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 Manually detecting plant diseases is time-consuming and prone to mistakes. 
Artificial intelligence (AI) and computer vision can be used to identify plant 
illnesses early, reducing their negative impacts while also overcoming some 
of the limitations of constant human monitoring. This experiment aims to 
utilize the Convolution Neural Network (CNN) algorithm to identify plant leaf 
diseases, to optimize four CNN algorithms to identify plant leaf diseases, to 
make it easier for users to identify plant leaf diseases quickly and accurately. 
We propose using a deep learning architecture based on a recent CNN 
algorithm called EfficientNetB3, B4 and B5 on 66,556 plant disease leaf 
images sourced from Kaggle.com. The training phase with 57,067 data train 
images and 3,170 validation data images produces a model. For model testing, 
the testing phase was carried out with 3,171 image data tests, the overall test 
results yielded excellent accuracy and f1-scores for the three architectures, 
namely EfficientNetB3 0.9890%, EfficientNetB4 0.9912%, EfficientNetB5 
0.9905%. Agriculture is anticipated to be the backbone of Indonesia because it 
is connected to both the national economy and the wellbeing of the populace 
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1. INTRODUCTION  

Farmers have traditionally used a variety of approaches to safeguard their crops from pests and diseases. 
To get rid of insects, people have created hardy plant kinds, poisoned plants with herbal ingredients, removed 
insects from plants, and rotated crops [1]. Nowadays, the majority of farmers, especially those in 
industrialized nations, use insecticides to manage pests. The term "pest" can refer to everything from insects 
to disease- carrying germs, viruses, and fungus, as well as animals like rats, birds, and weeds. Chemical use 
has significantly reduced crop losses and prices [2]. 

Farmers' understanding of field management has been considerably altered by digital integration thanks 
to cutting-edge technologies like intelligent computers, robotics, drones, or sensors on agricultural machinery 
[3]. With the use of this technology, data scientists and agronomists may more effectively manage fields and 
meet new difficulties (such as fungus attack detection, yield forecast, follow-up spraying, etc). [4]. In order to 
satisfy their demands and assist them in maximizing their yields using data and task automation, this new 
approach necessitates technical assistance from farmers [5]. 
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Deep learning algorithms have shown success in a variety of fields thanks to improved computational 
performance and big data sets [6], [7]. They have been able to circumvent the drawbacks of conventional 
extraction approaches because of their expressive capabilities with data. This enables engines to carry out 
intricate processing on massive amounts of data, producing predictions with encouraging outcomes. To 
accomplish this, deep neural network methods have been applied in numerous agricultural activities in recent 
years [8],[9],[10]. As a result, agricultural researchers and specialists pay them more attention [11]. The 
ecological shift of farming systems is complicated by issues posed by precision agriculture [12], such as 
lowering energy usage, increasing production quality while decreasing intranet use, and retaining human 
decision-making. 

Research related to the identification of diseases in rice plants uses the MobileNet-V2 and ImageNet 
methods which produce an accuracy of up to 98.48% [13]. Research on diseases of apple leaves uses the 
DenseNet121 and EfficientNetB7 methods with an accuracy rate of up to 96.25% [14]. Research on diseases 
on wheat leaves conducted by [15] used the VGG-16, Inception-v3, ResNet-50, DenseNet-121, EfficentNet-
B6, ShuffleNet-v2 and MobileNetV3 algorithms with an accuracy rate of up to 92.5% . Identification of 
diseases on cucumber leaves uses the EfficientNet-B4-Ranger algorithm with an accuracy rate of up to 97% 
which has been carried out by [16]. Research on disease identification techniques on tomato leaves used 
genetic algorithms and VGG16, ResNet50, EfficientNetB0, EfficientNetB1, EfficientNetB2, EfficientNetB3 
and EfficientNetB4 with an accuracy rate of up to 98.1% [17]. 

Identification of tomato leaf diseases uses the EfficientNetB0, EfficientNetB4 and EfficientNetB7 
algorithms with an accuracy rate of 99.89% [10]. EfficientNetV1 and EfficientNetV2 algorithms for 
detecting diseases in fruit plants with an accuracy of up to 74%. Research on the identification of leaf 
diseases in cucumbers used the VGG16, ResNet50, ResNet101, Densenet201 algorithms with an accuracy 
rate of 98.4% [18]. Research on identifying diseases on plant leaves uses the ResNet50, DenseNet169, 
EfficientNet and FL-EfficientNet algorithms with an accuracy of up to 99.7% [19]. Research conducted by 
[15] used the SE-ResNet50, EfficientNet, AlexNet, VGG19, and Inception V3 algorithms with an accuracy 
rate of 97.24%. Research conducted by [20] identified leaf diseases in tomatoes and chilies using the CNN 
Deep Attention Dense algorithm with an accuracy rate of 97.33%. 

Based on the explanation above, this study aims to identify plant diseases, in which Plants' growth is 
influenced by environmental, climatic, and soil variables, and diseases have endangered them, substantially 
lowering agricultural output and quality. The CNN method is a common and highly optimal method used in 
classifying images, for comparison, the architecture, EfficientNet (B3, B4, and B5) is used. The results of the 
training and testing process are high-accuracy matrix weight models that can be used to predict disease 
through plant leaf images. 
 
