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Abstract

The United Nations has a set of goals that focus on sustainable development, also known as SDGs. This paper mainly tries to
support SDG number 6, target 4 to be specific, which focuses on the fact that by 2030, water-usage efficiency would also
improve the hope of reducing the number of people across the globe suffering from water scarcity. To improve agricultural
production with the goal to meet the world's food needs, which will likely grow by more than 70% by the year 2050, smart
irrigation is an essential component. Nowadays, automated irrigation systems have become essential for farmers as they
conserve water and help farmers better understand the needs of their crops. 10T and automation are the main building blocks
behind the efficiency and effectiveness of these systems. In this paper, we aimed to reduce water consumption and waste due
to agricultural uses, specifically irrigation. The main contribution of this paper is to use pH sensors, light sensors, humidity
sensors, soil moisture sensors, and Arduino microcontrollers together with machine learning to estimate the necessary crop
needs based on soil moisture data and weather forecasting. This was designed so that if the weather is to be rainy and the plant
would receive a small percentage of its water need. Consequently, the system would anticipate this and give the user an option
to save this amount of water. The data would be transferred to an loT server after being gathered by the sensors and Arduino,
and then onto the processing layer, which comprises a created machine-learning model. This model uses semantic knowledge
and a programmed algorithm to offer the user automated control over the water valves that irrigate the crops. The user receives
these options through a mobile application and would have immediate control over the irrigation of the crops. The KNN
algorithm was employed to run the finalized machine learning model, and statistical analysis was performed to optimize the
accuracy. The obtained results demonstrate that the proposed model is faster and yields a better recognition rate of 98.6% and
a root mean square error (RMSE) of 0.1 compared to previous recently published models. Moreover, the results of the
implemented prototype show that the employed new sensors and weather forecast data lead to the efficient and economical
use of water and reduce the amount of water used. However, due to the introduction of these additional sensors, more power
is required, so another addition is to propose a solar panel on top of the main body structure of the system to provide an
additional source of power. The system could also be improved by using more sensors to ensure crops grow in the best possible
conditions.
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1. INTRODUCTION

Agriculture uses up to 85% of the world's water resources. Consequently, ensuring that the water is utilized in
the most efficient way possible is crucial. In addition to the use of water in agriculture, maintaining a healthy and
sufficient food supply is a very difficult task that also heavily depends on water. Keeping all this in mind, the
global demand for freshwater is steadily increasing [1]-[3]. Therefore, continuing to use traditional irrigation
systems in countries with limited resources will be very harmful when it comes to freshwater consumption. These
systems are manual, requiring the farmer to personally water the crops at various times by drawing water from
the source. This method is inefficient and there are already other techniques that are more effective. Firstly, surface
irrigation, the most common system that uses gravity to deliver water to crops is classified into three main types:
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border, basin, and furrow systems. The first type is the basin system, which consists of level, diked areas that
receive an uncontrolled flow. The second type is the border system, which differs from the basin system in that
the borders are rectangular, with a sloping surface, and are not diked at the tail's end. The third kind is a furrow,
whose main purpose is to control flow along with avoid the flooding of the whole region in which the soil surface
is irrigated, and channels are made, with water leaking through the walls and bottom of these furrows. Besides
surface irrigation and its types, other methods are also quite common. Such as sprinkler irrigation, which is an
approach for distributing water in a controlled manner, like rainfall. Water can be spread out via pumps, valves,
pipelines, and sprinklers. Irrigation sprinklers can be used for a variety of applications, including industrial,
residential, and agricultural. Thirdly drip irrigation is a preferred option, as it is the most effective means of
supplying crops with water and nutrients. Since it delivers water and nutrients directly to the plant's root zone in
precise amounts and at the proper times, ensuring that each plant gets accurately what it needs. Farmers may
enhance yields while saving water, fertilizer, and energy.

