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Abstract

Plant diseases can significantly impact the economy, affecting both global
and local scales. These illnesses can substantially negatively impact crop
yields and quality, resulting in significant losses in crop production. Deep
learning algorithms are commonly recognized as potent remedies in this

regard. CNNs are a part of deep learning methods and the most widely
utilized image recognition classifier, which it has illustrated exceptional
proficiency in both classification and image processing. This paper
presents a CNN-based approach for plant disease identification. This
work suggests a CNN model with data augmentation and performs plant
disease classification with data augmentation and transfer learning with
DenseNet121. Sample photos are analyzed and studied through
simulation regarding the contaminated region's area. An image
processing technique is used to do this. Three cases of healthy (Potato,
leaves, Bell Paper, and Tomato), and twelve cases of diseased plant
leaves, including Potato Early Blight, bell paper bacterial spot, tomato
mosaic virus, tomato target spot, tomato spider mites, tomato early blight,
tomato bacterial spot, tomato late blight, Tomato Septoria Leaf spot,
Tomato Yellow Leaf Curl Virus, Potato Late Blight, and Tomato Leaf Mold,
were fed into the model. A validation accuracy is achieved as 96.85% with
DenseNet121, and 98% with the proposed CNN model.

*Correspondence Email:
wasanahmed@uodiyala.edu.iq

INTRODUCTION

Deep learning(DL) models are employed to address various agricultural issues [1]. Leaf disease is one of
the issues that significantly impacts agriculture. According to estimates, plant diseases cause 35% of
agricultural produce to be squandered [2]. This wasteful produce impacts the nation's economy and raises
food costs in an undesirable way. According to [3], plant diseases can cause production losses of 13% to
22% per year, translating into billions of US dollars in lost revenue.

In the past, institutions like agricultural extension groups or local plant clinics have assisted in the diagnosis
of diseases. More recently, by taking advantage of the growing global Internet penetration, such initiatives
have also been aided by the availability of online information for disease diagnosis. Recently, mobile phone-
based tools have been widely available, to take advantage of global mobile phone technology which has
been adopted at levels not seen in human history [4].

Technology has helped bring about significant advancements in the agriculture field. The contaminated
area of the plant has been identified using image processing and object identification techniques. Apart
from their ease of use and precision, these methods are efficient [5], [6]. Therefore, improvements in internet
and computer technology can help solve the issue of automatically identifying plant diseases. These
advancements are crucial to scientific study because they enable the automatic classification and detection
of plant disease signs through creative and clever methods [7].

DLis a subfield of machine learning that relies on a collection of algorithms [8]. Several cutting-edge deep-
learning architectures have been employed to determine and detect plant diseases. In this work, developed
a CNN model for identify plant disease experimented on Plant Village dataset. The dataset was first
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processed, and then data augmentation was performed, followed by transfer learning with DenseNet121.
The model is compared with the CNN proposed, and the model with transfer learning outperforms the
proposed CNN.

The paper is arranged as follows: Section || demonstrates the existing work for classification of plant
diseases. Section Il illustrates the methodology used. Section IV illustrates the results. Finally, Section V
summarizes the conclusion.

RELATED WORK

CNNs are a part of deep learning methods recently gaining popularity [9]. CNN is the most widely utilized
image recognition classifier, and it has illustrated exceptional proficiency in both classification and image
processing [1]. In Ref [10], the author presented a framework design experiment, five status design were
included grouping, channel, convolution kernel, residua block number, and residual layer connection
design. The Multi-scale ResNet network structure was finally established, encompassing the use of two
channels, a two-layer connection mode, two residua blocks, group convolution, and a big convolution
kernel. The model experimented on plant village dataset and attained an accuracy of 95.95%.

Agarwal et al. [11] proposed a CNN framework to determine nine kinds of tomato leaf disease. The model
consists of two fully connected layers, three maximum pooling layers, and three convolutional layers with
different filters. It achieves an accuracy of 91.2%. The model was compared with MobileNet, Inception, and
VGG16 and outperformed them in test accuracy.

Y. Wang et al. [12] investigated five apple leaf infections, i.e., apple scab, alternaria leaf spot, gray spot,
mosaic and cedar rust. Firstly, the training set data was expanded through the data augmentation operation
(including random brightness enhancement, rotating, random chromaticity enhancement, sharpening, and
random contrast enhancement) to enhance the robustness of the framework. Then the augmented training
set images were trained through the improved Faster R-CNN to make the detection model more reliable.
For the improved Faster R-CNN model, the attention separation mechanism ResNcst (split-attention
networks) was adopted as the backbone to make the model focusing on the more important information to
enhance the ability of feature extraction, a feature pyramid network (FPN) was added to fuse multi-scale
features, which effectively used the shallow and deep features of the network. The framework attained an
accuracy of 98% with five classes.

