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Abstract:

Tomatoes are one of the most widely cultivated and consumed crops, but they are highly susceptible to disease
attacks. The main diseases that often attack tomato plants are early blight and late blight. This study compares
two machine learning-based classification methods, namely Convolutional Neural Network (CNN) and Naive
Bayes, in detecting tomato leaf diseases. The dataset used consists of 1,255 images obtained from Kaggle,
which have been processed and divided into three data ratio scenarios (70:30, 80:20, and 90:10) for training
and testing. The results showed that CNN is superior to Naive Bayes, with the highest accuracy reaching
83.01%, while Naive Bayes only achieved 34%. With better stability and accuracy, CNN has the potential to
help farmers detect diseases more quickly and increase agricultural productivity.

Keywords: Convolutional Neural Network (CNN), Naive Bayes, Tomato Leaf Disease.
Dataset link: https://www.kaggle.com/datasets/muhammadmasdar/tomato-disease-ready
1. Introduction

Tomato (Solanum lycopersicum) is one of the leading horticultural commodities that plays an important role in
Indonesia's economy. As a fruit vegetable, tomato has great potential for agribusiness development due to its high
nutritional content and significant economic value [1]. Tomato plant diseases commonly affect the leaves, where
changes in color and shape often indicate infection. However, such symptoms are difficult to detect with the naked
eye, making early diagnosis by farmers challenging. This can lead to mistreatment, reduced yields, and a higher risk
of crop failure [2] The main diseases commonly found on tomato leaves are late blight and early blight. [3] These two
diseases can lead to a decrease in the quality and quantity of tomato yields and have a negative impact on farmers'
profits [4]. Therefore, it is important to correctly recognize tomato leaf diseases. However, because the symptoms are
similar, it is often difficult to distinguish them simply by looking at them. [5] Therefore, a more accurate method is
needed so that diseases can be identified correctly and crop yields can be increased.

Previous research used a CNN method with the VGG 16 model to classify tomato plant diseases. The results
showed that this system achieved an accuracy rate of 98% in the training phase and 82% in the validation phase.
Furthermore, this research successfully developed a website-based classification system that is expected to assist users
in identifying tomato plant diseases practically. [6] Another study used a web-based Naive Bayes Classifier to identify
tomato plant diseases based on leaf color and shape, with a success rate of 82.98%. However, light and noise can
affect the identification results, resulting in less accurate image features. [7] Meanwhile, research on shallot disease
classification using Naive Bayes and CNN with GLCM features demonstrated excellent results. With 320 images and
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classification using two disease classes, this method achieved an accuracy rate of up to 100% in tests using the Naive
Bayes, GLCM-CNN, and CNN algorithms. [8]

This study aims to implement and evaluate the performance of the Convolutional Neural Networks (CNN) method
in detecting types of diseases in tomato plants through leaf image analysis. In addition, it compares the performance
of CNN with the Naive Bayes algorithm in classifying two major diseases: early blight and late blight. Unlike previous
studies that only applied a single approach, this research compares both methods through several stages, including
dataset input, data preprocessing, classification, and performance evaluation. The main objective is to determine the
accuracy and effectiveness of each algorithm in accurately classifying tomato leaf diseases.

2. Method

This study employs the Convolutional Neural Network (CNN) and Naive Bayes algorithms to construct a
classification model for detecting diseases in tomato plant leaves. Subsequently, the performance accuracy of both

algorithms will be evaluated and compared.
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Figure 1: Research Flow

Input Data

The data used in this study comes from www.kaggle.com. The dataset consists of 1255 images in .jpg, .jpeg, .png,
.bmp, .gif, and .tiff formats with an RGB color scheme, each with a resolution of 255 x 255 pixels [9]. This study
focuses on the classification of two types of tomato leaf diseases: late blight (628 images) and early blight (627
images). Since it only covers two categories, other potential diseases are not accommodated. [10]

Preprocessing

The preprocessing stage is performed to adjust the input image size to match the structure of the model used.
Dataset preprocessing involves several steps, including feature selection, data cleaning, and data transformation. [11]
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In this study, the data preprocessing stage began by organizing the dataset into two folders: a "train" folder for
model training and a "validation" folder for model testing.

After grouping, a data cleaning process was conducted by checking all files to ensure that only valid image files
were used. Accepted image formats included .jpg, .jpeg, .png, .bmp, .gif, and .tiff. Files with other extensions were
considered invalid and removed from the dataset.

The next step was resizing the images uniformly to a target resolution of 255x255 pixels. This was followed by a
normalization process, where each pixel value was divided by 255, converting the range from 0-255 to 0-1. This
normalization aimed to accelerate and simplify the classification process in subsequent stages.