Water and fertilizers are spread around the field using tiny, knotted pipes called ‘drippers'. Each dripper
administers water and fertilizer droplets, ensuring that water and nutrients are supplied uniformly and directly to
the root region of each plant across the field [4]. The more recent method, however, is smart irrigation which is
emerging using data-intensive methods to increase agricultural efficiency while reducing its environmental
impact. This is accomplished by collecting data from numerous sensors and constructing an loT system. As a
result, because irrigation water is used only when it is needed by plants, water consumption is decreased in contrast
to traditional automatic system timers that irrigate the crops depending on a schedule designed by the farmer. This
kind of system exists as a complete controller or sensor that could be added to an existing irrigation timer to create
a smarter controller. And finally, these improvements are brought depending on soil conditions, nutrients,
humidity, temperature, and weather conditions.

The rest of the paper is consolidated as follows. Section 2 is dedicated to a literature review of the related
works. Sections 3 and 4 discuss the architecture and implementation of the proposed system respectively. Sections
5 and 6, investigate the weather forecasting data along with the results and discussions respectively. Finally,
Section 7, concludes the paper and suggests possible future improvements.

2. LITERATURE REVIEW

In many countries, inefficient irrigation is responsible for a large part of wastewater, and as a result, they
require a more advanced-efficient irrigation system. Traditional methods of irrigation without the use of cloud
computing as well as, edge computing yields unstable watering results for the crops. Therefore, we intend to create
a smart-reliable system that has a more consistent irrigation pattern. During the last couple of decades, irrigation
systems using 10T services in addition to sensors have been developed. These systems prove helpful in solving
some of the challenges, however, there are many improvements to be made. One of the biggest breakthroughs in
irrigation that have several layers is the Smart Water Management Platform, also known as SWAMP.

The device and communication layer are the very first layer/step in the SWAMP architecture, where several
sensors of different types are employed to gather valuable information, such as humidity and temperature. The
second layer, known as the data collection, security, and management layer, is responsible for collecting and
managing the data from the sensors. The third layer is called the data management layer. This layer is responsible
for the processing, storing, and distributing of the data. Also, it takes the use of the Semantic Calculator to prepare
the data for the following layer. The fourth layer, known as the water irrigation and distribution layer, uses
common-traditional strategies for estimating irrigation costs of how much water may be needed [5]. However,
even though the SWAMP system did solve several challenges, it introduced new ones, mainly because it consumes
a lot of energy. Therefore, the energy-efficient water management platform or EEWMP shown in Fig. 1 was
introduced, with strategies for reducing redundant data. The experimentally collected data demonstrated that the
EEWMP consumes less energy by about 30% and causes an increase in network stability by almost double the
amount, of SWAMP. The destination packets were 1.5 times more in EEWMP than in SWAMP since the network
has become more stable [6].

The field sensors are the hardware devices that collect the data required using sensors and then send it for
processing using a specified communication technique as depicted in Fig. 2. This could be considered the first
step. Afterward, this data is transmitted to the In-Field Sink, which has the main task of collecting the information
gathered by the sensors and sending it to the outer sink for analysis. The step in the system consists of the outer
sink, which receives the data send from the infield sink and forwards it to the second part. The fusion center then
reduces the communication traffic and conserves the energy lost during communication and computation. The
IoT service cloud could be taken into consideration in the fourth step, an 10T service cloud is a service that works
online to process, store and manage data received. These clouds are accessible with computer devices.

