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Water management is crucial for agriculture, as it is the primary source of irrigation for
crops. Effective water management can help farmers to improve crop yields, reduce water
waste, and increase resilience to drought. This can include practices such as precision
irrigation, using sensors and technology to deliver water only where and when it is needed,
and conservation tillage, which helps to reduce evaporation and retain moisture in the
soil. Additionally, farmers can implement water-saving techniques such as crop selection,
crop rotation, and soil conservation to reduce their water use. Thus, studies aimed at
saving the use of water in the irrigation process have increased over the years. This
research suggests using advanced technologies such as IoT and Al to manage irrigation
in a way that maximizes crop yield while minimizing water consumption, in line with
Agriculture 4.0 principles. Using sensors in controlled environments, data on plant growth
was quickly collected. Thanks to the analysis and training of these data between several
models among them, we find the K-Nearest Neighbors (KNN), Support Vector Machine
(SVM) and Naive Bayes (NB), the KNN has shown interesting results with 98.4 accuracy
rate and 0.016 root mean squared error (RMSE).

Keywords: artificial intelligence; AgriTech; internet of things; smart agriculture; smart
wrrigation.

2010 MSC: 68T05 DOI: 10.23939/mmc2023.02.575

1. Introduction

A smart irrigation system is an innovative technology that uses advanced technologies such as IoT
(Internet of Things), artificial intelligence (AI), and machine learning (ML) to optimize the use of
water in agricultural fields. These systems are designed to improve water use efficiency, reduce labor
costs, and increase crop yields, while also reducing the potential for water waste.

The Internet of Things (IoT) refers to the interconnected of physical devices, such as appliances
and machinery, which are embedded with sensors, software, and network connectivity that enable them
to collect and exchange data. This allows for the automation and remote control of these devices, as
well as the ability to monitor and analyze the data they generate. In our context, IoT-based systems
utilize sensors to gather real-time data on soil moisture, weather conditions, and other factors that
affect plant growth. This data is then transmitted to a central hub where it is analyzed by Al and ML
algorithms. These algorithms are able to make predictions and adjust irrigation schedules in real-time,
based on the specific needs of the crops and the local environment. For example, the system can predict
the weather and adjust the irrigation schedule accordingly, or detect when the soil is already saturated
and stop irrigation [1].

Artificial Intelligence (AI) is the simulation of human intelligence in machines that are programmed
to think and learn like humans. It encompasses a wide range of technologies and techniques, including
machine learning, natural language processing, robotics, and computer vision. Al systems can be
trained on large datasets to perform tasks such as recognizing speech and images, making predictions,
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and controlling machines. The goal of Al research is to create systems that can perform tasks that
typically require human intelligence, such as recognizing objects in images, and making decisions. Al
has a wide range of application in areas such as healthcare and AgriTech. In this way we have a
Smart irrigation systems with Al and ML that can help farmers to identify and manage potential
issues such as pests, diseases, or nutrient deficiencies. These systems can also provide farmers with
detailed information on water usage and crop yields, which can be used to make informed decisions
about planting, fertilization, and other farming practices. Additionally, the use of IoT allows for remote
monitoring and control of the irrigation system, saving time and resources for farmers [2].

Machine learning (ML) is a method of teaching computers to learn from data, without being
explicitly programmed. It is a subset of artificial intelligence that allows systems to automatically
improve their performance with experience. It useful in Smart irrigation systems to optimize the
watering schedule for crops, based on factors such as weather, soil moisture, and plant type. This can
help to conserve water and improve crop yields. Some examples of machine learning techniques used
in smart irrigation include decision tree algorithms, that make possible to predict when to water based
on weather forecasts, and neural networks to estimate soil moisture. Additionally, computer vision
can be used to monitor crop health and detect signs of disease or stress. Overall, the goal of machine
learning in smart irrigation is to automate the process of determining how much water to apply, and
when, to ensure that crops receive the optimal amount of water while minimizing waste [3].

Agriculture 4.0 is a term used to describe the application of technology to agriculture, it refers
to the use of technology in agriculture to improve efficiency, productivity, and profitability. This can
include precision farming techniques, such as data analysis and IoT to optimize crop yields. Drones
and autonomous vehicles can be used for tasks such as crop spraying and monitoring. Robotics can be
used for tasks such as harvesting and planting. Livestock monitoring systems can track the health and
productivity of animals. Climate and weather monitoring systems provide farmers with real-time data
on conditions in the field. Smart irrigation systems can help farmers to conserve water. Crop disease
and pest detection systems can detect and respond to problems early. Advanced data analytics and
machine learning in agri-tech can help farmers make data-driven decisions [4].

