Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

Identification of Plant Diseases in Jordan Using
Convolutional Neural Networks

Moy'awiah A. Al-Shannaq

moyawiah, s@uyu, edu, jo

Yarmouk university

Shahed AL-Khateeb
Yarmouk university

Abed Al-Raouf k. Bsoul
Yarmouk university

Ahmad A. Saifan
Yarmouk university

Article

Keywords: Computer Vision, Convolutional Neural Nets, Learning (Artificial Intelligence), Diseases, Image
Classification, Image Processing

Posted Date: October 16th, 2024
DOI: https://doi.org/10.21203/rs.3.rs-4900445/v1

License: €© ® This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: No competing interests reported.

Page 1/36


https://doi.org/10.21203/rs.3.rs-4900445/v1
https://doi.org/10.21203/rs.3.rs-4900445/v1
https://doi.org/10.21203/rs.3.rs-4900445/v1
https://creativecommons.org/licenses/by/4.0/

Abstract

In the realm of global food security, plants serve as the primary source of sustenance. However, plant
diseases pose a significant threat to this security. The process of diagnosing these diseases forms the
bedrock of disease control efforts. The precision and expediency of these diagnoses wield substantial
influence over disease management and the consequent reduction of economic losses. Conversely,
incorrect diagnoses can render interventions ineffective, leading to agricultural crop deterioration and
compounding economic hardships for both farmers and their respective nations. This research
endeavors to diagnose the prevalent crops in Jordan, as identified by the Jordanian Department of
Statistics for the year 2019. These crops encompass four key agricultural varieties: cucumbers,
tomatoes, lettuce, and cabbage. To facilitate this, a novel dataset known as "Jordan 22" was
meticulously curated. Jordan 22 was painstakingly compiled through the collection of images featuring
both diseased and healthy plants, captured within the confines of Jordanian farms. These images
underwent meticulous classification by a panel of three agricultural specialists, well-versed in plant
disease identification and prevention. The Jordan 22 dataset comprises a substantial size, amounting to
3210 images. Following the compilation of this dataset, a series of preprocessing steps were executed.
These encompassed the standardization of image backgrounds and the uniformization of image
dimensions. Furthermore, image augmentation techniques were applied to the dataset to expand its
diversity. Subsequently, a deep learning model, the Convolutional Neural Network (CNN), was
meticulously trained on the augmented dataset. The results yielded by the CNN were nothing short of
remarkable, with a test accuracy rate reaching an impressive 0.9712. Optimal performance was
observed when images were resized to 256x256 dimensions, and max pooling was employed in lieu of
average pooling within the pooling layer. Furthermore, the initial convolutional layer was set at a size of
32, with subsequent convolutional layers standardized at 128 in size. In conclusion, this research
represents a pivotal step towards enhancing plant disease diagnosis and, by extension, global food
security. Through the creation of the Jordan 22 dataset and the meticulous training of a CNN model, we
have achieved substantial accuracy in disease detection, paving the way for more effective disease
management strategies in agriculture.

1. INTRODUCTION

Farmers and agricultural experts can discover plant diseases through the naked eye. The process of
diagnosing plant diseases through the naked eye was characterized as inaccurate, and there is a need
for an expert in the field of plant diseases; because of the different diseases and the similarity of the
different symptoms of diseases from different plants. Plant leaves are the basis for recognizing plant
disease; most disease symptoms may begin to appear on the leaves. Agriculturalists with less expertise
may face difficulties assessing the infection that has infected the plant, affecting quality and yield [1]. In
1852, Ireland faced a great famine, often known as the Irish potato famine, which cost over a million Irish
lives. Result of the spread of late blight on potato plants resulted in the loss of 70% of agricultural
production. Despite the world's attempts to control pests with 11 pesticides, pathogens have led to a
decline in agricultural production and a decrease in its quality [2].
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Plant diseases are responsible for crop damage due to the rapid spread of diseases among agricultural
crops, which require early and continuous diagnosis and appropriate treatment in a timely way.
Misdiagnosis causes massive losses for farmers and decreased crop yields, which leads to higher
pricing and economic instability. Accurate disease identification is required in order to provide disease
information. Incorrect plant disease diagnosis leads to the use of inappropriate pesticides, the use of
pesticides on agricultural crops leads to long-term resistance to plant diseases and the inability to
manage disease spread among agricultural crops, resulting in economic losses and threatening global
food security. The economy of developing countries depends primarily on agricultural productivity.
Reduced agricultural production losses will help to accomplish one of the Sustainable Development
Goals (SDG) of eradicating hunger and protecting water [3].

Effective detection technology will assist in decreasing agricultural economic losses related to incorrect
diagnosis that leads to the destruction of crops due to the rapid spread of disease among plants. There
are numerous efforts by the scientific research community in the agricultural field to use Artificial
Intelligence (Al) in diagnosing plant diseases through Deep Learning (DL)[4] and Machine Learning (ML)
[5] to identify diseases in various plants around the world. Al is used in different topics, and researchers
around the world are becoming increasingly interested in neural networks (ANN), especially in the fields
of recognition, prediction, and big data. Intelligent systems have been widely used in computer vision
and many other applications and have a relatively competitive advantage.

