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The increasing world population, along with rising water usage for personal, industrial, and
agricultural purposes, and climate change issues, have caused water problems in many
regions. Unconscious irrigation and the inability to predict plant water needs lead to water
waste and yield losses. Innovative technologies are needed to improve efficiency and better
manage water resources. One solution is digitalization in agriculture. This study created a
greenhouse environment where sensors collected environmental data (soil moisture,
temperature, humidity, and light) and transferred it to a farm management system. A gateway
was established to enable data exchange between the sensor and actuator nodes and the
management system over the network. Instant and hourly data were recorded in the database
through the gateway. If the instant value transferred to the database was below the threshold
value, automatic irrigation was performed by the actuator. The amount of water used was
recorded in the database. The collected data were analyzed with classification and prediction
algorithms using the WEKA program. The impact of environmental data on water

. consumption and plant height was transformed into a mathematical equation.
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1. Introduction

With the increasing global population, the demand for
food is also rising day by day. Simultaneously, the
increase in the amount of water used for personal use,
industrial, and agricultural production, coupled with
climate change issues in many parts of the world, has
created water problems in some regions. Numerous
studies have been conducted and continue to be
conducted to prevent the wastage of water resources and
to use water efficiently [1]. Unconscious irrigation in
agriculture and the inability to predict the water needs of
plants lead to both water wastage and yield losses.

Innovative ideas and technologies are needed to
increase efficiency and better utilize water resources.
One of the methods that can meet these needs is
digitalization in agriculture. Digital agriculture methods
will be effective in increasing productivity, reducing

labor, environmental pollution, water wastage, and the
chemicals used in agricultural spraying, among other
things [2]. Digital agriculture is the application of
communication technologies to the modern agricultural
industry to meet these needs and sustainably provide
food requirements.

In modern agricultural systems, environmental data
is collected by sensors and transferred to the farm
management system, where necessary actions are taken
by actuators. Therefore, a network of sensors and
actuators that accurately directs data packets and
provides multiple communications is needed.

Wireless sensor and actuator networks consist of
many sensor/actuator nodes containing various sensors
and actuators, and a central exit node to transmit the
collected data to the server. There is a gateway to
facilitate network exchange between the sensor and
actuator nodes and the management system. This
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gateway, with its practical structure compared to wired
systems, can respond to the needs of farm management
at a lower cost and more quickly. In this respect, the use
of wireless sensor and actuator networks in agricultural
applications is suitable [1-3].

The collected data can be analyzed with classification
and prediction algorithms, and the impact of certain
environmental data - soil moisture (Mois.), ambient
temperature (Temp.), ambient humidity (Humi.), and
ambient light (Light) - on water consumption (Water)
and plant height (Height) can be transformed into a
mathematical equation. Thus, it can be predicted which
parameter has the most significant effect on water
consumption and plant height.

1.1. Wireless sensor networks

Wireless sensor networks are networks composed of
many intelligent devices, called nodes, deployed in a
specific study area to perform a task. These networks are
designed to monitor, record, and organize data collected
on physical and environmental magnitudes such as
temperature, sound, pollution levels, humidity, wind,
etc., at a central location [4-6]. Thanks to advancements
in micro-electro-mechanical systems technology,
wireless communications, and digital electronics, it has
become possible to develop small-sized, low-cost, low-
power, multifunctional sensor nodes capable of wireless
communication over short distances [7]. Sensor nodes
themselves can act as independent sources, collecting
data from their surroundings. Additionally, they can
receive data from other nearby sensor nodes and
transmit it to the sink node, as shown in Figure 1. The
sink node acts as a gateway and transmits the collected
data to the user at a remote-control center via wired
(internet, etc.) or wireless (GSM, satellite, etc.)
communication [8].
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Figure 1. Example sensor node scenario distributed
across the work area

Wireless sensor networks enable the execution of
automatic sensing, embedded computing, and wireless
networking tasks in small, inexpensive, and low-power
devices. When connected via a wireless network, sensor
nodes, which possess a strong and flexible structure,
have quite limited individual capabilities. However, by
collaborating with each other, they can easily perform
distributed sensing tasks over a wide working area. They
can be deployed either in a planned or random manner.
The number of required sensor nodes varies depending
on the size of the area being studied and the sensitivity
required by the application [9].

