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Abstract

Agriculture is the primary food source for humans and livestock in the world and the primary source for the economy of many
countries. The majority of the country's population and the world depend on agriculture. Still, at present, farmers are facing
difficulty in dealing with the requirements of agriculture. Due to many reasons, including different and extreme weather
conditions, the abundance of water quality, etc. This paper applied the Internet of Things and deep learning system to establish
a smart farming system to monitor the environmental conditions that affect tomato plants using a mobile phone. Through deep
learning networks, trained the dataset taken from PlantVillage and collected from google images to classify tomato diseases,
and obtained a test accuracy of 97%, which led to the publication of the model to the mobile application for classification for
its high accuracy. Using the IoT, a monitoring system and automatic irrigation were built that were controlled through the
mobile remote to monitor the environmental conditions surrounding the plant, such as air temperature and humidity, soil
moisture, water quality, and carbon dioxide gas percentage. The designed system has proven its efficiency when tested in terms
of disease classification, remote irrigation, and monitoring of the environmental conditions surrounding the plant. And giving
alerts when the values of the sensors exceed the minimum or higher values causing damage to the plant. The farmer can take
the appropriate action at the right time to prevent any damage to the plant and thus obtain a high-quality product.
KEYWORDS: Deep learning, IoT, Smart farming system, mobile application, Remote Irrigation, plant monitoring, tomato
disease.

I. INTRODUCTION humidity, precipitation, wind speed, soil content, and others,
by using sensors [4]. Thus, this data is used to automate
farming techniques to make sound decisions, reduce waste,
increase yields, and reduce the effort to manage crops.
Therefore, the [oT in agriculture is a research topic that needs
to be developed, especially in establishing systems to
monitor climatic conditions that affect plant health,
automating farming techniques, and reducing the challenges
facing this process [5]. Several methods have been proposed
for using sensors to measure and monitor environmental
factors, in addition to using DL algorithms in predicting,
classifying, and counting crops in agricultural fields [6], [7].
So IoT is involved in the agricultural field in many areas,
including Monitoring the Climatic [8], [9], automatic
irrigation of the soil to reduce water waste [10], Soil
chemical properties [11]. Drones with Sensors and Cameras
It is possible to draw maps, photograph, and survey
agricultural lands [12], As for deep learning, it has entered
into many fields, including classification of plant diseases,
pest identification, fruit counting, etc. [13], [14]. So in this
paper we focus on the tomato crop is one of the most
important crops used in abundance locally and globally, and
we have recently noticed the lack and poor quality of its local

Agriculture considered the most critical development in
human civilization, as people began farming thousands of
years ago. In the ancient culture of Mesopotamia, agriculture
was the country's main activity, and the reason for its
prosperity was the abundance of fresh water. And agriculture
continued to flourish like this. In 1979, Iraq was self-
sufficient in many crops, including wheat [1]. But at the
moment our country, Iraq, suffers from a decline in
agricultural production of all kinds in general due to several
reasons, including the little knowledge of the farmer to the
plant diseases, accommodation on agricultural land, lack of
seeds, fertilizers, water, modern agricultural machinery, etc.
[2]. We can provide farmers with a system based on the
Internet of Things (IoT) and Deep Learning (DL) to help
them protect their farms. Introducing DL in the agricultural
field is an essential modern research field. And this field
includes sub-fields that still need research and development,
such as classifying viral and fungal plant diseases, counting
fruits of all kinds, predicting the date of harvesting fruits,
knowing the type of plant, and others [3]. The applications
of IoT in the agricultural field revolve around collecting
environmental data that affect plants, including temperature,
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production. So our objective in this paper was Create a
mobile application that classifies tomato diseases based on a
deep learning Convolution Neural Network (CNN). And
designing a monitoring system on mobile based on IoT to
remotely monitor the climatic conditions surrounding the
plant and irrigate plants. Therefore, The paper proposes a
monitoring system via [oT to remotely observe the state of
plants regarding the environmental conditions and health
status and accordingly the farmer can take action so the
farmer can discover diseases, reducing the field visit to the
farm because monitoring and watering are done remotely,
thus improving the quality of the agricultural product. The
organization of this paper arranged according to the
following:

I the introduction of this paper. II related works. III the
proposed system for this paper. IV discussion for the result
obtained from this work with previous work. V conclusion.