2. METHODS  

Broadly speaking, this research consists of 4 stages, namely: dataset preprocessing, training, testing and 
results to be evaluated [21]. The dataset preprocessing stage consists of several subprocesses that aim to 
prepare the data so that it can be used in a format according to the CNN architecture in the training stage. 
Training is the stage where the machine will carry out the learning process using train data and evaluate 
learning outcomes using validation data to update the previous weight values (updated weights) . This update 
weight value will be used in the next iteration process, until a high percentage accuracy and low loss is 
achieved [22]. The final weight value with the maximum accuracy value and minimum loss is referred to as 
the training result model. Furthermore, the training result model will be used in the testing process using test 
data, until the final result is obtained in the form of a confusion matrix , can be shown in Figure 1. 
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Fig. 1. Propose method  
 
3. RESULTS AND DISCUSSION  
3.1. Preprocessing Dataset  

The dataset was obtained from www.kaggle.com [23], containing leaf images from various plants 
(Figure 2) which are grouped in folders according to the type of plant disease. Dataset preprocessing is the 
initial process for preparing data so that it can be used properly and is suitable for the next stage (training and 
testing stages). The raw dataset consists of 66,556 images in 58 plant disease folders (Figure 3). This raw 
dataset seems to have an unbalanced number of images in each folder. To overcome the data imbalance, the 
process of selecting folders is carried out, only folders that have more than 500 images. The raw data which 
was originally 66,556 images in 58 folders due to the selecting process was reduced to 63,408 images in 29 
disease folders. Then the 63,408 image data was splitted into 57,067 (90%) training data, 3,170 (5%) 
validation data and 3171 (5%) testing data (Figure 3). 

 
Fig. 2. Image Dataset 

 

 
Fig. 3. Row dataset (left) and preprocessing results for training data (right) 
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3.2. Training and Testing  
In the training phase, the training process is carried out using data training and the validation process 

uses data validation. In each epoch the validation process is carried out after the training process, comparing 
with the target value to obtain the deviation value as the basis for measuring the weight matrix to update. The 
latest weight matrix (after updating) will be used for the next epoch training process. This process is repeated 
until it reaches the desired epoch value. This training and validation process uses the base model 3 of the 
EfficientNet architecture (B3, B4, B5) which is in the tensorflow-keras library and the custom layer 
architecture. During the iteration process, accuracy and loss values will be recorded in the form of history. 
This process runs in the desired epoch and achieves high accuracy and low loss. The results in the form of a 
weight matrix are expressed as a model of training results. This model is used for the next process, namely 
the process of testing or testing using test data. 

 
Fig. 4. Model Size vs ImageNet Accuracy 

 
Many CNN architectures are designed to increase high accuracy scores by adding thick layers that 

require higher computational requirements. The EfficientNet architecture was built not solely by adding 
layers to increase accuracy, but also considering the minimal level of efficiency. As can be seen from the 
graph (Figure 4) compared to other architectures, EfficientNet is able to achieve high accuracy scores using a 
minimal number of parameters compared to other architectures. Taking into account the existing computer 
capabilities, this study chose EfficietNet with 3 versions (B3, B4, B5) as a comparison. In addition, this 
architecture was chosen because EfficientNet has demonstrated strong capabilities in image classification for 
remote sensing [2]. In a study conducted by Mingxing Tan [1], EfficientNet versions B3, B4, and B5 using 
ImageNet training data were able to achieve an accuracy of 81.6%, 82.9%, 83.6% respectively with a total of 
12M, 19M, and 30M computational parameters. (Figure 5) 

 
Fig. 5. Results of EfficienNet capabilities 
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Fig. 6. Architecture for EfficientNet-B3 

 
By looking at the EfficienNet architecture, it can be seen that this architecture is a thick stack of Figure 

6 module layers. Training data and validation data will be fed to the EfficienNet architecture. The tensorflow 
hardware library application is used to simplify the use of EfficienNet-B3 and ImageNet to make it more 
efficient. 

Adding a custom layer after EfficienNet is done to obtain output that is as expected. The custom layer 
design contains 4 convolutional layers, and 3 FC (fully connected) layers. Using the plot model library, a 
custom layer model chart can be displayed in png format. The custom layers consist of: input, conv2D, 
max_pooling, flatten and dense. Each layer has its own function in image classification. 
3.3. Conv2D 

The output of the previous layer with a pixel size of 256 x 256 x 3 will be the input for the next layer, 
namely Conv2D (convolution for 2 dimensions). In this Conv2D (layer 2), 16 nodes are placed with a mask 
size of 3x3, stride = 1, using ReLU type activation, which is applied to each pixel to replace all negative pixel 
values to zero. To facilitate understanding of the convolution technique, an image with a 6x6 matrix is 
multiplied by dots with a 3x3 filter matrix to obtain a 3x3 output matrix (Figure 7). 