The 10T server is utilized in the EEWMP application to capture and identify user data. Finally, the following
three parts are the Valves Controller, which is one of the most essential parts of the system, as it controls the water
release in all the valves in the field. The valves, if necessary, must shut off and reopen the water supply to various
fields under instruction from the main valve controller. Lastly, User Connectivity, the user’s main way of
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connecting to the system applying any module type is quite important, as it is responsible for sending the user any
updates/info using notifications.
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Fig. 1: Architecture of Proposed Energy-Efficient Water Management Platform (EEWMP).
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Fig. 2: Proposed Irrigation System

3. ARCHITECTURE OF THE PROPOSED SYSTEM

The suggested system in question can select intelligent/ accurate decisions when deciding whether to irrigate
the crops. However, such a process cannot depend entirely on the developed machine learning system’s
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predictions and decisions. This is because the developed system needs certain information to draw such
conclusions. This group of information is what we call ontology. It consists of the following list of information:
soil pH value, temperature, humidity, and soil moisture, in addition to light intensity. Therefore, the proposed
system’s decisions depend partially on the ontology results and the trained-smart machine-learning model. To be
specific, the split in importance is a 50/50 split. The proposed intelligent architecture of the watering system is
seen in Figure 3. We found that including a solar panel for energy generation is a good option that could replace
the usage of batteries and must maintain and change the batteries occasionally. The basic or rather generic 10T
architecture is made up of the following three layers, network layer, application layer, and perception layer.
However, our proposed system has a slightly modified architecture that contains four layers, which are perception,
transport, processing, and application layers respectively in the same order.

To start, the perception layer, which is also called the physical layer, consists of the sensors that collect and
assemble our data. This layer is responsible for determining the weather (temperature and humidity), the soil’s
pH moisture level, as well as light intensity. Afterward, the transport layer comes into question to deliver the
collected information/ data to the processing layer through any of the known wireless means (4G, 5G) or even
through LAN. The processing layer uses and works with all the incoming data using several methods and
technologies such as cloud computing and edge computing. In addition, this layer consists of the machine-learning
model as well as all the databases used in the system. Finally, the application layer, this layer is responsible for
offering the end-user options/applications that can be taken according to the processing of the system. The system
developed uses a Global System for Mobile Communication (GSM) module with a sim card for storage which
operates over a subscription to a mobile operator.
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Fig. 3: The Four Layers of the System

3.1. Sensor Data

As we can see in Fig. 4, the first part of the process is the series of data collected by the sensors within the
system. Whether it is related to the soil or the weather. The Arduino microcontroller serves as the perception layer
in this scenario [7]. Following that, we can observe the transport layer, which, as previously mentioned, transfers
data using a GSM module onto the processing layer, where the data centers gather and analyze the information to
make appropriate choices/decisions for the application layer. Most of the used components are fortunately easy to
gather and set up. Then the system we devised should be easy to deploy in the real environment. In the proposed
system, the Arduino receives analog data collected by the sensors and continues to send this data every 30s through
the GSM module to the data centers.
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Fig. 4: Representation of Ontology

When these procedures are complete, the final recommendations/ suggestions based on the decision support
system in Fig. 5, will be shown on the mobile application. This would give the user instant commands on whether
to water the field. Soil type, climate type, and crop type all change over time. Ontology inhabits these parameters
in the developed intelligent system for greater competence and precision. We built the system to be functionally
capable of responding to most scenarios. The semantic knowledge base for the developed smart irrigation system
is described in the following section.
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Fig. 5: Architecture of The Decision Support System
3.2. Semantic Knowledge Base

The semantic database model’s (SDM) importance relies on the fact that it handles the data collected from
the real world, meaning that it contains information about crop types, weather conditions, soil types, and quality
as seen in Figure 7. Semantic knowledge is the general ontology information to be always recalled at any time.
One very popular example would be the case of rice or sugar cane, both are crops that usually require more
irrigation and such a fact should be a sort of background knowledge of sorts for our system. In addition, there are
several types of soil structures, we generally classify these into four types, sandy, silt, clay, and loamy. Each of
the mentioned types affects the amount of water the crops would need (due to some types keeping water better
than others). Accordingly, this database is very important to build up an automated irrigation system.
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3.3. Analysis Technique Using K-Nearest Neighbour

The k-Nearest Neighbour algorithm is one of the more machine learning algorithms that use a non-parametric,
supervised learning classifier, which uses proximity to make classifications or predictions about the grouping of
an individual data point. This method analyses the new case/data to those that already exist, assuming that they
are similar, and then places the new case/data in the category that is most like those that already exist. It saves all
available knowledge and designates new information points according to similarities. This means that when new
information becomes available, the KNN algorithm can swiftly classify it into an appropriate group.