Li et al. [13] developed a framework called PARNet to identify five tomato leaf diseases. The model is built
by combining the residual structure with the attention mechanism. Then, they employed the development
of a WEB application. The PARNet model attained an accuracy of 96.84%.

T. N. Pham et al [14] developed a framework for early plant disease detection on mango leaves utilizing
ANN. Firstly, an image is processed using a contrast enhancement method, and then a feature is selected
utilizing a wrapper-based feature selection algorithm. The resulting features were used as input for ANN
and achieved an accuracy of 89.41%.

A. Khattak [15] developed a CNN model that integrated multiple layers to extract complementary
discriminative features. The model detected five citrus diseases and attained an accuracy of 94.55%.

METHODOLOGY

A. Dataset
In this work, a publicly available dataset called Plant Village [16] is used, which consists of 54,306 images
with 38 different diseased/healthy leaves belonging to 14 plant species. The image size was updated to
224 224 3, and the pixel value was divided by 255 to normalize images to be suitable for the initial values
of the models. To avoid overfitting, the data was partitioned into 10% validation, 70% training, and 20%
testing [17].

B. Data Labeling

Data augmentation is one of several regularization strategies designed to improve model performance.
Regularization techniques add information to the underlying machine learning model to reflect the problem's
general features better. The most often used and simplest strategy is to include a penalty term in the cost
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function to limit values of model parameters, which enables the trained model to respond more consistently
and smoothly to different variances of input data (during test time). Batch normalization normalizes the
outputs of multiple layers, eliminating the impacts of internal covariance shifts in inputs to deep levels [18].
Data augmentation taxonomy illustrated in Figure1.
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Figure 1. Sentiment Distribution

C. Transfer Learning

Transfer Learning [20], [21] is another intriguing method for preventing overfitting. It involves training a
network on a large dataset, such as ImageNet [22] and then applying the starting weights in a new
classification issue. Typically, only the weights of convolutional layers are duplicated rather than the whole
network with fully connected layers. That is extremely useful since many image datasets contain low-level
spatial properties that can be better learned with big data. Understanding the link among transmitted data
domains is an ongoing research topic [23].

D. DENSENET121

The DenseNet introduces a considerable improvement in DL methods. The technique utilizes a
convolutional procedure that permits more in-depth image analysis and an improved calculating procedure
for image recognition. It includes pre-trained models trained on large databases such as C and Imagenet,
establishing itself as a model of transfer learning. It connects all convolutional layers to the next layer and
passes the feature map output from the layer before it to the next layer, the procedure known as a DENSE
BLOCK [29]. Figure 2 demonstrates the process of transfer learning for DenseNet121 to detect plant
disease.
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Figure 2. Details of plant disease classification with DenseNet121

E. Evaluation Metrics

Accuracy is utilized to extract the model's performance. Validation accuracy is the degree to which the
trained model closely follows the learned data. In contrast, the false positive rates are the total value of
every column. In contrast, FN(false negative) is each row's amount. TN (true negative) is the sum of the
other diagonal numbers, whereas the diagonal numbers provide an accurate positive rate (TP). However,
accuracy is computed utilizing the following equation [30], [31].

Accuracy=(tn+fp)/(tp+tn+fp+fn)

RESULT AND DISCUSSION

A. CNN Implementation

CNNs have revolutionized image processing and are now a cornerstone of many applications, from facial
recognition to medical imaging. The proposed CNN model comprises of four convolutional layers with max-
pooling followed by flattening, then a dense layer with 32 kernels. The summary of the suggested CNN is
demonstrated in Figure 3.

As the era progressed, the data showed a steady drop in training loss and a uniform growth in training
accuracy. In contrast, after the 17th epoch, relatively minimal variations showed in validation accuracy and
loss. Notably, the 48th epoch showed a training accuracy of 97.36%, with a training loss of 0.0771.
Furthermore, the validation accuracy reached its peak at the 47th epoch, at 98%, with a validation loss of
0.0653. Figure 4 illustrates the loss and validation and training accuracy.