II. RELATED WORKS

A few researchers have developed applications for remote
plant monitoring and disease detection. Uzhinskiy et al.[15]
Using the KNN (K-Nearest Neighbor) classifier to classify
15 types of diseases, they obtained a test accuracy of 86%.
To improve the accuracy, they used single-layer perceptron
estimators with a single input and output layer ending with
softmax and Adam (Adaptive Moment Estimation)
optimizer, obtaining an accuracy of 95.71% for 100 epochs
then used Apache Cordova to build Classified mobile
application but training of the network was entirely based on
the 935 images collected from the Internet. Valdoria et
al.[16] using deep learning and a set of images comprising
eleven types of plant diseases with a total of 1650 images
spread in the Philippines to build a system for classifying
plant diseases using Android Studio. The deep learning
model has been trained on images and published via Docker
for use in a mobile application by android studio, used only
few data are available for common plant diseases in the
Philippines. Smetanin et al.[17] they built a mobile
application to classify plant diseases in two methods. The
first method is inserting the image into the platform and
classifying it using deep learning. The second method is by
entering a text with the type of problem and using the BERT
(Bidirectional Encoder Representations from Transformers)
model to classify similar texts. Adedoja et al.[18] the
researchers created a mobile application using React Native
to detect plant diseases by taking a picture of the affected
plant. The training process used the NASNet model transfer
learning method and a data set of 54,309 for 14 crops
containing 32 classes of diseases. Jasim & Al-Tuwaijari,
[19] used a proposed model for CNN to train the dataset on
classifying plant diseases and building a classification
interface in Matlab. In training, the network used a database
from PlantVillage for three varieties (tomato, pepper, and
potato) of plants with a size of 20636 images and obtained
an accuracy of 98%. Muangprathub et al.[20] the
researchers developed an IoT system that works inside the
farm to monitor soil moisture and control water sprinklers
automatically through a mobile application. Analyzing the
data measured by temperature, humidity, and ultrasound

sensors using the web application and printing all sensor
values on the mobile application. Kwok & Sun [21] created
an irrigation system based on plant type recognition from
deep learning, using an algorithm previously trained with
ImageNet. As for building the application that determines the
type of plant, it was through Docker and Android Studio.
Each plant has a certain percentage of moisture based on
which the valve is opened and closed to reach the humidity
limit. Jacob et al.[22] created a system for monitoring and
classifying plant diseases using sensors and deep learning.
Where temperature, soil moisture, co2, and smoke sensors
were used, these values are sent to the application, analyzed,
and alerts are given to the farmer. In detecting diseases, the
Inceptionv3 model was used to train the data to discover
plant diseases, where the model's accuracy in the test was
74.4.

III. THE PROPOSED SYSTEM

This work established a monitoring system for the tomato
plant agriculture environment in two phases. The first is to
monitor the plant's health status and detect the types of
diseases that affect the tomato plant through deep learning
models and building an application that classifies tomato leaf
diseases. The second is building an IoT system for
monitoring and control by using the sensors to measure the
environmental factors surrounding the plant and irrigation
remotely and using the application to monitor all these
sensors' data. Fig.1 shows the general structure of the
proposed system.

A. Deep Learning Phase

Deep learning is used to classify tomato plant diseases at
this stage the classification process using deep learning went
through several steps, including collecting and pre-
processing the dataset and training the models, after which
the best model is converted to a Tensorflow Lite Model
(TFLM). Then build the application that classifies plant
diseases. The following sections explain the steps in detail.

Deep learning phase loT phase

Preprocessing !
dataset

programing sensors with
Microcontroller Unit

|( Train models E __________ i __________ N
i on dataset ) / Send sensors data to the H
””””””” i cloud
Convert the | l
! best model to ! P
| Tensorflow Lite | ! Send sensors data to the
Model {TFLM) B H cloud

Build Mobile application
phase

[

Classification plant disease. ‘ |
'

]
| Monitoring and irrigation ‘ 4'
D

remotely

’

Fig. 1: General structure of the proposed system.
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e Data Collection and Preprocessing Phase

Images of seven varieties of common tomato diseases
appearing in Iraqi farms were taken from the PlantVillage
tomato leaf dataset, a total of 11,192 images. Fig.3 shows a
set of these images and performs pre-processing, splitting the
dataset into training, validation, and testing, as shown in Fig.
4. Due to the training dataset being unbalanced do
augmentation process to remove the unbalance to avoid
overfitting during the training process through flipping,
zooming, and brightness scales, this process generated 3,846
images. Fig.5 shows the training dataset before and after
augmentation.

Moaic virus Bacterial spot

Early blight Late blight

e old

Fig. 3: Sample of the image used in training models.
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Fig. 4: The splitting of the dataset.
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Fig. 5: number of dataset after augmentation.