Once the collected data is added, we calculate a Euclidean distance between the new data and the ones that
already exist to predict and categorize the resultant point. This is done by choosing the nearest K values to the
indicated K (being 5 in our application) and then calculating the Euclidean distance from this point to the nearest
data points. Once this process is completed, the system categorizes the new data point to an already existing
category and the process can now go on to application options. The Euclidean distance (d) is computed using the
following equation.

d = /(XA = PA)? + (XB — PB)? + (XC — PC)? + (XD — PD)? 1)
4. THE PROPOSED SYSTEM IMPLEMENTATION

As previously mentioned, the system proposed uses an Arduino microcontroller, which receives the data and
transfers it to the server via the GSM module. When the information reaches the processing layer’s edge server,
which is the first processing layer, the data is employed to predict the subsequent required water level. These
planned results are transferred to the 10T server to carry out the second processing layer. In this step, the trained
machine-learning model aims to analyze and decide the level of water needed by the crops.

4.1. Hardware Setup

For the System, the embedded system sensors used in the loT-based systems provide specific and cost-effective
sensing and allow real-time data to be recorded and evaluated. his enables the system to compute and take accurate
decisions. As shown in Fig. 6, we employ several sensors to collect various data about the environment, and the
SIM808 GSM module is used to transmit the data to the system's processing layer. The GSM module also has a
data SIM card added to it to be able to facilitate real-time data transferring. The hygrometer sensor that was used
in our setup to collect data about soil moisture is depicted in Fig. 7. On the other hand, air humidity is recorded
using the AM2302 DHT22 sensor to be specific as depicted in Fig. 8.
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Fig. 6: Schematic of the Proposed System

4.1.1. HL-69 Soil Hygrometer Sensor

Figure 7 illustrates the HL-69 soil hygrometer sensor chosen to detect the humidness of the soil in question. It
is mainly employed to provide more accurate and specific readings than other moisture sensors. The sensor's
working mechanism is that the output voltage varies with the amount of water in the soil. The following are the
primary characteristics of the HL-69 soil hygrometer sensor: The output voltage will drop if the ground is wet,
and it rises if the ground is dry. The soil moisture sensor on the hygrometer generates an analog signal that the
Arduino converts to digital. This sensor consists of two parts: an electronic board and two water-detecting pads.
On the board is an LM393 comparator chip. There are two lamps. Red and green lights indicate power supply and
digital switching output, respectively.
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4.1.2. AM2302 DHT11 Temperature Sensor

Figure 8 shows the DHT22 temperature sensor that could determine and sense the temperature and humidity
levels of the air. It consists of two components: a humidity sensor and a thermistor. The temperature range of the
DHT22 sensor is 0-50%, with an accuracy of 2-5, and the humidity range is 20-80%, with an accuracy of 5. The
DHT22 sensor has an 1/0 voltage range of 3V to 5V and a maximum current of 2.5mA when data is requested
during conversion.

4.1.3. BH1750 FVI Light Sensor

Figure 9 shows the BH1750 digital sensor used to measure the light intensity. It can even measure minimal light
traces, making it very accurate, as it converts these signals to 16-digit numeric values. This feature is commonly
used in mobile phones to optimize the screen’s brightness based on ambient lighting [8]. The BH1750 sensor is
employed to measure the light intensity in the range of 0 to 65,535 Lux. It has a built-in 16-bit AD converter that
converts light detection into a 16-digit number.