The four core areas of Al are ANN, fuzzy inference systems, expert systems, and evolutionary
computing. ANN can perceive human behavior [6]. Image classification is a difficult task. Multiple DL
techniques, such as ANN, CNN, Recurrent Neural Network (RNN), Generative Adversarial Network (GAN),
Long Short-Term Memory Networks (LSTMs), Radial Basis Function Networks (RBFNs), and Multilayer
Perceptron (MLP), are used to identify various types of plant diseases. Al is a burgeoning revolution in
agriculture. Al improves agricultural yield, production, and quality through real-time monitoring and
harvesting [7].

There are many contributions to solving the problems of agriculture with Al, such as the use of Al in
diagnosing plant diseases. Many researchers have used different models of Al to discover the diseases
of plants, but there are some challenges, and a group of studies has suffered from a set of problems as
some studies suffer from the use of a dataset of misclassified images, which leads to misinformation

[8].

The common dataset used by researchers was called PlantVillage[9], an open-source database for
researchers around the world that is used in the field of identifying plant diseases. The researchers used
PlantDoc [7]and PlantVillage [9]. This work aimed to contribute to building a dataset containing images
of healthy and diseased plant leaves of tomatoes, cucumbers, cabbage, and lettuce. A high-quality
smartphone camera captured the images of plant leaves, and experts in the field of plant diseases
classified the images. We used DL, a Convolutional Neural Network (CNN) that has proven helpful in the
field of computer vision, to identify diseases that affect crops cultivated in Jordan. The dataset was
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collected manually by capturing infected and healthy plants; agricultural experts classified these images.
The next phase was preprocessing the dataset and, finally, training the CNN model on the dataset and
getting results. The importance of the results of the study lies in obtaining the best CNN model that does
not suffer from the problem of overfitting and has high accuracy and a low rate.

2. RELATED WORK

Some scientific studies in the field of plant disease classification using ML and DL algorithms were
presented in this section. Previous research was classified into two categories: ML and DL.

2.1 Deep Learning in Plant Disease

The DL uses ANN designed to mimic the way humans think. DL aims to find features without the need
for humans. DL needs more powerful hardware than ML. The one kind of hardware operated by DL is
Graphical Processing Units (GPUs). In 2022, [10]For training the internal damage segmentation network
(IDSNet), an attention-based generative adversarial network (AGAN) was created to produce artificial
pictures. The F1-score and sensitivity provided by the IDSNet over a test set are both 0.941. In 2021, to
support applications for precision plant protection and computer vision applications in agriculture [9], a
CNN was used to discover 38 different plant diseases, and the CNN provided an accuracy of 88%. In the
study [11], they proposed to classify citrus diseases using transfer learning. They used the following
models: InceptionV3, ResNet50, VGG16, and VGG19, which are pre-trained models on a large dataset
(ImageNet). Data augmentation was used to obtain more reasonable classification accuracy. The results
indicate that VGG19 achieved the greatest level of training accuracy at 99.89%. This study[12] proposes
to identify plant diseases by utilizing VGG16 and Resnet34. The model can identify 38 different kinds of
plant diseases. The accuracy provided by Renet34 was 97.77, and VGG16 was 97.58. In this study,[8]
proposed a CNN model to detect seven plant diseases, where the dataset contains 8685 leaf images
from the PlantVillage dataset. The performance metrics that were used (F1 score, accuracy) are:
accuracy is 996.2%, and the F1 score is greater than 95%. This study[13] suggested the accurate
detection of pests or diseases that have attacked the Kenaf plant. Kenaf fiber was mostly utilized in
alternative industrial goods made from forest wood. They used a VGGNet model on a Kenaf dataset that
includes 838 images, providing an average accuracy of 73%. Table 1 shows a set of techniques that have
used deep learning to identify plant diseases
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Table 1
Previous studies in identifying plant diseases using different DL techniques.

References Dataset Classifier ~ Accuracy
[9] PlantVillage CNN 88%

[8] PlantVillage CNN 96.2%
[12] Kaggle database Resnet34 97.77%
[14] Plant Pathology 2020 FGVC7 dataset DLCNN 99.13%
[15] Rice leaf diseases dataset GitHub CNN 51.2%
[16] PlantVillage ResNet50 98.93%

2.2 Machine Learning in Plant Disease

Based on the data type, ML requires defining and hand-coding the applied features. ML can run on low-
end devices with less computational power.