We noticed that the PlantVillage data are laboratory
data and lack diversity in the field environment. The model
must be trained on data with various features to increase its
strength in the correct classification. A data set on tomato
diseases were collected from Google image, totaling 114
images. Fig. 6 shows a sample of these images. Since the
dummy data obtained was few, an augmentation was also
made using the same measures mentioned in the augmented
in PlantVillage dataset. Table I shows the data collected from
google and their number after the augmentation using the
generated images in the training and accurate images for the
test. And finally, resize images from (256 x 256) to (224 x
224) to fit the pre-trained network entries used.

tock o 1058064455

Yellow ‘leaf virus

Early blight

Late bligt ‘
&
T
Y ¢
v 4
Leaf mold

Fig. 6: Sample of tomato disease from google image.

TABLE I:
NUMBER OF IMAGES COLLECTED FROM GOOGLE AND AUGMENTED.
Augmentation
Tomato disease Actual image
image
Mosaic virus 13 130
Yellow leaf curl
15 120
vires
Bacterial spot 18 126
Healthy 7 56
Early blight 21 168
Late blight 21 168
Leaf mold 19 112
Total 114 880
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e  Training and Testing Phase

After dividing the dataset, used 12,771 images in the
training and validation process, where two models were used
in extracting features from the images. The first model
proposed for CNN consists of three main layers: the first is
the input layer, the second is the hidden layers (feature
extraction), and the third is the classification layer (output).
Fig.7 shows the structure of the proposed model used in the
training dataset.

The second model is pre-trained, MobileNet v2, which used
the transfer learning method of the model to train the dataset
by taking the network weights. And fine-tune the input layer
with a dataset for tomato plants and the output layer with an
output layer for seven classes of plant diseases.

As for the parameters used in training the two networks, we
used an optimizer of type Adam, categorical crossentropy
loss function, batch size=64, epochs=50, and accuracy
metric. Table II shows the training accuracy and validation
values obtained from training the two models. Fig.8 shows

the accuracy and loss function curve during the training
process.

Table II
ACCURACY FOR TRAINING AND VALIDATION MODELS.

Training Validation
Proposed method
accuracy accuracy
MobileNet_v2 99.89% 96.7%
Proposed method 98.15% 97.41%

Tested the two trained models on the test dataset of 2267
images and used metrics confusion matrix, precision, recall,
fl-score, and accuracy in measuring the validity of the results
obtained. Table I1I shows the values obtained during the test
of the two models.

32 Channels

Input image

224x224 224X224

128 Channels

32 Channels

128 Channels — 64 Channels
/ eszzzzIIITTT -_D -."-‘":«ﬁ:: g
7X7
14X14 14X14
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Dense 128

0% tomato early blight

0% tomato late blight
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0% tomato mosaic virus

64 Channels
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56X56

28X28
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( ) Dropout 0.2

G ‘: Dropout 0.5

Fig. 7: The structure of the proposed model.
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Fig. 8: Curve for training accuracy and loss for (a) proposed method, (b) MobileNet v2.
TABLE III 10:26 G L)
TESTING METRICS FOR PROPOSED METHOD AND MOBILENET_VQ,.
Testin . . F1-
Models g Precision = recall
accuracy score
MobileNet_v2 96.6% 96% 96% 96%
Pr()p()sed Classified as: Classified as:
method 97.62% 97% 98% 97% Tomato_Late_blight Tomato_YellowLeaf__Curl_Viru

e Build Classified Application Part

At this stage, it is building a classification section for
tomato plant diseases in the mobile application using
Android Studio. The proposed model converted to TFLM
provides many advantages, including small size and fast
conclusion, enabling it to work on a mobile device with
limited memory and computing. Android Studio builds the
application's front end through the activity main.xml file
and the backend through the MainActivity.java file.
Therefore, built the application's front end to contain two
buttons (Gallery) for fetching photos from the gallery to
classify them and (Take Picture) for taking photos using the
mobile camera. And the third button (Disease Cause)
displays the causes of the disease. After completing the step
of building the classification interface, programmed the
application's backend to classify tomato leaf diseases using
TFLM with print classification confidence. Mobile
application was run on the Android operating system and has
been tested on 114 images for tomato diseases collected from
the internet due to the difficulty of obtaining actual test
samples. As the classification of this image is shown in Fig.
9, where (a) represents the classification image for late blight
disease, and (b) for yellow leaf curl virus. Therefore, when
the farmer discovers that the plant has a disease, he can know
the type of disease through this phase of the application.

Confidences:
00%

D

a b

Fig. 9: Test mobile app to classification google image for
tomato diseases with actual classification results.