 
Fig. 7. Convolution 

3.4. Max Pooling 
Aims to reduce the size of the dimensions (downsampling), so that the calculation process becomes 

faster and can improve model performance (Lee, Gallagher, & Tu, 2015). This pooling layer generally comes 
after the conv layer. In Lapsan 3, pooling reduces the dimensions from 256x256x16 to 128x128x16. From 
smaller 4x4 dimensions to 2x2 dimensions, max pooling can be illustrated in Figure 8. 

 
Fig. 8. Max Pooling 

3.5. Flatten 
This flatten layer is generally placed after the pooling layer in CNN. This layer is the process of 

changing the matrix into a single vector form. The formation of this single vector is useful as input for the 
next process, namely classification (dense) (Figure 9). 
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Fig. 9. Flattening 

3.6. Dense 
Dense or fully connected is part of the classification process, a dense layer is placed after flattening 

with an output vector format to make it possible to process ordinary neural networks with a number of nodes 
in each hidden layer (Figure 10). 

 
Fig. 10. Flattening 

3.7. Accuracy and Loss 
From the model that has been formed, training is carried out with epoch 50 (optimization), the results 

are obtained in the form of history for the 3 architectures. The results of history and training graphs (figure 
11,12,13) and summarized in table 1, it can be seen that the larger the version used, the longer the training 
time will be due to the thicker layer. For the highest accuracy in version B4 (0.9978), accuracy validation is 
in version B3 (0.9858), the lowest loss is in version B4 and loss validation is in version (0.1946). 

 
Table 1. Table of training results for 3 EfficientNet architectures 

EfficientNet Accuracy Val_accuracy Loss Val_loss Time 

B3 0.9972 0.9858 0.1588 0.1946 1:24:28 

B4 0.9978 0.9943 0.1585 0.1543 1:34:18 

B5 0.9967 0.9924 0.1700 0.1679 2:04:45 

 

 
Fig. 11. Chart history training EfficientNetB3 
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Fig. 12. Chart history training EfficientNetB4 

 
Fig. 13. Chart history training EfficientNetB5 

 
3.8. Confusion Matrix and Classification Report 

To calculate the accuracy value of the deep learning training process in classifying data into the desired 
label, a program is created using the Seaborn Heatmap library in Python from the results of the predicted 
value and the actual value, resulting in a confusion matrix (Figure 14,15,16). 

 
Fig. 14. Confusion matrix EfficientNetB3 
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Fig. 15. Confusion matrix EfficientNetB4 

 
Fig. 16. Confusion matrix EfficientNetB5 

 
The results of the confusion matrix can be computed to determine the value of precision, recall, f1-

score and accuracy, using the following formula (Figure 17). 
 

 
 
 

�� 
Precision = 

�� + �� 
(1) 

�� 
Recall = 

�� + �� 
(2) 

��������� ∗ ������ 
F1 Score = 2 ∗  

��������� + ������ 
(3)

 

�� + �� 
Accuracy = 

�� + �� + �� + �� 
(4) 

 
Fig. 17. Computation for classification report 

 
The results of the programming that has been done to determine the values of precision, recall, f1-score 

and accuracy, are summarized in the form of a classification report for 29 plant diseases (Figure 18,19,20). 



ISSN: XXXX-XXXX Indonesian Community on Optimization and Computer Application 37 
  Vol. 1, No. 1, 2023, pp. xx-xx 

 

 

Plant Disease Identification Using EfficienNet (Widi Hastomo)  
 

 
Fig. 18. Classification Report EfficientNetB3 

 

 
Fig. 19. Classification Report EfficientNetB4 
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Fig. 20. Classification Report EfficientNetB5 

 
4. CONCLUSION 

Based on the Confusion Matrix and Classification Report, the following information is obtained, 
EfficientNetB3. The results of testing using test data resulted in the most wrong predictions, namely the type 
of plant disease "Tomato Spider mites Two spotted spider mites". A total of 84 images "Tomato Spider mites 
Two spotted spider mites", with the highest correct prediction was 78 and the most incorrect was 6 with the 
prediction of the type of disease "Tomato Target Spot. EfficientNetB4. The results of testing using test data 
resulted in the most wrong predictions, namely the type of plant disease "Blight in corn leaf". A total of 57 
images "Blight in corn leaf", with the highest correct prediction was 51 and the most wrong was 6 with the 
prediction of the type of disease "Gray leaf Spot in corn Leaf". EfficientNetB5. The results of testing using 
test data resulted in the most wrong predictions, namely the type of plant disease "Blight in corn leaf". A total 
of 57 images "Blight in corn leaf", with the highest correct prediction was 51 and the most wrong was 5 with 
the prediction of the type of disease "Gray leaf Spot in corn Leaf. 

After testing with 3,171 image data tests, using a matrix model resulting from the training process with 
57,067 image data trains and 3,170 image data validations, overall results in accuracy and f1-score for 
EfficientNet versions B3, B4, B5 are very good at 0.9890%, 0.9912%, 0.9905%. Prediction errors that occur 
because there are 2 images of leaves with certain types of diseases that have a similar shape or color ("Blight 
in corn leaf" is similar to "Gray leaf Spot in corn Leaf" and "Tomato Spider mites Two spotted spider mite" 
is similar to “Tomato Target Spot“). 
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