1.2. Modern agriculture studies with wireless
sensor networks

A wireless sensor network is a convenient system for
sensing and transmitting physical environmental
parameters. For efficient agriculture, it is important to
monitor and control data such as soil moisture, soil
temperature, soil electrical conductivity, and external
environmental parameters. Therefore, wireless sensor
networks are preferred in applications such as
agricultural  irrigation,  greenhouse cultivation,
beekeeping, and plant protection [1-2]. Technological
and innovative exemplary studies have been conducted
to prevent the wastage of water resources and to ensure
efficient production based on knowing the water needs
of plants [10-13]. By periodically monitoring soil and
crop data through wireless sensors, irrigation systems
can be developed to prevent unnecessary water
consumption and achieve efficient crop yield [14-17].
The use of wireless sensor networks in greenhouses
makes activities such as fertilization, irrigation,
monitoring, and spraying more efficient and less costly
[3,18-20].

1.3. WEKA program

WEKA (The Waikato Environment for Knowledge
Analysis) is an open-source machine learning software
developed under the General Public License at the
University of Waikato in New Zealand. The program is
named after the WEKA bird, which is native to New
Zealand. WEKA includes various algorithms for machine
learning tasks (data preprocessing, classification,
regression, clustering, association rule mining,
visualization, etc.). Additionally, users can create their
own algorithms with Java code, process datasets, and
analyze results within WEKA [21-22].

The Applications framework includes Explorer,
Experimenter, Knowledge Flow, Workbench, and Simple
CLI applications. The Explorer is the interface where
preprocessing and various data mining applications are
performed. The Experimenter is the interface used to test
various algorithms on a dataset to determine which one
yields better results. The Knowledge Flow is an interface
where data mining algorithms are applied by creating
data flow diagrams using a drag-and-drop mechanism.
The Simple CLI is a console interface where data mining
applications can be executed by writing Java code [21-
22].

All algorithms in WEKA can take input in the
Attribute-Relation File Format (ARFF), which is a simple
relational table format used in machine learning. WEKA
can also use CSV and C4.5 file formats as input [23].

Data entered in the ARFF format are expressed as
character strings at the programming level. The terms
@relation, @attribute, and @data are used to define the
data structure. The @relation term defines the general
purpose or name of the data. The @attribute term defines
the attribute names corresponding to the columns in the
database. The @data term indicates the row where the
raw data begins [24].
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1.3.1. Linear regression algorithm

The Linear Regression algorithm is a method for
formulating the relationship between a numerical
dependent variable and one or more independent
variables. The Linear Regression algorithm enables the
prediction of the future value of the dependent variable
based on the entered data of the dependent and
independent variables [25].

1.3.2. Gaussian processes regression algorithm

The Gaussian Processes Regression algorithm is an
effective machine learning algorithm for modelling
quantitative variables and making classification
predictions. Gaussian process models determine the
average distance between points with a kernel-based
probability function to predict the value of an unknown
point from learning data [26].

1.3.3. Multi-layer perceptron algorithm

The Multi-Layer Perceptron algorithm consists of an
input layer, an output layer, and one or more hidden
middle layers. The input layer receives inputs from the
input neurons in the neural network and forwards them
to the hidden middle layers. The activity units in the
input layer activate the algorithm by connecting to the
activity units in the next hidden middle layer. It is
preferred for the analysis of nonlinear datasets [27].

1.3.4. Sequential minimal optimization regression
algorithm

The Sequential Minimal Optimization Regression
algorithm is based on Support Vector Machine (SVM) and
is a suitable model for analyzing regression problems. In
1998, Smola and Scholkopf proposed a repetitive
algorithm called Sequential Minimal Optimization (SMO)
to analyze regression problems using SVM. Shevade and
Keerthi successfully developed the SMOreg algorithm,
which Smola and Scholkopf defined as SMO for analyzing
regression problems. The SMOreg algorithm further
enhances the regression value in SMO, consequently
providing more efficient and better performance [28].

1.3.5. Multi search algorithm

The Multi Search algorithm searches for a random
number of variables without requiring optimization of
two variables each time like other algorithms. It then
separates the most suitable pair for real selection and
learning.

1.3.6. M5Rules algorithm

The M5Rules algorithm prepares decision rules using
the separate and conquer method for regression
problems. In each iteration, it constructs a model tree
using M5. It converts the most suitable leafinto a rule and
analyses other examples in the dataset according to this
rule [29].