B. 10T System Phase

At this stage, we use the [oT system to monitor the
environmental conditions of the plant and control irrigation
remotely. A set of sensors is used to measure environmental
conditions and programmed using a microcontroller to send
data via WiFi to the cloud. Then the data is called to the
mobile application for processing and decision-making.
Sensors monitor the environmental conditions surrounding
the tomato plant, which affect it, including temperature and
humidity, soil moisture, water quality, and carbon dioxide
concentration ( Co,). And use the soil moisture sensor for
remote plant irrigation. Fig.10 shows the flowchart for
monitoring and irrigation system remotely.
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Fig. 10: Flowchart of IoT system for monitoring and irrigation remotely.
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e  Hardware Tools for System

Building a monitoring system requires a set of
hardware tools that measure the values of the environmental
conditions surrounding the plant includes:

1- DHT22 (Digital Humidity and Temperature) is a sensor
for measuring the temperature and humidity of the
atmosphere surrounding the plant. It was characterized by
its accuracy, low cost, and ease of reading its digital
signal by the controller. Its temperature reading ranges
between (-40-80°C) and its humidity reading between (0-
100%). Use this sensor because the temperature and
humidity of the air are among the most critical factors that
affect the photosynthesis process.

2- Analog soil moisture sensor, which measures the
percentage of water available in the soil for automatic
irrigation. To improve the water use of crops and reduce
the appearance of root rot diseases due to the high
humidity of the roots.

3- MQ 135 sensor to measure the percentage of CO2 gas in
the air surrounding the plant for its necessity in the
process of photosynthesis and plant growth. Its ratio in
the air ranges (0-3000 ppm) and the useful ratio of the
plant is between (300-1800 ppm).

4- TDS (Total Dissolved Solid) analog sensor to measure
water quality for irrigating crops, as it measures the
percentage of dissolved solids in water in PPM unit,
where its value ranges (0-500 ppm) suitable for irrigation,
but more than 500 ppm is invalid.

5- The water pump is used to pump water to the farm. It
operates at a voltage of 12 V, weighs 69 G, and pumps
240 L/H.

6- Relay to control of the water pump through the digital
signal.

7- NodeMCU (Node Micro Controller Unit) ESP8266
Wireless has powerful on-board processing and storage
that allows it to be combined with other sensors and
devices through its GPIO modules. It features nine digital
signals and one analog signal.

8- 16 Analog Multiplexer is used to control the analog
signals digitally. It is used here because our work needs
three analog signals while the NodeMCU contains only
one analog signal.

9- Rechargeable lithium battery with a voltage of 3.7 to run
water pump.

e Software Tools for System

To program the sensors and build the
monitoring and irrigation system, we need to open
source Arduino IDE, version 1.8.16. use to program the
NodeMCU with the sensors. Firebase cloud is a
platform developed by Google for realtime mobile and
web applications to store sensor values in the realtime
database. Using Android Studio for building part of the
monitoring and control system application. The steps
below illustrate the process of building a monitoring and
irrigation system.

e  Design Monitoring & Irrigation System

At this stage, the monitoring and control system was
designed following several steps: sensors are programmed
through the Arduino IDE program, and the code is uploaded
to the NodeMCU board. The control of the water pump is
done by connecting it to a relay that works as an electric
switch by entering a control signal into it by the controller
board. And through the Esp8266 piece on the board,
NodeMCU sends the sensor values to the firebase cloud
every half hour via WiFi. Fig.11 shows the final design of
the IoT system.

‘7\*\’3 NodeMCU

Water pump
|\
Co2 sensor

multiplexer

Humidity &
temperature sensor

(7=
@)

Soil moisture sensor

Water quality sensor

Fig. 11: 10T system design.
e Build Monitoring and Irrigation Application Part

At this stage, created the application section is
responsible for monitoring plant and irrigation remotely
using Android studio. First, Android Studio is connected to
the Firebase to read and deal with the sensor values. In the
monitoring section, the application's front end is built,
consisting of four donut progress bar sfor humidity,
temperature, Co2, and TDS for water, through which data
from the Firebase is read and seen, with alerts printed for
each read value. The remote irrigation interface contains one
donut progress bar to read the value of the soil moisture
sensor and print the alert message. Through the read, value
farmers can use the ON and OFF buttons on the irrigation
interface to opening and closing of the water pump. The
sensor values are read inside the mobile application,
processing and printing the values in the interface for climate
monitoring. Fig.12 monitoring interface contains the values
of temperature, humidity, co2, and water quality . With alerts
set for each sensor if the read values exceed the minimum or
maximum allowed for tomato plants.