A.4. SEN0169 V2 pH Sensor Kit

As shown in Fig. 10, this pH sensor kit can precisely measure a solution's pH and reflect its acidity or alkalinity.
This sensor is extensively employed in several applications, including aquaculture, aquaponics, and water testing
in the environment. It has a wide voltage input range of 3.3V to 5.5V, a hardware-filtered output signal, a low-
jitter gravity connector, and a plug-and-play BNC connector. The application library provides 2-point calibration
and automatically identifies standard buffer solutions. It has a consistent size, which makes designing mechanical
structures easier. This kit also has two potentiometers included, one is to control the maximum measured value,
and the other is to change the measured offset value. The accuracy of this pH kit is + 0.1 pH (25 °C), and the
response time is less than or equal to 5 seconds.

Fig. 9: BH1750 FVI Light Sensor Fig. 10: SEN0169 V2 pH Sensor Kit

5. WEATHER FORECASTING DATA

The forecast is the final type of weather data that is currently available. It gives a detailed forecast of the
weather's behavior during the next few days. Numerous organizations produce weather forecasts [9]. To create
the most accurate weather forecast, the output from various forecast models will be integrated, which will then
give the best forecast estimate. One of the most organizations that offer accurate climate and environmental
intelligence platforms is Ambee [10]. It is the world's most precise platform for environmental and climate
intelligence. Ambee, is a provider of environmental and climatic information and creates hyperlocal datasets for
weather, pollen, air quality, and other climate variables. The organization was established with the goal of
democratizing access to environmental data and tools that promote better and healthier living. It also offers a free
dataset that we will use in the loT-based irrigation system.
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6. RESULTS AND DISCUSSION

The proposed irrigation system manages to develop and come up with assisting findings, according to the
capabilities of the machine learning system devised. The proposed setup including all sensors and microcontrollers
was deployed into the field. The GSM module was used to transfer the data they had acquired, and onto the mobile
application where proper actuation options were presented to the user/farmer giving him the choice of either
opening or closing the irrigation valve.

6.1. Preparing the Training Dataset

The proposed system has been created in such a way that it would be completely automated. Therefore, the
sensor data received from the field is processed depending on the trained machine-learning model. This has been
completed by considering five different classes for preset characteristic sensor values. Namely, these, are highly
needed (HN), needed (N), average (A), not needed (NN), and highly not needed (HNN). The classification is
based on the values and ranges of humidity, soil moisture, and temperature as illustrated in Table 1 for some
sensors included in the system. While setting up the table of data, some information must be studied. For example,
the reading from the AM2302 DHT11 sensor is employed to measure both weather humidity and temperature. It
has humidity readings in the range of 20% to 80% and temperature readings ranging from 0 to 50 degrees (°C).
Using these sampled data and ranges, we came up with a sampled training dataset in Table 2. This table shows
the structure of the sampled training dataset considering the weather broadcasting and the sensors data. This will
be provided to the machine-learning algorithm to aid in the process of predicting the required water levels based
on readings from the sensors, information on the soil's wetness, and weather predictions.

TABLE 1: DIFFERENT CLASSES OF SENSORS’ DATA

Class Humidity (%) Soil Moisture (%) Temperature (C) Weather condition
Highly Not Needed >80 80-100 <20 Flooding
Not Needed 61-80 61-80 20-24 Heavy Raining
Average 46-60 45-60 25-34 Raining
Needed 30-45 34-45 35-45 Cloudy
Highly Needed <30 <30 >45 Dry

TABLE 2: SAMPLES OF DATASET

Humidity  Soil Moisture Temperature Weather Condition Labels Ontology

Decision
100 100 1 5) -1 -1
99 99 2 1 -1 0
98 98 3 1 -1 1
97 97 4 3 0 2
96 96 5 4 1 3
95 95 6 1 -1 1
94 94 7 3 -1 0
93 93 8 2 -1 1

92 92 9 4 0 2

6.2. Training of the KNN Model

The fact that, at a given temperature, different crops have different water requirements is considered since
certain crops require more water within their nature. For example:

Rice > Sugarcane > Maize > Cotton > Wheat.