However, Smart irrigation systems are an innovative technology that can revolutionize the way
water is used in agriculture. They use IoT, AI and ML to optimize irrigation schedules, improve water
use efficiency, increase crop yields, reduce labor costs, and provide farmers with detailed information
on water usage and crop yields, that can help them make informed decisions and improve their farming
practices.

The goal of this paper is to present a method for predicting irrigation needs and managing automatic
irrigation systems efficiently. The approach includes four steps: installing sensors to measure soil
moisture, temperature, and rain, linking the sensors to an acquisition system, using the Node-RED
platform for monitoring, storage, and notifications, and analyzing the collected data using various
algorithms such as K-Nearest Neighbors, support vector machine, and Naive Bayes. This method can
be useful for large-scale irrigation systems or domestic applications, making plant watering easier and
improving water management. The paper includes related works, methods used, discussions, as well
as results, and conclusions.

2. Related works

In recent years, the use of smart irrigation systems has gained popularity as a means to conserve
water and improve crop yield. Smart irrigation systems utilize various technologies such as weather
forecasting, soil moisture sensors, and evapotranspiration (ET) data to optimize irrigation schedules
and reduce water waste. These systems can also be integrated with other agricultural technologies such
as precision farming and crop modeling to further enhance their effectiveness. The implementation of
smart irrigation has been shown to not only improve water use but also increase crop and reduce costs
for farmers.
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For this, many researches came to existence like (M. Al-Sakib Khan Pathan and M. Rokibul Islam)
in 2016. This study reviewed various loT-based smart irrigation systems that have been developed for
use in precision agriculture, including systems that use wireless sensor networks, cloud computing, and
machine learning. The study found that these systems can significantly improve water use efficiency
and crop yields, but also highlighted the need for further research to address issues such as sensor
reliability and data privacy [5].

The paper “Smart Irrigation System Using [oT and Machine Learning” by Gore S., et al. presents
a system that uses IoT and machine learning to optimize water usage in agriculture by predicting
the water requirements of crops based on weather conditions and soil moisture levels. The system
utilizes sensors to collect data and transmit them to a cloud server for processing by machine learning
algorithms. This allows the system to control irrigation automatically, turning it on or off as needed.
The authors conducted an experimental evaluation of the system on a farm, and found that it was
able to accurately predict the water requirements of crops, reducing water usage by up to 30% and
improving crop yield by up to 15%. The authors conclude that the system can be an effective tool
for reducing water usage and improving crop yield in agriculture and suggest that the system can be
further improved by incorporating more sophisticated machine learning algorithms and incorporating
data from additional sensors [6].

Another one, presented in 2018 proposed a smart irrigation system that uses IoT and machine
learning to optimize irrigation schedules based on real-time data on soil moisture, weather conditions,
and crop growth. The system was tested on a small scale and found to significantly improve water use
efficiency and crop yields.

Table 1. Comparative table that present many studies.

Date | TA Model Model Plant Data type Technology Accuracy | Ref.

2016 | Machine Random No Images Multi-temporal 85% 9]
learning Forest (RF) specific satellite imagery

2018 | Machine Support Vector Citrus Numeric Remote 91% [10]
learning Machine (SVM) Orchards data sensing data

2020 | Machine Artificial Neural | Vineyards | Numeric Remote 96% [11]
learning | Networks (ANN) data sensing

2017 | Machine Decision Corn Numeric | Remote sensing and 88% [12]
learning Tree (DT) data Meteorological data

2017 | Machine K-Nearest No Numeric Wireless sensor 96% [13]
learning | Neighbors (K-NN) | specific data network

2018 | Machine Random No Numeric Decision support 92% [14]
learning forest (RF) specific data system for

precision agriculture

2018 | Machine Support Vector Wheat Numeric Remote sensing 78% [15]

learning Machine (SVM) data data and Weather
forecasts

2016 | Machine Neural Corn Numeric Soil moisture 86% [16]
learning Network (NN) data sensors

2018 | Machine Neural No Numeric Remote 94% [17]
learning Network (NN) specific data sensing data

2020 | Machine RF & SVM No Numeric Multi-temporal RF.A [18]
learning & DT specific data remote sensing 96%

We continue with the study that compare the performance of three different IoT-based smart
irrigation systems, including one that uses wireless sensor networks, one that uses cloud computing,
and one that uses both wireless sensor networks and cloud computing. The study found that the
system that used both wireless sensor networks and cloud computing performed the best, with the
lower water consumption [7].

In 2020, (A. A. El-Shafie, H. M. El-Sayed, and E. A. El-Sayed) developed a smart irrigation system
that uses IoT and artificial intelligence to optimize irrigation schedules based on real-time data on soil
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moisture, weather conditions, and crop growth. The system was tested on a small scale and found
interesting result [8].

