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Diseases in tomato plants can be highly detrimental to tomato 
farmers, with common afflictions such as begomovirus, blight, 
and spider mites posing significant challenges. The 
implementation of machine learning offers a promising solution 
to address these issues and mitigate the financial losses caused 
by such diseases. This study aims to evaluate the effectiveness of 
machine learning in detecting plant diseases using Convolutional 
Neural Networks (CNN). The data used in this implementation 
was obtained from public datasets available on Kaggle and real-
time data collected directly from tomato farms in Kadudampit, 
Sukabumi Regency. The Kaggle dataset contains 4,800 images 
categorized into three classes: begomovirus, blight, and spider 
mites. Meanwhile, the real-time dataset comprises 450 images, 
also divided into the same three classes. The performance of the 
machine learning model was tested using different datasets, with 
accuracy measured through a confusion matrix. The results 
showed that the machine learning model trained on the public 
dataset achieved the highest accuracy of 97%. The model trained 
on a combination of the public and real-time datasets achieved 
an accuracy of 94%, while the model trained solely on the real-
time dataset achieved an accuracy of 80%. A machine learning 
model is considered effective if its accuracy exceeds 75%. 
Therefore, based on the three tests conducted, it can be 
concluded that the machine learning models demonstrated a 
good level of accuracy in detecting diseases in tomato plants. 
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1. INTRODUCTION 
 

With the advancement of technology, particularly in the field of Artificial Intelligence (AI), 
various machine learning methods have been developed to address a wide range of issues in agriculture. 
One prominent method is Convolutional Neural Network (CNN). CNN, a type of deep learning, is known 
for its effectiveness in image analysis and pattern recognition. In the context of plant disease detection, 
CNN holds great potential for identifying disease symptoms on plant leaves through images with high 
accuracy [1]. 

This study focuses on tomato plants, specifically their leaves. Leaves are among the most 
responsive parts of a plant in showing early symptoms of disease. These symptoms may include 
discoloration, the appearance of spots, or deformation of the leaf structure. Early identification of these 
symptoms is crucial to ensure timely and appropriate intervention before the disease spreads and 
infects the entire plant. This research employs machine learning technology, with Convolutional Neural 
Network (CNN) as the primary method. CNN excel at visual data analysis such as image classification 
and object detection, making them a key tool for visual pattern-based decision making, especially in the 
medical, surveillance, and autonomous vehicle fields [2]. In this study, CNN is utilized to analyze tomato 
leaf images to automatically detect diseases. 

The main challenge of this research lies in implementing a CNN model capable of detecting 
diseases in tomato plants with high accuracy. This challenge is further complicated by variations in 
lighting conditions, image angles, and differing visual characteristics of diseases. To overcome these 
issues, this study employs advanced techniques such as data augmentation and transfer learning, which 
have proven to improve performance in visual recognition tasks [3] [4]. Data collection involves 
capturing tomato leaf images in the field and utilizing public datasets, which are then processed and 
labeled for training the CNN model [5]. The performance of the developed model will be measured using 
metrics such as accuracy, precision, recall, and F1-score [6]. 

Unlike previous studies, this study uses a combination of public data from Kaggle and real-time 
data collected directly from agricultural locations in Kadudampit, Sukabumi. This approach provides a 
unique contribution because real-time data reflects local conditions more accurately than public data, 
which is often generic and may not reflect conditions on the ground. With proper implementation, this 
technology can significantly contribute to early disease detection, assisting farmers in better disease 
management, and ultimately improving crop yields. Furthermore, this study aims to promote the 
broader adoption of smart agricultural technologies in modern farming practices. 

 

2. METHOD 

Convolutional Neural Network (CNN) is a type of deep learning algorithm capable of training 
models with a large number of parameters, often reaching millions, using 2D images as input. This 
approach is specifically designed to process and analyze visual data such as images. CNN employs filters 
or kernels to extract information from images, generating the desired output. This process enables CNN 
to effectively capture and understand complex patterns within images, making it one of the most 
powerful tools in various applications, including object recognition, image classification, and pattern 
detection [7] [8].  
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Figure 1. Convolutional Neural Network 

In general, there are three main layers in Convolutional Neural Networks (CNN): convolution layers, 
pooling layers, and fully connected layers [9] [10]. 

a. Convolution Layers 
Convolution Layers are the core components of Convolutional Neural Networks (CNN) 

responsible for processing the dimensions of an image, such as its width, height, and depth, 
along with the kernel. Their primary function is to act as filters and generate feature maps 
during image input processing [11]. 

By applying kernels (small matrices) to the input image, convolution layers extract 
specific features, such as edges, corners, and textures, by sliding these filters over the image. 
The output, known as the feature map, represents the presence and intensity of these features, 
enabling the model to focus on significant patterns in the data while ignoring irrelevant details. 