In 2021, [16]proposed the use of a decision tree model, and a current generic method for wheat disease
classification has been developed. Domain specialists enhanced decision tree accuracy by 28.5%. The
decision tree provides an accuracy of 94.7%. In this study [17], the images of the plant's leaf are in RGB
format. To increase the quality of the image, preprocessing was used to eliminate any type of noise. The
Gray Level Concurrence Matrix (GLCM) was used to extract characteristics that are utilized to determine
the spatial gray level difference in an image. Contrast, correlation, energy, and homogeneity were some
image properties retrieved using GLCM. The dataset used for training was obtained from the Internet and
included images of plants infected with various diseases as well as healthy leaves. K-means clustering
was used to cluster objects so that the objects inside the cluster have similar properties. The Euclidean
distance was used to calculate the distance.

The classifier used for classifying SVM In 2020, [18]proposed the use of a random forest classifier for
the detection of plant disease on PlantVillage, a publicly available dataset. The dataset was separated
into a training set of 80% for model training and a test set of 20% for verification. To improve the degree
of accuracy, a K-fold cross- validation approach was used. The RGB image was converted to grayscale
before being smoothed with a Gaussian filter. After extracting the color characteristics from the image,
textures such as contrast dissimilarity, homogeneity, energy, and correlation were retrieved from the
GLCM. The random forest classifier has a 93% average accuracy and an F1 score of 0.93.

In 2019,[19] proposed to detect the three most common diseases that occur in the sugarcane plant in
India: red rot, mosaic, and leaf burn. A combination of extracted features such as color, size, and shape.
Clustering was performed using a k-means cluster algorithm. Based on this, the image was segmented
into different regions, including diseased parts and non-diseased parts. GLCM was applied to the images
to get features. The Multi-SVM classifier is used to classify images by type of disease. Table 2 below
shows, a different study in the field of identifying different plant diseases using multiple ML models.
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Table 2
Previous studies in identifying plant diseases using different ML techniques.

References Dataset Classifier Accuracy

[16] Surveys, interviews, and field experts’ Decision Trees  94.7%
responses.

[5] Data were from internet. K-Means, SVM  Not specified

[20] PlantVillage Random Forest 93%

[21] PlantVillage Random Forest 95.2%

2.3 Discussing Previous Studies

The model's performance deteriorated when the dataset was imbalanced and the number of data
samples was small. For the DL models on plant disease detection, increasing the number of data
samples in the dataset was required to increase model performance. When the number of images in the
dataset was not large enough for training, the data augmentation approach can be used to satisfy the
requirements. In the ML algorithm, SVM was a better choice for disease detection [7], [19]. A feature
extraction technique was required for all deployed ML algorithms. This feature extraction method was
not required for DL models [22]. In DL models, in this study [13], the size of the dataset was 838 images.
The data augmentation technique was not used to increase the size of the dataset. Here, VGGNet was
used. The training accuracy reached 0.9375 and the validation accuracy reached 0.4889 at 400 epochs.
We should point out that the performance was poor since the dataset was small and the data
augmentation technique was not applied, even if the dropout layer exists. In this study[15] a CNN model
was used to identify three diseases of rice. The average training accuracy of 91.41% and the average test
accuracy reached 51.19%. Here, the dataset contains 2239 leaf images, the data augmentation
technique was not used, and the dropout layer was not used. This study[11] suffered from the problem of
overfitting where the accuracy of the validation reached 0.8268 and the accuracy of the training reached
0.9989 when using a VGG19 model on ImageNet dataset where the number of images was fewer than
1000 images. This study suffered from an overfitting issue. In this, study[23] despite the use of a large
dataset for the classification of plant diseases, PlantVillage was used, and the data augmentation
technique was applied to PlantVillage, which contains images of both healthy and diseased plants,
demonstrates the importance of data augmentation techniques in the field of identifying plant diseases
using DL techniques. This study[8] suffered from a very limited dataset. This study[13] suffered from the
use of a dataset of incorrectly misclassified images, which caused a decrease in the accuracy of the
model. The CNN was considered the latest technology in image recognition systems and was able to
provide a fast and accurate diagnosis [7]. The DL models outperformed the ML models in classification
accuracy, according to previous studies in the same area. In this research, we applied a CNN model to
the newly collected dataset. The dataset utilized in previous studies was not used in this study. To
prevent the errors that past studies have made, all images of plants and their diseases were collected
manually with the support of specialists in the field of diagnosing plant disease, and it was important to
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increase the amount of data by using data augmentation. To solve the problem of overfitting, we used a
dropout layer in CNN and compared the performance with other studies.

3. RESEARCH METHODOLOGY

In this section, we demonstrate the dataset used and the technique used to identify plant diseases.

3.1 Overall Research Design

shows the main stages of the study. The first stage loads the dataset containing RGB images of plants;
the second stage performs image preprocessing, then applies the | model for training and testing, and
finally obtains the performance of the model. FIGURE 1 shows the main stages of the study. The first
stage loads the dataset containing Red, Green and Blue (RGB) images of plants; the second stage
performs image preprocessing, then applies the CNN model for training and testing, and finally obtains
the performance of the model.