This general rule helps identify temperature, humidity, soil moisture ranges, and preferred pH conditions for
all the specified types of crops to clarify this broad principle further [11]. This rule is adopted to define the working
rules of different types of crops as illustrated in Table 3. One more working condition that is considered is the soil
type since different soil types have different watering needs as well. These are listed in the following sequence,
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from most needing to least; sandy soil as it is the worst at holding water, clay soil as it is not a good absorber,
organic soil, hot and dry soil, hot and humid and lastly the best at holding water would be cold and humid [12].

TABLE 3: CONDITIONS OF DIFFERENT CROPS

Condition Humidity Soil moisture Temperature Class Ontology Decision
1 H<20 SM <20 T>50 HN HN
2 H <40 SM <40 T >40 N HN
3 H <60 SM <60 T>30 A HN
4 H <80 SM <80 T>20 NN HN
5 H >80 SM >80 T <20 HNN HN
6 H<20 SM <10 T>57 HN N
7 H <30 SM <30 T >40 N N
8 H «0 SM <40 T>35 A N
9 H <60 SM <60 T>30 NN N
10 H >60 SM >60 T <30 HNN N
11 H<20 SM <10 T>57 HN A
12 H «30 SM «30 T >40 N A
13 H <40 SM <40 T>35 A A
14 H <60 SM <60 T>30 NN A
15 H>60 SM >60 T «30 HNN A
16 H <30 SM <40 T >50 HN NN
17 H <40 SM <60 T >40 N NN
18 H <60 SM <80 T>30 A NN
19 H <90 SM <100 T>20 NN NN
20 H>90 SM >100 T <20 HNN NN
21 H <30 SM <30 T>50 HN HNN
22 H <50 SM <60 T >40 N HNN
23 H <60 SM <80 T>30 A HNN
24 H <80 SM <90 T>20 NN HNN
25 H >80 SM >90 T <20 HNN HNN

6.3. Implementation Using Edge Computing

We define routes to where Hypertext Transfer Protocol (HTTP) request is managed throughout the course of
deploying the learning algorithm via Flask API. One route handle one HTTP request. Data travels through the
system from one part (perception layer) to the next (edge server). We introduced edge computing in the first place
because if it is removed, the 10T server would receive all incoming data from the sensors. Then these readings are
used to predict the needed water levels. However, in this case, the server would be overflown with data every 30
seconds from the sensors, and this will cause the system to slow down and be quite ineffective. Therefore, an edge
server is required as it prohibits this from happening and maintains the stable/steady flow of data [13].

6.4. Mobile Application

An Android platform is provided for farmers. wherein a dropdown menu displaying the input parameters, such
as crop type, climatic type, and soil type, is utilized. Users can choose from them before sending the command to
the device placed in the field. The ontology portion of the mobile app interface contains the data recorded about
the different types of soil, crops, and climates. The set of data extracted from the ontology section is then sent to
the 10T server for the machine-learning model to work on finding a suitable decision. This decision/option is then
displayed on the app as text.

To explore that, consider the case of choosing the crop type to be sugarcane. In this case, the soil type is
dry, and the climate is hot. The readings for the soil water content, temperature, soil pH, and humidity from the
sensors will be supplied to the machine-learning model when these settings have been chosen and the send button
has been clicked, in addition to the ontology results for the selected details. Therefore, the machine-learning model
can finally provide a resulting decision for the user to follow. In this case, the shown message indicates that the
field highly needs to water. The degrees of water need/ necessity are listed using a range from -1 to 3 as shown in
Table 4 to help specify which degree of watering is needed.
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TABLE 4: CODES OF LABELS FOR DIFFERENT CLASSES

Class Codes of Labels
Highly Not Needed -1
Not Needed 0
Average 1
Needed 2
Highly Needed 3

One of the additional options added to the application is the fact that when the pH level of the soil is outside
the optimal range. When this happens, the application will notify the user that the soil needs fertilizer added to
neutralize its pH since, if the pH change is not addressed right away, it may negatively affect the growth of the
crops. In addition, a similar option will be available in the application when it comes to light intensity. When the
crops are not receiving proper illumination, a notification will also be sent to the user to offer additional
illumination sources for the crops. Observed is the fact that these effects differ from one crop to another. The
machine learning model will be able to recall from its ontology background.