Classification
Convolutional Neural Network (CNN)

Convolutional Neural Networks (CNN) are a type of deep learning model most widely used for image
classification. The architecture of CNNs is based on the functioning of receptive fields in the human visual cortex.
CNNs belong to the category of feedforward neural networks and are hierarchically constructed through several main
layers, namely convolutional layers, pooling layers, and fully connected layers. [12]

Convolutional Neural Networks (CNN) make optimal use of two-dimensional input data, such as signals. This
process divides a large number of parameters into smaller parts, simplifying the data training process and speeding up
training time. [13] The main advantage of CNNs is their ability to classify images with very high accuracy. This
advantage stems from their ability to reduce the number of free parameters and handle deformations in the input image,
such as shifts, rotations, and scale changes. [14]

Naive bayes

Naive Bayes is a classification algorithm based on Bayes' theorem, assuming that each explanatory variable is
independent of the others. This method assumes that the occurrence of an event in a group is not influenced by the
environment or the occurrence of other events. [15]

In this algorithm, Bayes' Theorem is used to combine the prior probability (P(H)) with the conditional probability
(P(X|H)), which then allows the calculation of the posterior probability (P(H|X)) for each classification. [16] As can
be seen in equation 1, the naive bayes proximity formula.

P(H|X) = P(X|H) P(H) 1)
P(X)

Information :

X : data with unknown class

H : data hypothesis is a specific class

P(H|X) : probability of hypothesis H based on condition X (posteriori probability) P(H) : probability
of hypothesis H (prior probability)

P(X|H) : probability of X based on the conditions in hypothesis H P(X) : probability

X

Evaluation

This evaluation was conducted to assess the performance of the implemented algorithm. Testing was conducted
using a method aimed at measuring the system's success in diagnosing tomato leaf diseases, namely through a
confusion matrix. The table in the confusion matrix displays test data that was correctly classified and data that was
misclassified. [17] [18] Confusion matrix is applied as an evaluation method in this study, which involves four main
components, namely True Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN). [19] An
overview of the confusion matrix table can be seen in Table 1.

Table 1. Contoh Confusion Matrix
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Class Actual
Class Prediction
Positive Negative
Positive TP FN
Negative FP TN

In the classification process, there are several test metrics used to assess model performance, including accuracy,
precision, recall, and f1-score. [20]
Table 2. Rumus Evaluasi Performa Metode

Performance Metrics Formula

Accuracy TP+TN

X 100%
TP+TN+FP +FN

Recall TP

X 100%
TP +FN

Precision TP

X 100%

Accuracy measures the proportion of correct predictions compared to the total data analyzed. Recall is used to
assess the ratio between the number of correct positive predictions and the total number of data that are actually
positive. On the other hand, precision shows how accurate the predictions are for the positive class, namely by
comparing the number of correct predictions with all data predicted as positive. [21] Meanwhile, precision is the ratio
between the number of correct positive predictions and the total number of data predicted as positive. This can be
calculated using the formula [22].

3. Result and Discussion

This study used 360 validated images, consisting of 180 images of late blight and 180 images of early blight, each
stored in a separate folder. The data was divided into three ratios: 70:30, 80:20, and 90:10, with the larger percentage
used for training and the remainder for testing. Classification of tomato leaf diseases was performed using the
Convolutional Neural Networks (CNN) dan Naive Bayes.

Classification using Convolutional Neural Networks
Classification of tomato leaf plant diseases using CNN models showed varying performance based on the data split
ratio for training and testing.

Model 70_30:
- Accuracy: 83.06%
- Loss: 0.3785

Figure 2. Model Accuracy 70:30

Figure 2 shows a model with a 70:30 data split, resulting in an accuracy of 83.06% and a loss of 0.3785. This
demonstrates good ability to classify tomato leaf diseases.
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Model 70_30 Accuracy

Figure 3. Algorithm results CNN Rasio 70:30

The pie chart illustrates the accuracy of a tomato disease classification model with 70% training data and 30%
testing data. The model achieved 83.1% accuracy, as indicated by the blue area, indicating that 83.1% of the test data
was accurate were correctly classified. Meanwhile, 16.9% represented misclassified data. This indicates good and
fairly stable model performance.

Model 80_20:
- Accuracy: 75.56%
- Loss: 0.4857

Figure 4. Model Accuracy 80:20

The 80:20 data split model yielded an accuracy of 76.56% and a loss of 0.4857. This indicates that the model still
has decent classification performance, but is slightly more prone to prediction errors than the previous model.

Model 80_20 Accuracy

Figure 5. Algorithm results CNN Rasio 80:20

The pie chart shows the accuracy of the tomato disease classification model. 75.6% represents correctly classified
data, while 24.4% represents misclassified data. This indicates a decrease in accuracy compared to the previous model,
but the model still performs quite well.

Model 9@_10:
- Accuracy: 77.22%
- Loss: 0.4507

Figure 6. Model Accuracy 90:10

The model with a 90:10 data split produced an accuracy of 77.02%, and a loss of 0.4507 indicating a low level of
prediction error.