The first stage, as seen in FIGURE 1 is the collection and construction of a dataset including images of
Jordan's most farmed plants for the year 2019, which include tomatoes, lettuce, cabbage, and
cucumbers. The dataset includes images of both diseased and healthy plants. Three agricultural
specialists with expertise in plant disease identification classified the images. The next stage was image
preprocessing by standardizing the size of the images and increasing the size of the dataset by using
data augmentation in the dataset. Finally, use the CNN model to train and test the dataset to evaluate the
accuracy of the CNN model.

3.2 Research Phases
3.2.1 Data Collection

Our dataset was collected manually by capturing it with a smartphone camera. The gathered dataset
was named Jordan22 [17]. It contains a set of images of unhealthy and healthy plants that were
classified by experts in the field of plant diseases and prevention. The experts who reviewed and
classified the dataset were the first expert’ with experience in the field of plant diseases for more than
20 years, and the second and third experts? from the National Agricultural Research Center (NARC)
specialized in the field of detecting plant diseases from the department of plant disease prevention at
the NARC. These experts have classified the images of unhealthy and healthy plants from the Jordan22
[17]dataset, which was collected from different regions in Jordan, including Ramtha, Mafraq, and
Mansheya. The TABLE 3 shows the specifications of the image database that was created.
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Table 3
Specifications of the images on the Jordan2?2 dataset[17].

The types of plants Cucumber, tomato, cabbage, and lettuce

Size of dataset 2310 RGB

The stages of plants The vegetative stage, the flowering stage, and the fruiting stage
Device name iPhone 12 Pro Max

The agricultural areas The agricultural areas

Camera specifications 12-megapixel resolution

Type of image format Joint Photographic Group (JPG)

Disease type of cucumber  Downy mildew
Disease type of tomato Early blight
Disease type of cabbage Downy mildew

Disease type of lettuce Leaf miners

In this research, images of diseased and healthy plants were collected manually. In FIGURE 2 the blight
disease on a tomato crop in different datasets used by researchers in the field of identifying plant
disease using Al, the right image is from the PlantVillage dataset [24], the mid image is from the
Jordan22 dataset, and the left image is from the PlantDoc dataset [25]. As shown in the FIGURE 2, we
can see tomato blight on different datasets.

Some images in the PlantDoc dataset were incorrectly classified due to a lack of in-depth expertise in
plant diseases [25]. The dataset of images in the Jordan22 dataset is captured by a high- resolution
smartphone camera on a group of farms in Jordan. According to the Department of Statistics (DOS)
2019, cucumbers are the most productive in Jordan, tomatoes, cabbage, and lettuce [26]. We used the
CNN model to detect plant disease in the Jordan22 dataset. The dataset comprises 2310 in red, green,
and blue values; they are known as RGB images of healthy and unhealthy plant leaves with 8 classes.
There are 1278 images of diseased plants and 1032 images of healthy plants. Table 4, details the names
of the plants, the type of disease that affected them, and the number of images taken of the diseased
plants and healthy plants [17]. FIGURE 3 shows a group of images taken from the Jordan22 dataset [17].
The database was divided into 70% for training, 15% for validation, and 15% for testing as described in
Table 5.
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Dataset Specifications [17].

Table 4

Plants Class Number Category Name Number of Image
Cucumber C1 Healthy 264

C2 Downy mildew 291
Tomato C3 Healthy 385

C4 Blight disease 516
Cabbage C5 Healthy 282

Cé6 Downy mildew 386
Lettuce C7 Healthy 101

C8 Leaf miners 85

Table 5

Test, train, and validate the number of

datasets.

Number of train dataset

Number of validation dataset

Number of test dataset

Total

1618
346
346
2310

3.2.2 Preprocessing
- Unify the Backgrounds

The objective of unifying all image backgrounds is to minimize the noise in the dataset images. All image
backgrounds are white; the CNN model can target plants without being distracted by other factors in the
background. FIGURE 4 shows an image from the Jordan22 dataset where the background is white.

. Standard Image Size

The images were reconstructed in square ratios (mx n), which were required for inclusion in the CNN
model. The dimensions of this image are mxnx3, where the width is m, the height is n, and the depth is
three. Images resized to mxn pixels' resolution to reduce computational time. The images in Jordan22

dataset are in RGB format.

- Data Augmentation
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Data augmentation is a critical stage in image classification in DL. Data augmentation applies various
alterations to original images, resulting in many altered replicas of the same image. Each copy is distinct
from the other in certain aspects relying on the augmentation techniques including, shifting, rotating,
flipping, etc. Involving these little alterations in the original image has no effect on the target class, but
rather feeds an unknown vision in real life. These data augmentation approaches can increase the
quantity of the dataset in addition to incorporating a degree of interpretation, allowing the model to
generalize better using unknown input. Furthermore, when trained on previously undiscovered, slightly
changed images, the model becomes more robust. The ImageDataGenerator class guarantees that the
model obtains the most recent image variations every epoch [27]. The training with ImageDataGenerator
by applying random transformations to each image in the batch and replacing the original batch of
images with a new randomly transformed batch [27]. Table 6 Shows the image augmentation techniques
used for the Jordan22 dataset.