2. Method
2.1. Network design

The proposed network design consists of a sensor
node, an advanced node, a database, and a mobile
application. The sensor node is responsible for collecting
environmental data with various sensors attached to it.
The collected data is transmitted to the database
instantly via the Wi-Fi unit within the wireless coverage
area. Data has been recorded in the database every hour
during the operation period. Real-time data tracking has
been conducted through a mobile application designed
for information exchange with the database. The
operational status of the actuator in the advanced node
has been adjusted actively, passively, or automatically via
the mobile application interface, and the operational
status of the actuator has been transferred to the
database. The operational status of the actuator has been
retrieved from the database through the Wi-Fi unit in the
advanced node. For automatic operation mode, the real-
time Mois. value obtained from the database has been
compared with pre-programmed threshold Mois. values.
Based on the comparison result, the actuator has been
activated if the instantaneous value is below the lower
threshold value and deactivated when it exceeds the
upper threshold value. The amount of water consumed
has been monitored with the water flow sensor on the
advanced node and transferred to the database. Water
consumption has been monitored through the mobile
application interface. The network architecture used in
the study is illustrated in Figure 2.

Mobil App. _ - -
Sensor -7
Node

= N Advanced
Database —
= Node

Figure 2. Network architecture used in the study
2.1.1. Sensor node design

The sensor node consists of a microcontroller unit
(Raspberry Pi 3 Model B+) with dual-band 2.4 GHz and 5
GHz wireless LAN capabilities compliant with IEEE
802.11 b/g/n/ac standards, an ambient
temperature/humidity sensor, a light sensor, a soil
moisture sensor, and a power unit.

2.1.2. Advanced node design

The advanced node consists of a wireless transceiver
card (ESP8266) operating in the 2.4 GHz band, compliant
with IEEE 802.11 b/g/n standards, a water flow sensor
(YF-S201), an Atmega328p, an actuator (water pump and
driver), and a power unit.
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2.1.3. Mobile app design

The mobile application has been developed using the
MIT App Inventor mobile application development tool.
The application interface consists of five data frames for
entering data, three buttons to command the motor, one
button to request real-time values, basic visuals, and a
background image. When the application screen is
opened, real-time Light, Temp., Humi., Mois., and water
consumption data are automatically retrieved from the
database.

2.1.4. Database

The database has been created using the Firebase
database creation platform. Firebase is a web-based
platform developed by Google that allows for the
creation of real-time databases and data storage for
mobile and web applications. The data obtained during
the operation is stored in the Firebase database.

2.2. Application design
2.2.1. Research location and features

The research was conducted in Sincan district of
Ankara province in 2021. The elevation of the research
area is approximately 797 m. The region has a typical
continental climate. The annual average total
precipitation is 389.1 mm. The highest temperature
measured in the region is 40.8 °C in July, while the lowest
temperature is -24.9 °C. The annual average temperature
is 11.7 °C.

2.2.2. Soil features

The soil structure of the district is brown and grey on
the surface, while it is limey and clayey in the lower parts.
The alluvial deposits in the upper part are suitable for
agriculture. Due to the clayey-loamy structure of the soil,
the approximate volumetric percentages are as follows:
field capacity is 40%, wilting point is 23%, lime content
is 12%, and organic matter content is 0.24%. The
effective root depth is 60 cm [30]. The pH value of the soil
in the region has been measured to be approximately 7.4
- 7.6 with a TN-200 analogue pH meter and 7.52 with a
PH-200 digital pH meter.

2.2.3. Setting up the greenhouse

The research area consists of a 120x100x40 cm plot
and a greenhouse roof measuring 180x120x100 cm. The
greenhouse is covered with 220-micron UV stabilized
greenhouse plastic film. The soil in the greenhouse has
been enriched with peat soil, also known as peat,
commonly used in greenhouse and seedling cultivation.
The pH value of the greenhouse soil has been measured
to be approximately 7.2 - 7.5 with a TN-200 analogue pH
meter and 7.23 with a PH-200 digital pH meter.