Model 90_10 Accuracy

Figure 7. Algorithm results CNN Rasio 90:10
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The pie chart above shows the accuracy of the tomato disease classification model, with an accuracy of 77.2% and
a classification error of 22.8%. Despite the larger training dataset, the accuracy results are not significantly different
from the 80:20 model and are still considered good for classifying tomato leaf diseases.

Validation Accuracy per Ratio

— Validation Acc (80_20) /~
— validation Acc (90_10) 4
0.85 1 — validation Acc (70_30)

0.80

0.55

0 2 4 6 8
Fnach

Figure 8. Algorithm results

The graph above shows the development of validation accuracy of tomato plant disease classification models based
on data split ratios (80:20, 90:10, and 70:30) over 10 epochs. The blue line represents the 80:20 ratio, the orange line
the 90:10 ratio, and the green line the 70:30 ratio. The 90:10 model showed the highest accuracy across several epochs,
although the results fluctuated. The 80:20 model tended to be stable but with lower accuracy. The 70:30 model showed
consistent, gradual improvement. Overall, this graph shows that each ratio has its own advantages, with 70:30
excelling in stability and 90:10 in highest accuracy.

Classification using Naive Bayes
Melatih model dengan rasio 70_30...

Laporan Klasifikasi untuk rasio 70_30:

precision recall fl-score  support

early blight 0.69 0.76 0.72 177
late_blight 0.77 0.70 0.73 200
accuracy 0.73 377
macro avg e.73 0.73 0.73 377
weighted avg 0.73 0.73 0.73 377

Akurasi untuk rasio 70_30: 72.68%

Figure 9. Algorithm Result Naive Bayes Rasio 70:30

In Figure 9, the naive Bayes model was able to classify tomato leaves affected by early blight with 76% accuracy
and late blight with 70% accuracy. The tomato disease classification model with a 70:30 data split ratio achieved an
accuracy of 72.68%. Based on the classification report, the model demonstrated fairly balanced performance across
both classes.



451 Indonesian Journal of Data and Science

Melatih model dengan rasio 80_20...

Laporan Klasifikasi untuk rasio 80_20:

precision recall fl-score support

early blight 0.67 0.76 0.72 109
late_blight 0.80 0.72 0.76 142
accuracy 0.74 251
macro avg 0.74 0.74 0.74 251
weighted avg 0.74 0.74 0.74 251

Akurasi untuk rasio 80_20: 73.71%

Figure 10. Algorithm Results Naive Bayes Rasio 80:20

In Figure 10, the naive Bayes model was able to classify tomato leaves affected by early blight with 76% accuracy
and late blight with 70% accuracy. The tomato disease classification model with a data split ratio of 80:20 achieved
an accuracy of 73.71%. Based on the classification report results, the model performed quite well in both classes.

Melatih model dengan rasio 90_10...

Laporan Klasifikasi untuk rasio 90_10:

precision recall fl-score support

early blight 0.64 0.75 0.69 55
late_blight 0.77 0.68 0.72 71
accuracy 0.71 126
macro avg 0.71 0.71 0.71 126
weighted avg 0.72 0.71 0.71 126

Akurasi untuk rasio 90 10: 70.63%

Figure 11. Algorithm Results Naive Bayes Rasio 90:10
In Figure 11, the naive Bayes model was able to classify tomato leaves affected by early blight with 64% accuracy
and late blight with 77% accuracy. The tomato disease classification model with a 90:10 data split ratio achieved an

accuracy of 70.63%. Based on the classification report, the model demonstrated fairly balanced performance across
both classes.

70_30

90_10

Figure 12. Comparison of Naive Bayes Model Accuracy
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The pie chart illustrates the distribution of accuracy percentages for tomato disease classification models based on
three data sharing ratios: 80:20, 70:30, and 90:10. The 80:20 ratio showed the highest accuracy at 34.0%, followed by
the 70:30 ratio at 33.5%, and the 90:10 ratio at 32.5%.

These results indicate that the 80:20 model had a slightly superior accuracy compared to the other two ratios. Although
the difference is small, this finding suggests that variations in data sharing ratios affect model performance in
classifying tomato diseases.

4. Conclusion

This study aims to compare the performance of Convolutional Neural Networks (CNN) and Naive Bayes methods
in classifying tomato plant diseases, namely early blight and late blight. The dataset used consisted of 1,255 images
obtained from Kaggle, which were then processed through several stages, including preprocessing, normalization, and
data division into three ratio scenarios (70:30, 80:20, and 90:10) for training and testing purposes.

Based on the evaluation results, the CNN method demonstrated a higher level of accuracy than Naive Bayes. In
the best scenario with a data ratio of 80:20, CNN achieved an accuracy of 83.01%, while Naive Bayes only achieved
an accuracy of 34%. Furthermore, the CNN model also demonstrated more stable performance across various test
scenarios. Thus, it can be concluded that the CNN method is more effective in classifying tomato plant diseases than
Naive Bayes. Implementation of this model has the potential to help farmers detect diseases more accurately, thereby
minimizing the risk of misdiagnosis and increasing crop productivity.
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