Table 6

ImageDataGenerator Args
and values that used.

Args Value
shear_range 0.2
zoom_range [0.5,1.0]

horizontal_flip  True
fill_mode Nearest

rotation_range 25

The ImageDataGenerator class was designed to provide real-time data augmentation, while the model
was still in the training phase. FIGURE 5 shows the use of data augmentation that adds multiple new
images that did not previously exist in the dataset, consequently improving model performance.

3.2.3 Using Deep Learning Model

The phrase "deep learning" in a deep neural network refers to the number of layers in a neural network. In
this section, we showed the CNN model structures.

. Convolutional Neural Network (CNN)

CNN is a feedforward neural network that is very effective in image processing. CNN includes three
layers a convolutional layer, a pooling layer, and a fully connected layer. CNN is a popular place for
scientific study in many domains, particularly pattern recognition. Because of its ability to input original
images without requiring complex preprocessing.
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FIGURE 6 demonstrates that CNN processes an image as an input and produces a distribution of class
scores, which can be used to determine the most likely class for a given image.

The color images were transformed into three-dimensional value cubes with width, height, and depth.
The number of colors used determined the depth. Most color images were represented by three colors:
red, green, and blue values; these images are known as RGB images, and they have a depth of three.
FIGURE 7 depicts Cucumber disease in RGB layers.

The first layer of the CNN network analyzes the incoming image. The convolutional layer is composed of
a series of convolutional filters. Each filter extracts a different type of characteristic. The convolutional
layers produce a series of feature maps (also known as activation maps), which are filtered
representations of an original input image.

The filters are often smaller than the actual image. Each filter interacts with the image to generate an
activation map. The filter was slid over the height and width of the image for convolution [28]. The
weights of the filter help to extract meaningful information from the image the convolution includes a set
of learnable filters in the form of a matrix (width, height, and depth). The convolutional layer is in charge
of identifying patterns. A large number of filters are required to detect a pattern in an image in a complex
dataset with many different object types, which indicates convolutional layer dimensionality can get
large. Higher dimensionality necessitates the usage of additional parameters, which might result in
overfitting. Therefore, we need a way to minimize this dimensionality. This is the role of CNN's pooling
layers. As seen in FIGURE 8, the convolution layers input is on the left side. Feature extraction
convolution filter can be seen in the middle sub-figure. The convoluted image result is shown on the right
side of the figure.

The Max pooling layers examine regions in an input image and choose to maintain the highest pixel
value in that area, therefore, resulting in a reduced-size area. Feature extraction aims to minimize the
number of features. Feature extraction was made up of multiple pairs of convolutional and pooling
layers. The pooling layer generates new features that summarize the new features from an initial set of
features. The most common is max pooling, which computes the maximum value for each feature map
patch. Average Pooling saves a lot of information about the "less essential" parts of a block or pool.
Whereas max pooling simply discards them by selecting the highest value. FIGURE 9 depicts a basic
max pooling layer and the average pooling layer utilizing a 2x2 sliding window. FIGURE 9 illustrates the
difference between max pooling and average pooling, with max average taking the largest number, while
average takes the average[29].

The features extracted on the convolutional layers and pooling layers were straightened and placed at
the fully connected layer to classify results. The objective of a fully connected layer is to connect the
input it sees to the correct type of output. This entails transforming an image feature matrix into a
feature vector with dimensions of 1xC, where C is the number of classes. The last fully connected output
layer often uses the Softmax function as the activation function to aggregate all local features into
global features and determine the score for each type. In our Jordan22 dataset, there are eight different
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classes. The fully connected layer can turn feature maps into a single feature vector that has dimensions
1x8. Then the Softmax function turns that vector into an 8-item long probability distribution in which
each number in the resulting vector represents the probability that a given input image falls in class 1,
class 2, class 3, ... class 8. This output was called the class scores and from these scores, we can
extract the most likely class for the image. A complete CNN was built from convolutional, pooling, and
fully connected layers, but there are extra layers that may be added to prevent overfitting. A dropout layer
is one of the most often used layers to add to avoid overfitting. When the network trains, certain nodes
may dominate others or make huge mistakes, hence dropout allows us to balance our network so that
every node works equally towards the same objective, and if one makes a mistake, it does not dominate
the behavior of our model. Dropout is a strategy for making a network robust; it ensures that all nodes
operate effectively together by ensuring that no node is either weak or too powerful. Dropout layers
probabilistically disable some nodes in a layer. Dropout guarantees that all nodes have an equal
opportunity to attempt and classify different images during training, and it decreases the risk that a few,
strongly weighted nodes would dominate the process.

4. Experimental Results

A number of modifications were made to the CNN structure. In the CNN model, we first investigated the
effect of image size on learning. Secondly, we investigated the impact of max and average pooling on
training and testing accuracy. Thirdly, we investigated the impact of changing the size of conv2D.
Fourthly, we investigated the impact of adding padding to the Maxpooling layer. Finally, we examined the
impact of the dropout layer in the CNN network. The data were divided into a ratio of 70:15:15 for
training, validation, and testing respectively. dataset split into training, validation, and testing sets
following the 70:15:15 ratio with 1618, 346, and 346 images, respectively.