2.2.4. Irrigation water and irrigation system
features

In the study, tap water was used. The pH value of the
tap water used was measured to be 7.4 with a PH-200

digital pH meter. Watering was done from the water tank
by mixing 2.7 ml of nitrogen liquid organic fertilizer per
Liter of tap water. The guaranteed content of the liquid
organic fertilizer is as follows: 40% organic matter, 18%
organic carbon, 2% total nitrogen, 3% soluble potassium
oxide, and the pH value is between 4.3 - 6.3. The pH value
of the irrigation water given to the plants after mixing
was measured to be 6.88 with a PH-200 digital pH meter.
A drip irrigation system was used for watering the study
area, with 40 cm between drippers.

2.2.5. Soil moisture and ambient data measurement

In the study, soil moisture measurements were
conducted using a resistant soil moisture sensor. The
sensor probe was placed ata depth of 10 - 15 cm from the
soil surface. Instantaneous soil moisture data were
obtained and sent to the database via the sensor node.
The ambient temperature and ambient humidity
information of the greenhouse was obtained by the
resistive-type sensor, while the ambient light
information was obtained by the light sensor which has a
wide spectral range of 200 nm - 400 nm, and both were
sent to the database instantly through the sensor node.

2.2.6. Cultivation of plants and cultural processes

Five seedlings of Traditional Pole cucumber (Cucumis
sativus), obtained from a seed company, were planted in
the working area on July 5,2021, with a row length of 120
cm and 20 cm spacing between them. The planted
seedlings were uniformly watered until July 18, 2021.
Two weeks later, the spacing between the seedlings was
reduced, leaving 3 sprouted seedlings at intervals of 40
cm in the working area. Starting from July 19, 2021, the
seedlings were irrigated using a wireless sensor and
actuator network.

The pre-programmed lower threshold Mois. level was
set at 50% (equivalent to 23% wilting point). When the
instantaneous Mois. level dropped below the wilting
point; the water pump was activated to initiate irrigation.
When the instantaneous Mois. level exceeded the upper
threshold Mois. level of 87% (equivalent to 40% field
capacity), the water pump was deactivated to terminate
irrigation. Single-stem cultivation was conducted to
increase yield [31]. The initial height measurement of the
plants was taken on July 20, 2021, and the final height
measurement was taken on September 11, 2021. Height
measurements were taken seven times during the
cultivation period.

In order to see the effect of the wireless sensor and
actuator network on the efficient use of water and plant
growth, three different saplings were grown between the
same dates and irrigated with the traditional agricultural
method applying the same cultural processes.

The heights of the seedlings measured according to
the dates are shown in Table 1. The study was concluded
on September 9, 2021. The last two height measurements
of the 2nd sapling in WSN could not be made because the
plant sick and died.
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Table 1. The Height of the seedlings measured according
to the dates

WSN Traditional

Date 1st 2nd 3rd 1st 2nd 3rd

20 July 2021 13.5 12 13.5 11 11 13.5
3 August 2021 52 16 205 21 18.5 26
10 August 2021 101 17 255 235 21 45
16 August 2021 118 22 28 245 245 585
28 August 2021 135 17 29 25 24.5 81
6 June 2021 138 - 29 26 24 85
11 June 2021 136.5 - 27 30 24  80.5

The measurements are given in centimeters.
2.3. Data processing method

The Explorer application interface was used in the
study. The Explorer interface consists of preprocess,
classify, cluster, associate, select attribute, visualize, and
forecast screens.

For the data mining prediction algorithms in WEKA
selected for use in the study, Linear Regression (LR),
Gaussian Processes Regression (GPR), Multi-Layer
Perceptron (MLP), Sequential Minimal Optimization
Regression (SMOreg), Multi Search (MS), and M5Rules
algorithms were chosen. These six algorithms were
deemed suitable for the dataset in the study due to their
frequent usage and similarity in previous works.

3. Results

The data obtained from the field studies of the
wireless sensor and actuator network were analyzed
using the WEKA program, including Mois., Temp., Humi.,
Light, water consumption, and plant height. Analyses
were conducted by calculating the average water
consumption and average plant height for a single
cucumber plant. The impact of environmental variables
(Mois., Temp., Humi.,, and Light) on water consumption
was mathematically expressed. Additionally, the
mathematical expression of the impact of environmental
variables (Mois., Temp., Humi.,, and Light) and water
consumption on plant height was formulated.

During the study period from 19 July 2021 to 09 June
2021, a total of 53 days of data were collected using the
wireless sensor and actuator network, as presented in
Table 2.