Generally smart irrigation system based on the Internet of Things (IoT) and machine learning
can help to optimize the water use and improve crop yields. By using sensors to gather data on soil
moisture, temperature, and weather conditions, and then applying machine learning algorithms to
analyze this data, such a system can automatically adjust irrigation schedules and amounts to match
the specific needs of the plants. This can lead to significant water savings and improved crop yields,
while also reducing the risk of over-watering or under-watering. Additionally, such a system can also
enable farmers to monitor and control irrigation remotely, improving efficiency and reduce labor costs.

Finally we present a comparative table that presents studies that have used artificial intelligence
methods for smart irrigation detection, along with their results, technology used.

These studies present different machine learning techniques, data sources and evaluation methods,
thus the results can be hard to compare. That is why our research presents data of different plants
and uses several machine learning models to have a better basis for comparison.

3. Methods

Based on the AI and IoT ecosystem, our research consists of intelligently managing plant irrigation
by focusing primarily on domestic plants to help manage these plants as well as to collect data from
concrete way and train them in supervised learning models with a labeled data (input = Sensor value
— output pairs = Decision of pump) to make predictions about new, unseen data. The goal is to learn

a general rule, or model, that maps inputs to outputs. The trained model can then be used to make

predictions on new, unseen data.

There are two main types of supervised learning: classification and regression.

— In classification, the goal is to predict a categorical label for a given input. For example, an email
classifier would take an email as input and predict whether it is spam or not spam. Common
classification algorithms include logistic regression, decision trees, k-nearest neighbors, and support
vector machines (SVMs).

! In regression, the goal is to predict a continuous value for a given input. For example, we would
take a sensor value of temperature, soil humidity, rain, humidity as input and predict whether it
is time for pumping or not. Common regression algorithms include linear regression, polynomial
regression, and random forests.

After that moving on to the next step which consists
in generalizing these models to serve a large category of
plants.

To serve this need, we went through different steps as
shown in Figure 1:

! Realization of an intelligent model that includes sev-
eral sensors (soil humidity sensor, air humidity sen-
sors, temperature sensor, rain sensor) to serve data
collection with the use of a programmed Arduino card
through the acquisition of different information about

Fig.1. Global schema of our realization. plants from agricultural engineers.

I Use of the Node-Red framework to collect, process, split and visualize this data.

! Store our data in the MongoDB Cloud database to have access at all times and in real time.

! Train our data in machine learning models (Support Vector Machine, K-Nearest Neighbors, Naive
Bayes).

3.1. Support Vector Machine

The Support Vector Machine (SVM) algorithm is a supervised machine learning algorithm that is used
for classification and regression tasks. It is based on the idea of finding a hyper-plane that maximally
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separates the different classes in the data. The basic idea behind the SVM algorithm is to find the best
decision boundary (or hyper-plane) that separates the different classes with the largest margin. The
margin is defined as the distance between the hyper-plane and the closest data points of each class [19].

The mathematical function that represents the SVM algorithm is called the primal optimization
problem, which can be written as the following optimization problem:

1
Minimize §Hw|]2
Subject to y;(wTz; +b) > 1 foralli=1,2,3,...,n.

Where w is the normal vector of the hyper-plane, b is the bias term, z; is the feature vector for the ¢th
data point, y; is the class label for the ith data point, and n is the number of data points.

In the case of non-linearly separable data, SVM algorithm uses the kernel trick, a technique that
maps the input data into a higher dimensional space where it can be linearly separated. The kernel
functions can be linear, polynomial, radial basis function (RBF) or sigmoid. These functions are used to
compute the inner product between the inputs in a higher dimensional feature space, without actually
computing the coordinates of the data in that space. The SVM algorithm has a lot of mathematical
derivations, it is a powerful algorithm that has been widely used in many applications, and it has
proven to be very effective in practice.

3.2. Naive Bayes

The Naive Bayes algorithm is a probabilistic algorithm that uses Bayes’ theorem and probability

density functions to classify data. The algorithm makes the assumption that all features in a dataset

are independent of each other, which is often not the case in real-world data. Despite this assumption,
the algorithm is often very effective in classifying data and is used in a variety of applications such as

spam detection and text classification [20].

The mathematical functions used in a Naive Bayes algorithm include:

1. Bayes’ theorem, which is used to calculate the probability of an event occurring based on prior
knowledge of conditions that might be related to the event.

2. Probability density functions (such as the Gaussian distribution for continuous data or the multi-
nomial distribution for discrete data) are used to model the likelihood of different features given a
certain class.