4.1 Result of Changing the Resolution of the Images in
Model Learning:

The CNN models No.1, No.2, No.3, No.4, and No.5 all have the same structure as described in Table 7,
with the first conventional layer being 32, the second and third conventional layers being 64, and the
remaining layers being 128. The dropout layers were used. The padding for the pooling layer was not
used. The max pooling was used in the pooling layers; the only difference in those CNN models was the
size of the images in the dataset.
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Table 7
The structures of the first five CNN models.

CNN Structure No.1, No.2, No.3, No.4, No.5
Conv2D 32
Padding for Conv2D same
Max Pooling (3,3)
Padding for Max Pooling  NA
Dropout 0.25
Conv2D 64
Conv2D 64
Max Pooling (2,2)
Dropout 0.25
Conv2D 128
Conv2D 128
Max Pooling (2,2)
Dropout 0.25
Dropout 0.5
Epoch 25

As shown in Table 8. We found that the CNN model No.3 with an image size of 256 pixels x 256 pixels
had the greatest test accuracy of 90.65%.
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Table 8
The result of changing the resolution of the images in the CNN model.

CNN No.1 No.2 No.3 No.4 No.5
Structure

Image size (352,352) (288,288) (256,256) (224,224) (128,128)
Train 0.9396 0.9538 0.9570 0.9448 0.9428
accuracy

Train loss 0.1786 0.144 0.1352 0.1630 0.1633
Validation accuracy  0.7329 0.6318 0.9079 0.8484 0.8087
Validation 1.0281 1.7132 0.2285 0.7101 0.7974
loss

Test 0.7194 0.5899 0.9065 0.8201 0.8345
accuracy

Test loss 1.0712 1.6284 0.2956 0.7649 0.7589
Time 58 41 34 24 9
(minutes)

In terms of test accuracy, model No.3 performed best when the picture size was 256 pixels x 256 pixels,
while model No.2 performed worst when the image size was 288 pixels x 288 pixels, as shown in FIGURE

10.
4.2 The Effect of using the Average Pooling on CNN
Learning:

The max pooling was used when studying the unique characteristics in the image and wanting the CNN
model to learn a collection of unique properties in the image, while the average pooling is better when
studying all of the features in the image [30]. Here, CNN model No.6 had the same structure as CNN
model No.3, but in model No.6, we replaced all max pooling with average pooling to observe the effect of
using average pooling instead of max pooling, as shown in Table 9 After using average pooling, the test's
accuracy dropped to 0.7698 and the loss rate rose to 90.22%. This research aimed to investigate plant
diseases that appear as distinct spots on plant leaves. In this case, it is better to use max pooling.
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Table 9

The effect of using the average
pooling on the CNN model.

CNN Structure
Conv2D

Padding for Conv2D
Average Pooling
Padding for Average
Pooling

Dropout

Conv2D

Conv2D

Average Pooling
Dropout

Conv2D

Conv2D

Average Pooling
Dropout

Dropout

Image size

Epoch

Train accuracy
Train loss
validation accuracy
validation loss
Test accuracy

Test loss

Time

(minutes)

No.6
32
same
(33)
NA

0.25
64

64
(2.2)
0.25
128
128
(2.2)
0.25
0.5
(256, 256)
25
0.9416
0.1678
0.8303
0.5665
0.7698
0.9022
30
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4.3 The Effect of Changing the Size of Conv2d Layers on
CNN Learning:

Here, we investigated the effect of the size of the convolutional layers on the CNN model's performance.
As shown in Table 10. We found that the best performance was obtained in model No.10 when the first

convolutional layer had a size of 32 and the remaining convolutional layers had a size of 128. The test's
accuracy here was 94.24%, and the error rate was 21.70%.
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Table 10

The effect of the size of the convolutional layers on the CNN
model's performance.

CNN No.7 No.8 No.9 No.10
Structure

Conv2D 64 64 128 32
Padding for same same same same
Conv2D

Max Pooling (3,3) (3,3) (3,3) (3,3)

Padding for NA NA NA NA
Max Pooling

Dropout 0.25 0.25 0.25 0.25
Conv2D 64 128 128 128
Conv2D 64 128 128 128

Max Pooling (2,2) (2,2) (2,2) (2,2)

Dropout 0.25 0.25 0.25 0.25
Conv2D 128 512 128 128
Conv2D 128 512 128 128

Max Pooling (2,2) (2,2) (2,2) (2,2)

Dropout 0.25 0.25 0.25 0.25
Dropout 0.5 0.5 0.5 0.5
Image size 256 256 256 256
Length *width