6.5. Performance Evaluation

After many executions of the KNN algorithm, we were able to complete the statistical analysis to determine
the value of k for best performance. In addition to this value, we ran several tests using different methods of
measuring precision, recall, and F1-score [14]. These methods work in the following way: precision tries to
respond to the doubt “What percentage of identifications were correct?”. Therefore, it could be computed by
dividing the true positive (TP) values by the summation of both TP and false positive (FP) values. While recall
tries to answer the doubt “What percentage of true positives, were correctly identified?”. In this case, recall is
computed by dividing the number of true positives by the summation of the true positives and false negatives (FN)
values. Additionally, we used the F1-score, which is essentially a harmonic mean of both. The following formula
was used to determine the applicable traditional F1-score value:

precision *xrecall __ 2TP (2)
precision + recall " 2TP+FP+FN

F1 — score =2

However, to increase accuracy as much as credible we had to keep in mind the general rules of choosing
the k value in the KNN algorithm. These include that if the classes in question are two, k should have an odd
value, and if the classes are more than two, k should not be a multiple of the number of cases. In the proposed
application, the number of classes in question is expected to be five, namely, HN, N, A, NN, and HNN as
illustrated in Table 4. Therefore, to choose a k value that is as accurate as possible, we plot a graph of k against
mean error and went on to decide which value is optimal and compare it to the value of k=5.

6.6. Comparison with Other Methods

The key benefits of the suggested approach include wastewater reduction, increased crop yield productivity,
better product quality, and enhanced costs and safety. It has a better performance compared with the recently
developed irrigation systems utilizing machine-learning techniques. However, automation in agriculture
frequently results in the substitution of machinery for human labor, which may result in the loss of jobs among
farmers. Local economies and communities may suffer as a result, particularly in places where farming is a
significant source of employment. The following are the findings of the comparison with other methods.

6.6.1. Case 1:

To compare the speed of the proposed method with that presented recently in [15], the error rate versus k
values is computed as seen in Table 5. It shows that the error starts high and increases as k increases, where the
irrigation system uses only soil moisture data compared to the proposed system in which weather forecasting is
also considered employing machine learning techniques. However, at k= [10:11] the error dropped to a low of 0.3
for that of [15], and at k= [9:10] the error dropped to a low of 0.25 for the proposed system. Therefore, we can
say that the best value for k in the proposed case is 10 as it is the largest value of k where the error stays minimal.
In the end, we compared the k value 10 to the chosen k=5 and decided which gave us better accuracy results as
we can see in Tables 6 and 7. Figure 11 illustrates the error rate versus k value and indicates the best values for k
in [15] and the proposed system model.

6.6.2. Case 2:

The obtained results matched those described in references [16-20] when the weather forecasting conditions
are released. These methods consider the following cases:
e Precision irrigation management using machine learning and digital farming solutions.
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e Smart irrigation monitoring and control strategies for improving water use efficiency in precision agriculture.
o Integrating remote sensing techniques and meteorological data to assess the ideal irrigation system performance
scenarios for improving crop productivity.

So, the proposed method has the advantage over the previously published solutions as it benefits from
adopting the weather forecasting conditions in determining the amount of water usage and the decision of for
improving water use efficiency.

