil and weather circumstances. Environmental and meteorological data
from the farm, including ETo, rainfall, air temperature, and humidity, are collected through sensors used
for irrigation control. These records are uploaded to a cloud server database after passing via the
gateway.

from pyfirmata import Arduino,util

import time

def smart_irrigation(moisture,key):
board = Arduino{ COM4")
iterator = util.Iterator({board)
iterator.start()
board.digital[4].write(@)
value = board.get_pin{'a:@:1i")

print({“Machine Started”)

while key ==

time.sleep(l.8)

print{value.read())

if{value.read()<moisture):
print{“Moisture™)
board.digital[4].write(@)

else:
print({"NO Moisture™)
board.digital[4].write(1)

Fig. 3 Irrigation module
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Farmers may utilize the patterns of soil, plant, and weather data that are provided to remotely regulate
water valves, fans, and other controls through apps by using the data that is shown. These controls are
modifiable according to the patterns in the data. There have been a number of various ways in which
people have rethought the concept of using mobile technology to aid with agricultural tasks. Top-down
services provide a method of material distribution in which the aims of a designer serve as the main
determinant of what is given. Top-down services are provided by companies like Amazon and Google.
Customers have the option to subscribe to many kinds of services in order to get agricultural tips and
seasonal reminders. One such service is SMS push-alerts, which is an example of this kind of service.
These programs have the advantage of giving farmers with access to the most current agricultural
research and introducing new themes; nevertheless, they do not have the flexibility to address challenges
that are special to the circumstances of each individual farmer. Before the advent of information
technology, farmers were required to physically examine their plants while they were working on their
fields and to determine the amount of moisture present in the soil. This was carried out at the same time
as an ongoing survey of the surrounding air temperature.

Table 1: Weather conditions (https://www.worldweatheronline.com)

Time Friday Saturday Sunday

3:00 AM 12°C 12°C 11°C
Temperature

12:01 PM 21°C 22°C 22°C

3:00 AM 50% 44% 33%
Humidity

12:01 PM 26% 22% 20%

3:00 AM  4kmph 9kmph 8 kmph
‘Wind speed

12:01 PM 10kmph 8 kmph 9 kmph

The Internet of Things has made it possible for data to be gathered from a variety of sensors, such as the
moisture content of the soil, soil and air temperature, humidity, and plant factors such as the vegetation
index, and then examined remotely. This was made possible as a result of recent developments in the
field of wireless sensor networks. It is possible to assemble all of this data by using a gateway, and then
store it on cloud databases thereafter. Because of the cloud platforms and databases that are already
accessible, an integrated machine learning model has the ability to learn and relearn new information.
This makes it possible for the model to discover patterns and linkages between the observed data that
were previously concealed. In ecologically responsible precision irrigation management, the processing
and display of sensor data are particularly significant components. MATLAB is providing this as an extra
open-source data visualization tool, and it has been shown already. It has been put to use in the field of
irrigation management for prototype applications. The cultivation of date palms and cucumbers has
benefited from its use in the management of irrigation systems.
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Fig. 4 Irrigation and moisture notifications

79 R.Thiagarajan et al 75-82


https://www.worldweatheronline.com/

Journal of Computational Analysis and Applications VOL. 33, NO. 2, 2024

Table 2. Accuracy predictions of proposed model compared with existing models

Algorithm Accuracy
LR 82.5

SVM 62.8
KNN 84.24

DT 85.6

NB 84.9

LDA 92

Air

i Humidity

VMC  WindSp

Soil

Decision Temperature

10 20 30 40 25 50 75 10 20 20 0 0 20 400.0 05 Lo

Air Temperature Humidity WindSpeed VMC Soil Temperature Decision

Fig 5. Variant plot for proposed weather and soil conditions

Accuracy

Fig 6. Visualization of performance metric comparison

CONCLUSION

Incorporating cutting-edge technology like as machine learning, the internet of things, the web, and the
mobile framework has been an essential component in the successful implementation of sustainable
precision irrigation. According to the findings of this study, adopting sustainable precision irrigation
management may be one way to assist in the process of achieving food security and preventing water
shortages. There are many different models for irrigation, but they all ignore either essential technical or
agricultural elements. Within the scope of this research, we propose a decision-support system for
irrigation that is high-tech, knowledge-based, and long-range scalable. The configuration that was
presented makes an attempt to overcome the issues that are present in the currently available automated
irrigation systems while maintaining a low cost. For the purpose of designing the recommended
irrigation system, we monitor both the weather and the soil. Because the soil sensor nodes use a scalable,
long-range communication technology that consumes a minimal amount of power, systems are now able
to monitor larger regions with a higher degree of accuracy. The Internet of Things cloud eliminates the
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need for the local storage and display of data pertaining to the climate and the soil. A ML technique that is
informed by past information is used throughout the decision-making process for irrigation. The accuracy
of six different machine learning (ML) systems, both linear and nonlinear, is calculated using the
observed information in order to estimate irrigation needs. It was discovered that the LDA approach had
the maximum efficiency, coming in at 92%. Once the machine learning algorithm that produces the best
results has been selected, a number of different soil and weather variables are analyzed in order to
ensure that the best judgments are made. Before determining whether or not to irrigate, the intelligent
irrigation decision support system is able to do an accurate assessment of the agricultural soil as well as
the climatic circumstances. This is made possible by the Internet of Things.
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