Epoch 25 25 25 25

Trainaccuracy 0.9512 0.9570 0.9615 0.9660

Train loss 0.1389 0.1123 0.0986 0.1004
validation 0.7924 0.8755 0.8755 0.9513
accuracy

validation loss 0.9515 0.3045 0.3891 0.1728

Test accuracy 0.7914 0.8705 0.8561 0.9424

Page 17/36




CNN No.7 No.8 No.9 No.10
Structure

Test loss 1.2720 0.3465 0.4874 0.2170
Time (minutes) 43 62 79 37

4.4 The Impact of Adding Padding to The Maxpooling Layer:

In models No11 and No12, the aim was to analyze the impact of adding padding to the max pooling
layers on the performance of the CNN model. We discovered that the accuracy did not increase when
adding the padding to the max pooling layers. As a result, we did not use the padding on the max pooling
layers because it did not enhance the prior network outcomes. As seen in Table 11.
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Table 11
The impact of adding padding to the Maxpooling layer.

CNN Structure No.11 No.12
Conv2D 32 32
Padding for Conv2D same same
Maxpooling (3,3) (3,3)
Padding for Maxpooling same same
Dropout 0.25 0.25
Conv2D 64 128
Conv2D 64 128
Maxpooling (2,2) (2,2)
Dropout 0.25 0.25
Conv2D 128 128
Conv2D 128 128
Maxpooling (2,2 (2,2)
Dropout 0.25 0.25
Dropout 0.5 0.5
Image size (256,256) (256, 256)
Epoch 25 25
Train accuracy 0.9383 0.9351
Train loss 0.1783 0.1665
validation accuracy 0.8267 0.8773
validation loss 0.6059 0.3300
Test accuracy 0.8561 0.8489
Test loss 0.4562 0.3198
Time 29 35
(minutes)

4.5 The Impact of the Dropout Layer in the CNN Network:

In models, No.13, No.14, and No.15, the effect of the dropout layers on the CNN model was investigated
as shown in Table 12. In model No.13 all dropout layers were set to 0.25, which produced satisfactory
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results where the test accuracy was 90.65% and the test loss was 0.3599. Several dropout layers were
removed in model No.14, resulting in a test accuracy of 0.8705 and a test loss of 0.7843.

When we compared model No.13 to model No.14, we discovered that deleting many dropout layers in
the network resulted in a decrease in performance. All of the dropout layers were eliminated from the
network in model No.15, and as a result, model No.15 has the lowest test accuracy rate of 82.01% and
the lowest test loss of 0.6857 when compared to models No.13 and No.14. When applying the dropout
layers with a value of 0.25 in model No.13, there was no difference in the training accuracy and test
accuracy, which were 95.12% and 90.65% respectively.

However, in model No.15, where the dropout layer was not used, there was a difference in the results
between the training accuracy and test accuracy, which were 96.66% and 82.01% respectively. We
discovered that the training accuracy in model No.15 was higher than in models No.13 and No.14 and
that the dropout layer is critical to avoid the problem of overfitting in the CNN network.
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Table 12
The impact of the dropout layer in the CNN network.

CNN Structure No.13 No.14  No.15
Conv2D 32 32 32
Padding for Conv2D same Same same
Maxpooling (3,3) (3,3) (3,3)
Padding for Maxpooling  NA NA NA
Dropout 0.25 NA NA
Conv2D 128 128 128
Conv2D 128 128 128
Maxpooling (2,2) (2,2) (2,2)
Dropout 0.25 NA NA
Conv2D 128 128 128
Conv2D 128 128 128
Maxpooling (2,2) (2,2) (2,2
Dropout 0.25 NA NA
Dropout 0.25 0.5 NA
Image size 256 256 256
Length *width

Epoch 25 25 25
Train accuracy 0.9512 0.9608 0.9666
Train loss 0.1499 0.1144 0.1063
validation accuracy 0.8989 0.8574 0.8394
validation loss 0.3194 0.6463 0.6402
Test accuracy 0.9065 0.8705 0.8201
Test loss 0.3599 0.7843 0.6857
Time (minutes) 34 33 33

The CNN model No. 10 with the use of max pooling, multiple dropout layers, the first conventional layer
size of 32, the remaining conventional layer size of 128, and the model trained at 25 epochs was the best
CNN structure that provided the highest accuracy and lowest loss.
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Here, we attempted to apply the early stop and increase the number of epochs for CNN model No.10 to
100. The model stopped at epoch 42 after employing the early stop. Table 12 Displays the model No. 10
result.

Table 13
The performance for model No.10.
Test Test Precision Recall F1- Epoch Early
accuracy loss score Stop
0.9712 0.0783 0.97 0.96 0.96 100 42

We noticed the model improves after 20 epochs in, Fig. 11 which shows the accuracy of training and
validation at 42 epochs for model No.10.

Figure 12, Shows the training and validation losses when the epoch number is 100 and the model was
stopped at 42 using early stopping. Due to dropout layers, there is no problem with overfitting and no
dispersion in the results.