69



Universitas Negeri Jakarta

Journal of Computer Science and Phone: (021) 4890856
Applications e oo

Model: "sequential_2"

Layer (type) Output Shape Param #
sequential (Sequential) (32,128,128, 3) 0
sequential_1 (Sequential) (32,128,128, 3) )
conv2d (Conv2D) (32,128, 128, 32) 896
max_pooling2d (MaxPooling2D) (32, 64, 64, 32) 0
conv2d_1 (Conv2D) (32, 64, 64, 64) 18496
max_pooling2d_1(MaxPooling2D) (32, 32, 32, 64) 0
conv2d_2 (Conv2D) (32,32,32,64) 36928
max_pooling2d_2(MaxPooling2D) (32, 16, 16, 64) 0
conv2d_3 (Conv2D) (32,16, 16, 64) 36928
max_pooling2d_3 (MaxPooling2D) (32,8, 8,64) 0
conv2d_4 (Conv2D) (32, 8,8, 64) 36928
max_pooling2d_4 (MaxPooling2D) (32, 4, 4, 64) 0
conv2d_5S (Conv2D) (32,4, 4,64) 36928
max_pooling2d_5 (MaxPooling2D) (32,2,2,64) 0]
flatten (Flatten) (32, 256) o]
dense (Dense) (32,64) 16448
dense_1 (Dense) (32,15) 975

Total params: 184527 (720.81 KB)
Trainable params: 184527 (720.81 KB)
Non-trainable params: 0 (0.00 Byte)

Figure 3. Summary of suggested CNN model
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Figure 4. The CNN loss and validation and training accuracy.

B. DenseNet121 Implemntation

Data a Several parameters are required to configure the DenseNet121 layer, including input_shape with
224x224x3 and weights utilizing ImageNet. After processing DenseNet121 layer, results went through the
batch normalization layer, global average pooling layer, and the dropout feature. The following phase
involves a fully connected Dense layer with a 1024-kernel, resulting in a final layer using softmax activation
with Dense. A summary of the DenseNet121 is demonstrated in figure 5. As the era progressed, the data
showed a steady drop in training loss and a uniform growth in training accuracy. In contrast, after the 10th
epoch, relatively minimal variations showed in validation accuracy and loss. Notably, the 27th epoch
showed a training accuracy of 98.23%, with a training loss of 0.0568. Furthermore, the validation accuracy
reached its peak at the 25th epoch, at 96.85%, with a validation loss of 0.1086. When compared with
DenseNet121 the suggested CNN attained an accuracy of 98%. In comparison with related works results
on plant village dataset, where ResNet (11), CNN (13), PARNet (14), ANN with wrapper feature selection
(16), and CNN (17) attained accuracies of 95.95%, 98%, 96.84%, and 89.41% and 94.55%, respectively,
our proposed method produces an enhanced result of 98%. Table 1 demonstrates the comparison of the
proposed approach with related works.
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Model: "model”

Layer (type) Output Shape Param #
input_2 (Input Layer) [(None, 224, 224, 3)] 0
conv2d (Conv2D) (None, 224, 224, 3) 84
densenet121 (Functional) (None, None, None, 1024) 7037504
global_average_pooling2d (None, 1024) 0
(GlobalAveragePooling2D)
batch_normalization (None, 1024) 4096
(Batch Normalization)
dropout (Dropout) (None, 1024) 0
dense (Dense) (None, 256) 262400
batch_normalization_1 (None, 256) 1024
(Batch Normalization)
dropout_1 (Dropout) (None, 256) 0
dense_1 (Dense) (None, 128) 32896
batch_normalization_2 (None, 128) 512
(Batch Normalization)
dropout_2 (Dropout) (None, 128) 0
root (Dense) |(None, 15) 11352

Total params: 7349868 (28.04 MB)
Trainable params: 7263404 (27.71 MB)
Non-trainable params: 86464 (337.75 KB)

Figure 5. Summary of DenseNet121

Table 1. A comparison of the proposed approach with previous works

Reference Approach Classes Accuracy
[10] Resnet Tomato, potato, cucumber, pepper 95.95%
[11] CNN Apple 98
[13] PARnet Tomato 96.84%
[14] ANN with wrapper feature selection Mango 89.41%
[15] CNN Citrus 94.55%
Proposed CNN Tomato, potato, pepper 98%
approach DenseNet121 Tomato, potato, pepper 96.84%
CONCLUSION

Several cutting-edge deep-learning architectures have been employed to specify and determine plant
diseases. In this work, suggested a CNN framework to detect plant disease experimented on Plant Village
dataset. Three cases of healthy (Potato, leaves, Tomato, and Bell Paper), and twelve cases of diseased
plant leaves, including bell paper bacterial spot, Potato Late Blight, tomato (spider mites, target spot, mosaic
virus, early blight, bacterial spot), late blight, Tomato Septoria Leaf spot, Tomato Yellow Leaf Curl Virus,
Potato Early Blight, and Tomato Leaf Mold, were fed into the framework. Dataset first processed and then
performed data augmentation then transfer learning with DenseNet121. The model is compared with CNN
proposed and the framework with transfer learning is outperformed the proposed CNN. In context to the
results, the CNN framework outperformed the DenseNet121 model in terms of accuracy. The developed
CNN framework attained an accuracy of 98% whereas DenseNet121 attained 96.85%. For future the
proposed CNN model will developed to detect more plant disease not just diseases of potato, tomato, and
pepper.
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