According to the data collected in Table 2, the average
daily Mois. during the study period was approximately
72%, the average daily Temp. was around 32°C, the
average daily Humi. was approximately 38%, and the
average daily Light was about 57%. The total amount of
water consumed for a single cucumber plant was
7416.67 ml, with an average plant height of 54.50 cm
observed during the study period. It was observed that
the Mois. level was maintained above 50% throughout
the study.

In irrigation carried out using traditional agricultural
methods in the same cultural processes and on the same
dates, the total amount of water consumed for a single
cucumber plant was 9999.99 ml, with an average plant
height of 44.83 cm observed.

Table 2. Data collected in the study

Day Mois. Temp. Humi. Light Water Height
) (€O (W (%) (ml) (cm)

1 96.67 3644 27.89 66.00 0.00 13.00

2 97.21 3529 4242 6596 0.00 14.10

3 96.50 3433 40.88 6192 0.00 15.20

4 9346 3117 4533 61.63 0.00 16.30

5 89.79 2996 4525 61.50 0.00 17.40

6 9092 2958 4046 61.54 0.00 18.50

7 8283 3042 3750 6150 0.00 19.60

8 7483 3013 40.25 6150 0.00 20.70

9 82.25 31.04 43.13 6154 0.00 21.80

10 7883 31.17 3492 61.67 0.00 22.90
11 75.63 3133 29.38 6171 0.00 24.00
12 79.71 32,67 2983 61.00 500.00 25.10
13 8521 33.75 33.67 6129 500.00 26.20
14 7810 33.75 32.08 6142 500.00 27.30
15 6856 3288 33,50 6133 500.00 2840
16 60.00 33.25 32.08 60.25 500.00 29.50
17 5033 33.67 27.75 5992 500.00 32.12
18 52.33 3346 3038 59.63 1250.00 34.74
19 88.29 3429 2942 5846 1250.00 37.36
20 84.67 3138 3746 5529 1250.00 39.98
21 8113 29.79 50.67 55.63 1250.00 42.60
22 7138 3050 5192 5804 1250.00 45.22
23  53.63 30.75 46.00 56.88 1750.00 47.83
24 74.08 2879 4825 54.63 1750.00 49.19
25 76,50 29.29 47.63 5596 1750.00 50.55
26 7592 29.63 4633 56.79 1750.00 5191
27 7025 29.67 4271 5642 1750.00 53.27
28 60.58 30.50 39.21 56.25 2416.67 54.63
29 8146 30.13 4129 5583 2416.67 56.00
30 77.00 3217 38.04 5538 2416.67 56.36
31 6494 3242 3758 5533 3416.67 56.72
32 7258 31.63 3813 55.08 3416.67 57.08
33 6954 31.13 44.04 5475 3416.67 57.44
34 59.29 30.29 4388 54.58 4416.67 57.80
35 86,50 3238 3946 54.58 4416.67 58.16
36 8229 3142 3896 54.25 4416.67 58.52
37 7225 3133 3912 5392 4416.67 58.88
38 6413 3283 3425 5396 508333 59.24
39 9121 3417 3171 54.04 508333 59.60
40 73.17 3346 3296 53.83 508333 59.96
41 5477 3533 3133 54.13 508333 60.33
42 8157 3696 2654 5425 5916.67 59.81
43 8228 36.71 28.67 5421 5916.67 59.29
44 60.69 3596 3742 54.04 5916.67 58.78
45 5027 3429 44.67 5392 6750.00 58.26
46 7496 31.63 4575 53.71 6750.00 57.74
47 6033 2942 39.13 53.58 6750.00 57.22
48 7558 2850 3813 5346 7416.67 56.71
49 79.13 29.83 38.13 5342 7416.67 56.19
50 52.83 28.08 40.75 5325 7416.67 55.67
51 3883 2688 3942 5321 7416.67 55.28
52 3254 29.00 2846 5342 7416.67 54.89
53 1913 3147 27.53 5293 7416.67 54.50
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The water consumption and plant height graph
obtained through irrigation using wireless sensor and
actuator network between July 19, 2021, and September
09, 2021, are presented in Figure 3.
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Figure 3. The water consumption and plant height graph
(wireless sensor and actuator network)

The water consumption and plant height graph
obtained through irrigation using traditional agriculture
method between July 19, 2021, and September 09, 2021,
are presented in Figure 4.
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Figure 4. The water consumption and plant height graph
(traditional agriculture method)

The regression models were constructed using the
dataset obtained from 19 July 2021 to 09 September
2021 in the WEKA program. To compare the regression
analysis results with the actual values, the models' Mean
Absolute Percentage Error (MAPE) values were
examined.