4.6 Comparison With Other Approaches

The CNN model was used on the PlantVillage dataset in 2021, [9] to classify 38 types of healthy and
unhealthy plants with an overall accuracy of 0.88. Our proposed CNN model No.10 was used to classify
38 classes from the PlantVillage, providing a training accuracy of 0.9488 and a validation accuracy of
92.54%. In 2020, this study [31] used CNN to classify 15 categories of healthy and unhealthy plants using
5032 images for training and 1220 images for validation from the PlantVillage dataset and the CNN
model provides a training accuracy of 83.73%. When applying our proposed CNN to classify 15 classes
from PlantVillage, the proposed CNN model had a training accuracy of 95.94% and the validation
accuracy was 94.72%. This study [32] used a CNN model on the PlantVillage dataset to classify three
maize diseases, and CNN provides a validation accuracy of 94.63%. When applying our proposed CNN to
classify three classes in PlantVillage, the proposed CNN model has a validation accuracy of 94.72%. We
found that using the proposed CNN model and resizing the image to 256 pixels x 256 pixels produces
better results.

In Table 14, we compare our proposed CNN model with a set of researchers' results on the Planet Village
dataset. According to the results, the proposed CNN model performs better than previous studies on the
same database.
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Table 14

Comparing the performance for model No.10 with previous research works in
PlantVillage dataset.

Reference Classes Model Train Accuracy Validation Accuracy
[9] 38 CNN NA 0.88

[31] 15 CNN 0.8373 0.8273

[32] 3 CNN 0.9964 0.9463

Proposed CNN 38 CNN 0.9488 0.9254

Proposed CNN 15 CNN 0.9594 0.9480

Proposed CNN 3 CNN 0.96350 0.9472

5. DISCUSSION

In this research, we used a CNN model to identify the images of diseased and healthy plants that were
captured from the 12-megapixel resolution smartphone camera. The images were taken in the year 2022
from different farms in Jordan. The dataset named Jordan22 contains eight different categories of
diseased and healthy plants of four agricultural crops, which are tomatoes, cucumbers, lettuce, and
cabbage. The research contribution was to determine the ideal CNN structure by adjusting the layers
such as the convolutional, pooling, and fully connected layers. We build a different CNN structure by
changing the parameter values for the different layers.

Previous experiments yielded the following results:

* When the image size is 256 pixels x 256 pixels, the model performs better compared to other image
sizes.

e In plant disease classification, the max-pooling layer outperforms average pooling.

* The best structure was obtained when the first convolutional layer had a size of 32 and the
remaining convolutional layers had a size of 128.

e Adding padding to the max-pooling layer did not improve performance.
e Several dropout layers were required in order to produce a strong CNN model.

e Removing the dropout layer results in overfitting.

6. CONCLUSION

Plant diseases represent a major threat to global food security, causing farmers to incur financial losses
as a result of agricultural pest damage, disease transmission, and misdiagnosis. It is critical to detect
plant diseases early in order to maintain global food security.
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The goal of this research was to use a CNN model to identify several plant diseases in a newly
constructed dataset called "Jordan22." This dataset includes a diverse range of plant species from
various agricultural crops in Jordan in 2022, such as tomatoes, cucumbers, cabbage, and lettuce. To
address difficulties with misclassified data in the dataset, plant disease, and preventive experts
performed a complete grouping of the Jordan22 dataset.

The study focuses on using CNNs to identify eight distinct plant species, using various data
augmentation techniques such as shear range, zoom range, horizontal flipping, fill mode, and rotation
range utilized to improve the training dataset. Convolutional layers were used for feature extraction,
pooling layers for sample reduction, and dense layers using the SoftMax activation function for
prediction. With an image resolution of 256 pixels x 256 pixels, the best results were obtained. Several
CNN architectures were explored, and it was observed that incorporating dropout layers improved
accuracy, while using max-pooling instead of average pooling enhanced performance. The CNN model
labeled as No.10 achieved high accuracy, with a test accuracy of 0.9712 and a test loss of 0.0783 when
trained for 42 epochs. To mitigate overfitting, a dropout layer and early stopping were employed in the
CNN model.

7. FUTURE WORK

In the realm of plant disease detection using CNN models, several promising avenues for future research
and development have been identified. These include expanding the dataset with more plant species and
diseases, fine-tuning model architectures, exploring transfer learning, and real-time monitoring.
Additionally, Extend the model's capabilities to not only classify diseases but also to localize and assess
disease severity within plant images and integrate the model with a decision support system that
provides actionable recommendations for disease management, including treatment options and
preventive measures.
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Different datasets show tomato blight.
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Figure 3

Sample images in the dataset [17].
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Figure 4

Sample of the image in the Jordan 22 dataset.
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Figure 5

Image Transformations after executing ImageDataGenerator.
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Figure 7

RGB layers of cucumber disease.
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Convolution layer.
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Figure 9

The max pooling layer vs. the average pooling layer[29].
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Figure 10

The effect of changing the size of the images in the CNN model.
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Accuracy of training and validation.
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Training and validation losses.
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