3. Conditional probability is used to calculate the probability of a certain class given a set of features.

4. The algorithm then uses these probabilities to classify new data points, where it calculates the
posterior probability of a class given the features and the prior probability of the class.

5. The probability estimates used in the algorithm are often calculated using maximum likelihood
estimation (MLE) or the method of moments (MOM).

In summary, the Naive Bayes algorithm is a simple yet effective method for classification tasks, which

uses Bayes’ theorem, probability density functions and conditional probability to estimate the proba-

bility of a class given a set of features, and uses these estimates to classify new examples.

3.3. K-Nearest Neighbors

K-Nearest Neighbors (KNN) is a non-parametric, instance-based, supervised machine learning algo-

rithm. It is used for classification and regression tasks. The basic idea behind the KNN algorithm is

that an object is classified by a majority vote of its neighbors, which are the k closest training examples

in the feature space [21].
The mathematical functions used in the KNN algorithm include:

1. Distance functions, such as Euclidean distance, Manhattan distance, or Minkowski distance, are
used to measure the similarity between a new data point and the training examples.

2. Sorting algorithms, such as quicksort, are used to find the k closest training examples to a new
data point.

3. A voting process, typically based on majority vote, is used to classify the new data point based on
the class labels of its k closest neighbors.
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4. In the case of regression problems, the average of the k closest neighbors can be used to predict
the target value for the new data point.

The KNN algorithm is a simple and intuitive method, which does not make any assumptions about

the underlying data distribution. It is often used as a benchmark method, it is simple and easy to

understand, however, it requires a lot of computational resources and does not work well with large

datasets.

4. Discussion and result

In this paragraph, we will discuss the results of our study. Through analysis and experimentation, we
have been able to draw several conclusions about the topic at hand. These results will be presented

Table 2. Table presents analysis data. in detail, along with any relevant data

and statistics. Additionally, after pro-

li/?i? Temgeorgture Alr ?flgu;n(;dlty 801131;%0;; e Pu(;n D viding a brief overview of the methodol-
Max 40°C 82.3‘%? 979'55 1 ogy used in our research. Overall, this
Mean 27.08°C 67.5% 380.50 Kok paragraph will provide a comprehensive

look at the findings of our study, and
highlight the significance of these results within the field. We started with talking about our data as
shown in Table 2.

Data Presentation k-nearest neighbors (Testing set) k-nearest neighbors (Training set)
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Fig.2. The chart presents a part Fig.3. The chart presents the re- Fig.4. The chart presents the re-
of the collected data. sult of KNN in test set. sult of KNN in training set.

This table presents a small analysis of these data, we find in this table two different data: the
incoming data such as the soil moisture data, the air humidity data, and outgoing data which is
presented by a single type of data which is the pumping data.

After that, we find part of this data present in the form of a point chart between the pumping value
“0 or off” presented in red and the pumping value “1 or on” presented in green (see Figure 2).

For result of our model, we see in Table 3, it presents the different models with their parameter,
their accuracy, and their (RMSE) which is the root mean squared error according to an overall analysis
of the latter, we find that the most efficient model with good accuracy and low RMSE is the Naive
Bayes with an accuracy of 98.4% and the RMSE of 0.016.

The graphs (see Figures 3, 4)
illustrate the results of the best
model employed, namely, the K-

Table 3. The table presents the parameters used
in our models and result.

Algorithm Params Accuracy | Root-Mean-Squared-Error | Noarest Neighbors (KNN) model.
K-NN K=5 98.4% L6% The blue points in the trainin

Naive Bayes | Gaussian NB 97.1% 2.9% °p &
QUM Linear SVC 96.7% 3.99% and testing sets represent pump-

ing points of “0”, while the white

points represent pumping points of “1”. The line in the graph demonstrates how the model effectively
integrates all the red data points into their surroundings and the opposite for the green data points,
resulting in a 98.4% accuracy rate.
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5. Conclusion

AgriTech is a rapidly growing field that combines agriculture and technology to improve crop yields,
reduce labor costs, and increase efficiency. Examples of AgriTech include precision agriculture, con-
trolled environment agriculture, and the use of drones and robots in farming. The use of technology
in agriculture has the potential to address many of the challenges facing the industry, such as climate
change, water scarcity, and population growth. However, it is important to note that the implemen-
tation of AgriTech must be done in a sustainable and responsible manner, taking into account the
potential impact on small farmers, rural communities, and the environment.