In the plant irrigation section, the farmer is controlled by
turning ON and OFF the motor, as shown in Fig 13, where
the soil moisture sensor reads the soil moisture value. If the
value of the sensor is 500-600, the soil is dry, he starts the
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motor, and then the value changes between 100-300,
meaning the soil is wet. But if the sensor reads another value,
it is moving from the soil, and its reading is wrong.

40°C  y TeMperature

’ £ high

60% Humidity [~
£ Normal

654ppm CO2 in Air
£ Normal

100ppm 5 Water Quality
\ , £ Acceptable

0 B
Fig. 12: Read sensors data.

541% 1024% 168% ’

Soil Moisture Soil Moisture. Soil Moisture

A oy f  eror a  wet
g3
_—
<
\/ \}.';"’ \/
- G5 e
Motor Status Motor Off Motor On @
f =) ft 3 fr =
a b c

Fig. 13: Irrigation system where (a): sensor read dry soil,
(b): motor on and soil is wet, (c) represent error reading for
the sensor.

IV. DISCUSSION

The monitoring system designed using deep learning
and IoT is proven effective at work. In terms of deep
learning, we have discovered its effectiveness in classifying
tomato diseases with high accuracy of 97%, even with field
images that lack training. Thus, the farmer can rely on it to
determine the plant's type of disease with high accuracy. In
terms of monitoring using sensors, the system has proven its
effectiveness in reading sensor values and giving alerts when
tested. Thus, the monitoring system is like a farmer's eye on
his farm. He can monitor it remotely by alerting him if the
read values of temperature, humidity, soil moisture, water
quality, and co2 exceed the permissible limit for the plant.
The automatic irrigation system was the complementary part
of this system. For the farmer to have the ability to control
and monitor his farm fully, the system proved its ability to
irrigate crops remotely through the farmer’s control of

IJEEE |

opening and closing the water pump according to the reading
alert message. Fig. 14 IV shows the comparison of our
system with previous related work.

Mobile or
The system Deep Dataset Testing ToT web The objective of
learning used accuracy | technique | application the system
technique technique
Alajrami & 5266 93% Determining the
Abu-naser v image of for - - type of tomato
23] tomato proposed crop
type CNN
Alhasnawi v Web Smart irrigation
et al. [24] - - - application system
Badran & Smart irrigation
kashmoola - - - v - system
[25]
Monitoring and
Faisal control on
shenan et - - - v Web temperature,
al. [26] application light, and smart
irrigation
Al-Akkam 34,934 96.18%
& Altaei images for the Classify plant
127] v for 15 proposed - - disease
classes of CNN
plant
disease
Jacob et Public 74% v Web Monitoring and
al.[22] v dataset application classifying image
11,192 97.62% Classify tomato
images for the Mobile diseased, and
Our system for proposed v application monitor weather
v tomato CNN conditions with
plant smart irrigation

Fig.14: Comparing the proposed system with a group of
previous methods.

V. CONCLUSIONS

At the end of this work, one can conclude that there is
an attempt to create a smart farm utilizing the power of Deep
Learning and IoT techniques. Both are integrated via
developing a mobile application using android studio tools.
The proposed system enables the farmer to manage his farm
without needing residency inside the farm. The resultant
smart farm collects the environmental information that
affects crop status utilizing the IoT assets. analyze this
information to issue timely alerts to the farmers through the
mobile application. This alert enables the farmer to make
suitable decisions to protect his crop from disasters. Thus,
increasing the quality and quantity of production while
reducing the losses, improving the human labor used, and
reducing the challenges facing the farms at present, including
the increase in temperatures, the change in the level of
rainfall, the lack of water, and Plant diseases and the
difficulty of identifying them and others.

And by using deep learning, the farmer can easily identify
the type of disease that the plant has. Our system designed to
classify tomato diseases exceeded the accuracy test 97% by
using 15,918 images from PlantVillage and google images
after augmenting it to solve unbalanced and A few field
images in google. And thus, it can be relied upon in
classifying and taking the appropriate action to prevent the
spread of the disease without the need to call agricultural
experts, thus saving more time and money.

By using the sensors for measuring the environmental
conditions surrounding the plant, the farmer can monitor his
farm remotely without needing to visit it in the field, and he
can irrigate his farm remotely using the automatic irrigation
system. The work of the application is not limited to
monitoring conditions only. It also can send alerts to the
farmer by reading the values of the sensors and comparing
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them with a threshold limit for the appropriate climatic
conditions for the tomato plant. If it exceeds it, the farmer is
alerted to take the proper action to reduce its impact on the
plant. Since the designed system has proven its efficiency in
classifying tomato diseases and in monitoring the
environmental conditions of the plant and automatic
irrigation.
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