TABLE 5: ERROR RATE VERSUS K VALUE

k 2 3 4 5 6 7 8 9 10 11 12 13

Mean Error of ref. [15] 030 035 045 035 050 035 035 030 030 030 035 0.35
Mean Error of the proposed system 0.20 0.30 040 0.30 045 040 0.30 025 025 035 030 0.30
k 14 15 16 17 18 19 20 21 22 23 24 25
Mean Error of ref. [15] 030 030 040 030 030 035 040 04 04 05 045 045
Mean Error of the proposed system 0.25 0.25 0.35 0.25 025 030 035 035 035 045 035 0.35

TABLE 6: ACCURACY WITHK =5

Codes of Labels Precision (%) Recall (%) F1-score (%)

-1 80 100 89
0 33 20 25
1 25 33 29
2 0 0 0
3 100 100 100

TABLE 7: ACCURACY WITHK =11

Codes of Labels Precision (%) Recall (%) F1-score (%)

-1 80 100 89
0 100 50 67
1 33 100 50
2 0 0 0

3 83 83 83

6.6.3. Case 3:

The proposed machine learning model is compared with the methods described in [21]. The authors reported
using the neural network, support vector machine (SVM), logistic regression, Naive Bayes, and K-Nearest
Neighbours (K-NN) algorithms based on the data gathered. Table (6) indicates the comparison results. With a
recognition rate of 98.6% and a root mean square error (RMSE) of 0.1, the results demonstrated that the proposed
model is better compared to previous models. For enhanced visualization and management of water usage, we
developed a mobile application that combines various sensor data and weather forecasting.

TABLE 6: COMPARISON WITH THE RESULTS PRESENTED IN REFERENCE [21]

Models Parameter Accuracy RMSE
K-Nearest Neighbors k=3 98.3% 0.12
Neural Network Sequential, Epochs =50 97,2% 0.16
Naive Bayes GaussianNB 97% 0.17
Support Vector Machine Linear SVC 96,7% 0.17
Logistic Regression Logistic Regression 96.2% 0.19
The proposed K-Nearest Neighbors k=5 98.6% 0.10
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Fig. 11: The error rate versus k value and indicates the best values for k in [15] and the proposed system model.
7. CONCLUSION AND FUTURE WORK

In this paper, we aimed to reduce water consumption and waste due to agricultural uses, specifically
irrigation. We did this by improving upon already developed intelligent irrigation systems that used sensors and
microprocessors, Arduino specifically. The proposed main idea to improve the system’s performance was to
introduce the concept of weather forecasting. This was designed such that, for example, if it were to rain, the plant
would receive 20% of the water it required. As a result, the system would give the user the option to save the
predicted amount of water. The data would be transferred to an 10T server after being gathered by the sensors and
Arduino, and then onto the processing layer, which comprises a created machine-learning model. This model uses
a semantic knowledge base along with a programmed algorithm to provide the user with automated control over
the water valves that irrigate the crops. The user receives these options through a mobile application and would
immediately control the watering of the crops. The machine-learning model employed ran using the KNN
algorithm. It was able to optimize the accuracy by running statistical analysis to decide the best value of k at which
the error is minimal. Other improvements to the system include the inclusion of a solar panel to the system to save
the energy consumed by the system. Additionally, a wide range of sensors are used to ensure that the crops grow
in the best conditions possible. The introduced sensors include a pH sensor, light sensors, temperature, humidity
sensors, and soil moisture sensors onto already existing smart irrigation systems to help predict proper crop needs
and save irrigation water. The obtained results indicate that weather prediction yields efficient and economical
water usage.

By using a Raspberry Pi instead of Arduino, this system might be improved. This would offer the system a
much faster processing speed and larger RAM to run the incoming data. However, in this case, the cost of the
system would increase immensely, and therefore, the replication of the system would be inconvenient. Another
possible improvement would be the development of a better machine-learning model. Many different algorithms
could be used and developed in addition to the KNN algorithm and potentially lead to better accurate results in
determining the required watering level [22]-[23].
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