The use of intelligent irrigation is an important part of Agritech systems and it is vital to meet the
increasing demand for food. By gathering data on irrigation usage, farmers can optimize their resources
and make more informed decisions. A recent study suggests utilizing a database created with Node-
RED and a data acquisition card to predict irrigation system efficiency and through machine learning,
models providing decision support can be trained with an accuracy rate exceed 98%. We are currently
working on expanding the database by incorporating more data and researching other algorithms to
ensure the most accurate and efficient models are used. We also plan to integrate semi-supervised
learning into our decision-making process. Intelligent irrigation plays a crucial role in meeting the
world’s growing food needs by allowing farmers to make more informed decisions and use resources
more efficiently.
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Bnposag>keHHs PO3YMHOIO 3POLUEHHSI 3 BUKOPUCTAHHAM
IHTEepHeTy pedeil Ta WITYYHOroO iIHTEeNeKTy

Teitc F0.12, Ennoinani C.1, Tabaa M.2, Jlerpic K.
L Ta6opamopis indopmanitinux mexnorozit ma modesrosarns, Daxysomem nayx Benw M’ Cix,
Yuisepcumem Xacana II, Kacabaanka, Mapoxko

2 Bazamooducyunainapha aabopamopis docaidsicens ma innosayiti (LPRI), EMSI Kacabaarxa, Mapoxko

3 Biddia womn tomeprux nayk, xomanda RTM, Ywisepcumem Xacana II, Kacabaanxa, Maporxo

Kepysannsa BogHuMY pecypcaMu Ma€ BUPilajabHe 3HAYEHH JJIs Cl/IbCHKOI'0 TOCIIOIaPCTBA,
OCKIJIbKHU TIe OCHOBHE JI2KEPEJIO 3POIIEHHS CLIbCHKOIOCIONaPChKUX KyabTyp. EdekTruBHe
KEpYBaHHS BOJHUMHU PECYPCAME MOXKE JTOTOMOTTH (hbepMepaM IMiIBUIIUTHA BPOXKANHICTD,
3MEHIUTA BUTPATHU BOJU Ta IJBUIIUTHU CTifiKicTb 10 mocyxu. Ile mMoxKke BK/IOYATH TaKi
[IPAKTUKU, K TOYHE 3POIIEHHS, iKeé BUKOPUCTOBYE NATUYUKH Ta TEXHOJIOTIIO JIJIsl JIOCTABKH
BOJIU JIAIITE TY/IU 1 TOJIi, KOJIH 1ie HeoOXiHO, 1 KoHcepBalliitHa 06poOKa IPYHTY, SKa, JOTIOMa-
ra€ 3MeHIIUTH BUIIAPDOBYBaHHS Ta 30eperTu BoJory B IpyHTi. Kpim Toro, dbepmepu MoxyTh
3aCTOCOBYBaTH METO/IM €KOHOMIl BO/IM, TaKi SK BUOIp KyJIBTYD, CiBO3MiHA Ta 30€perKeHHS
'PyHTY, 100 3MEHITUTH cHoKuBaHHs Bofu. OTKe, 3 POKAMHU 3POCJIa KIIBKICTb JTOCJIiI2KEHb,
CIIPSIMOBAHMX HA €KOHOMII0 BUKOPUCTAHHS BOJIM B MPOIECi TOJUBY. ¥ IIbOMY JTOC/IiI2KEHH]
[IPOIIOHYETHCSI BUKOPUCTOBYBATH IepeJioBl TexHosoril, Taki sik loT ta Al, mist yupasJin-
Hel 3POIIEHHSAM TAaKUM YUHOM, 1100 MaKCUMi3yBaTH BPOXKANHICTH Cl/IbCHKOI'OCIIONAPCHKUAX
KyJbTYp 1 MiHIMIZyBaTH CIIOKUBAHHS BOJAY Bianosigno no npuanunis Agriculture 4.0. Bu-
KOPHUCTOBYIOUM JATYNKN B KOHTPOJBOBAHOMY CEDEIOBUIM, JaHi mpo picT pocamH Oysin
MIBUJIKO 310pani. 3aBIsIKN aHAJI3y Ta TPEHYBAHHIO IUX JAHUX MIiXK JIEKLIBKOMa MOJIEJIs-
MH, cepen SKuX 3HaxoamuMo K-naitbmmxdi cycimn (KNN), meros onoprux Bektopis (SVM)
ra Haipauit Baiiec (NB), KNN nokasaso nikasi pesyibraru 3 pisaem Tounocti 98.4 1 0.016
cepeIHbOKBaIpaTHIHO0 moMiikon (RMSE).

Kntouosi cnosa: wmyunuil inmeaexm; AgriTech; inmepnem peveti; posymue cisveore
20cn0dapcmeon; po3ymHe 3POULEHHA.
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