The mathematical expression of the average MAPE
value is given in Equation 1 [32-34].

100 > actual value — forecast value
MAPE = N Z | (9]
n=1

actual value

3.1. Linear regression algorithm results

The mathematical expressions for the regression
equations generated by the Linear Regression algorithm
are provided in Equation 2 for Water and in Equation 3
for Height.

Water = —21601.4393 + 242.9834 X Day
+ 17.0872 X Mois.+293.1195 (2)
X Light
Height = 271.7464 + 0.8326 X Temp. —4.453 3)
X Light
The average MAPE values for the estimated Water
and Height values based on the equation obtained from
the Linear Regression algorithm in the WEKA program
are calculated as 19.22% for the Water equation and
10.54% for the Height equation.

3.2. Gaussian processes regression algorithm
results

The WEKA program provides estimation results
without producing mathematical expressions for the
Gaussian Processes Regression algorithm. The average
MAPE values for the estimated Water and Height values
obtained from the Gaussian Processes Regression
algorithm in the WEKA program are calculated as
38.86% for the Water and 13.00% for the Height.

3.3. Sequential minimal optimization regression
algorithm results

The mathematical expressions for the regression
equations for Water and Height obtained from the
Sequential Minimal Optimization Regression algorithm
are provided in Equation 4 for Water and Equation 5 for
Height. Normalized values are used in the equations.

Water = —0.4835 + 1.4917 X Day + 0.097
X Mois.—0.0288 X Temp.—0.0365 (4)
X Humi.+0.2898 X Light

Height = 0.5166 + 0.7638 X Day + 0.0697
X Mois.+0.2513 X Temp.+0.1657 (5)
X Humi.—0.9791 X Light
—0.4214 x Water

The average MAPE values for the estimated Water
and Height values obtained from the Sequential Minimal
Optimization Regression algorithm are calculated as
16.43% for the Water equation and 8.28% for the Height
equation.

3.4. Multi-Layer perceptron algorithm results

The WEKA program provides estimation results
without producing mathematical expressions for the
Multi-Layer Perceptron algorithm. The average MAPE
values for the estimated Water and Height values
obtained from the Multi-Layer Perceptron algorithm are
calculated as 12.42% for Water and 1.52% for Height.

3.5. Multi search algorithm results

The mathematical expressions for the regression
equations for Water and Height obtained from the Multi
Search algorithm are given in Equation 6 for Water and
Equation 7 for Height.

Water = —23962.3973 + 249.875 X Day + 16.7371
X Mois.—0.6716 6)
X Temp.+12.9238
X Humi.+323.4106 X Light
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Height = 67.6021 + 1.6731 X Day + 0.0994
X Mois.+1.0691 X Temp.+0.295 %)
X Humi.—1.8158 X Light — 0.006
X Water

The average MAPE values for the estimated Water
and Height values obtained from the Multi Search
algorithm are calculated as 18.43% for the Water
equation and 6.91% for the Height equation.

3.6. M5Rules algorithm results

The WEKA program provides estimation results
without producing mathematical expressions for the
M5Rules algorithm. The average MAPE values for the
estimated Water and Height values obtained from the
M5Rules algorithm are calculated as 9.28% for Water
and 4.75% for Height.

As a result, the comparison of the average MAPE
values for Water and Height obtained using six different
algorithms employed between July 19, 2021, and
September 09, 2021, is presented in Table 3.

Table 3. Average MAPE values of Water and Height with
six different algorithms using data between 19 July 2021
and 09 June 2021

Average MAPE (%)

Algorithms Water Height
LR 19.22 10.54
GPR 38.86 13.00
SMOreg 16.43 8.28
MLP 12.42 1.52
MS 18.43 691
M5Rules 9.28 4.75

4. Discussion

When examining the average MAPE values in Table 3,
it is observed that the M5Rules algorithm provides the
best result for the Water data, while the MLP algorithm
yields the best result for the Height data.

The impact of input data on output data can be
observed by examining the WEKA program algorithm
equations. Accordingly:

In Equations. 2 and 3, according to the WEKA
program LR algorithm, it is observed that the day, Mois.,
and Light input data have an increasing effect on the
Water output data. The temperature input data has an
increasing effect on the Height output data, while the
Light input data has a decreasing effect.

In Equations. 4 and 5, according to the WEKA
program SMOreg algorithm, it is observed that the day,
Mois., and Light input data have an increasing effect on
the Water output data, while the Temp. and Humi. input
data have a decreasing effect. The day, Mois., Temp., and
Humi. input data have an increasing effect on the Height
output data, while the Light and Water input data have a
decreasing effect.

In Equations. 6 and 7, according to the WEKA
program MS algorithm, it is observed that the day, Mois.,
Humi., and Light input data have an increasing effect on
the Water output data, while the Temp. input data has a
decreasing effect. The day, Mois., Temp., and Humi. input

data have an increasing effect on the Height output data,
while the Light and Water input data have a decreasing
effect.

5. Conclusion

Atthe end of the study, the following conclusions have
been reached. The impact of Mois., Temp., Humi., and
Light data between July 19, 2021, and September 09,
2021, on water consumption, as well as the effect of
Mois., Temp., Humi., Light, and water consumption data
on plant height, has been expressed.

The use of a wireless sensor and actuator network has
been observed to consume 2583.32 ml less water
compared to the traditional agricultural method.
Accordingly, the use of a wireless sensor and actuator
network is 25.83% more efficient in terms of water
consumption compared to the traditional agricultural
method.

The use of a wireless sensor and actuator network has
been observed to result in average plant heights that are
9.67 cm taller compared to the traditional agricultural
method. Accordingly, the use of a wireless sensor and
actuator network is 21.57% more efficient in terms of
plant height compared to the traditional agricultural
method.

Table 4 illustrates the effects of input data on output
data according to the equations obtained from the WEKA
program algorithms. Since the WEKA program does not
produce mathematical expressions for Gaussian
Processes Regression, Multi-Layer Perceptron and
Mb5Rules algorithms, they are not included in the table.

Table 4. Effect of environmental data on Water and
Height

Algorithms Input Wg; trpElr;l) He(i)gl;ltg) Elctm)
Day Increasing Unrelated
Mois. (%) Increasing Unrelated
IR Temp.(°C) Unrelated Increasing
Humi. (%) Unrelated Unrelated
Light (%) Increasing Decreasing
Water (ml) Unrelated Unrelated
Day Increasing Increasing
Mois. (%) Increasing Increasing
Temp.(°C) Decreasing Increasing
SMOreg . . .
Humi. (%) Decreasing Increasing
Light (%) Increasing Decreasing
Water (ml) Unrelated Decreasing
Day Increasing Increasing
Mois. (%) Increasing Increasing
MS Temp. (°C) Decreasing Increasing
Humi. (%) Increasing Increasing
Light (%) Increasing Decreasing
Water (ml) Unrelated Decreasing

Considering the effects of input data on the output
data for water consumption in Table 4; in all three
equations obtained with the WEKA program, the input
data of day, Mois., and Light have an increasing effect on
water consumption output. According to these three
equations, the input data of Temp. has a 2/3 decreasing
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effect, and the input data of Humi. has a 1/3 increasing
and 1/3 decreasing effect.

Similarly, when considering the effects of input data
on the output data for plant height in Table 4; in all three
equations obtained with the WEKA program, the input
data of day, Mois., and Humi. have a 2/3 increasing effect
on plant height output. According to these three
equations, the input data of Temp. has a 3/3 increasing
effect, the input data of Light has a 3/3 increasing effect,
and the input data of Water has a 2/3 decreasing effect.

As aresult, it has been observed that irrigation using
wireless sensor and actuator networks is not only more
practical than traditional agricultural methods, but also
more efficient in terms of both water consumption and
plant growth. All the same, it has been observed that the
most important environmental data to be considered in
irrigation control with a wireless sensor and actuator
network are soil moisture and ambient light data. It also
shows that using the M5Rules algorithm to estimate
water consumption based on day and environmental
data and using the MLP algorithm to estimate plant
height based on day and environmental data can achieve
approximately accurate results.
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