 
Figure 2. Convolution Layers 

b. Pooling Layers 
The pooling layer plays an important role in reducing the spatial dimensions of data to 

decrease the number of parameters and computations required. Additionally, this layer helps 
prevent overfitting, where the model achieves high accuracy in predicting training data but fails 
to recognize data outside the training sample. There are various commonly used pooling 
methods, such as max pooling and average pooling. In max pooling, the maximum value is taken 
from a specific region, while in average pooling, the average value is taken [12]. 

 

 
 

Figure 3. Pooling Layers 
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c. Fully Connected Layers 
The fully connected layer is the final layer in the CNN architecture. Each neuron in this layer is 
connected to every neuron in the preceding or succeeding layer. This layer is often used as the 
output layer or the classifier in CNNs [13]. 

 

Figure 4. Fully Connected Layers 

To evaluate machine learning, a confusion matrix is used to measure the accuracy 
achieved by the model using three different datasets. Confusion matrix evaluates the 
performance of a classification model by summarizing predictions vs. actual results. Used in 
supervised learning, it identifies accuracy, error, and priority metrics for model optimization. 
[14]. This matrix presents a comparison between the predictions made by the model and the 
actual values from the test data in a tabular form. For binary classification problems, the 
confusion matrix consists of four main components: True Positive (TP), False Negative (FN), 
False Positive (FP), and True Negative (TN). True Positive refers to cases where the model 
correctly predicts a positive outcome, while False Negative represents cases where the model 
fails to detect an actual positive value. False Positive occurs when the model incorrectly predicts 
a negative outcome as positive, and True Negative refers to cases where the model correctly 
predicts a negative value [15]. 

Here is the basic structure of a confusion matrix: 

Table 1. Basic structure of confusion matrix 

 Predicted Positive Predicted Negative 
Actual Positive True Positive (TP) False Negative (FN) 
Actual Negative False Positive (FP) False Positive (FP) 

 

Here is the explanation for each component: 
1. True Positive (TP): The case where the model predicts positive, and the actual value is also 

positive. 
2. False Negative (FN): The case where the model predicts negative, but the actual value is positive. 
3. False Positive (FP): The case where the model predicts positive, but the actual value is negative. 
4. True Negative (TN): The case where the model predicts negative, and the actual value is also 

negative. 
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From the confusion matrix, several evaluation metrics can be calculated, including: 
 

1. Accuracy: The percentage of correct predictions from the overall predictions is referred to as 
Accuracy. 

Accuracy = 
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁 
 

 
2. Precision: The proportion of correct predictions 

Precision = 
𝑇𝑃

𝑇𝑃+𝐹𝑃
 

 
3. Recall (Sensitivity): The proportion of positive cases correctly detected by the model 

Recall =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
 

 

4. F1 Score: Harmonic mean from precision and recall. 

F1 Score = 2 x 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 

SDLC (Software Development Life Cycle) is an organized framework for the software 
development process, which has evolved from the Waterfall model to Agile and DevOps. Modern 
approaches emphasize speed, adaptability, automation, and the ability to respond quickly to change 
[16]. In the machine learning implementation process, SDLC is used as the method for software 
development. Here are the stages of SDLC: 

 

Figure 5. SDLC Stages 

1. The first stage in the implementation process of this machine learning model is the planning 
stage. In this stage, the objective of this research will be identified, which is to implement a 
machine learning model to detect diseases in tomato plants using CNN [17]. 
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2. The second stage in the machine learning implementation process is the requirements analysis. 
Functional requirements describe the services that a software system must provide, while non-
functional requirements are concerned with the quality and constraints of the system [18]. 

a. Functional Requirements 
i. Detection & Classification: The model should detect and classify three types of 

diseases from leaf images (begomovirus, blight, and spider mite disease 
categories). 

ii. Training & Evaluation: The system is trained using public and real-time datasets, 
evaluated using accuracy, precision, and F1-score. 

iii. Platform: Implementation can be done on Google Collab. 
b. Non-Functional Requirements 

i. Accuracy >75%. 
ii. Use data augmentation and support the addition of new disease classes. 

iii. Consistent results despite varying image conditions. 
c. Data Requirements 

i. Dataset Public (4,800 images) and field (450 images) datasets with disease 
category labels. 

ii. Augmentation techniques to increase data diversity. 
3. The method used in this research is CNN with a sequential model. The model-building process 

involves three layers in accordance with the CNN architecture, which are the convolution layers, 
pooling layers, and fully connected layers. 

4. In the implementation process of creating this machine learning model, there are several stages 
that need to be performed. To facilitate the creation process, a flowchart has been created as 
follows: 

 

Figure 6. Implementation Process 
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5. In the testing stage of the machine learning process, testing will be conducted by inputting 
images of diseases in tomato plants with leaf images, which will later be detected for diseases 
by the machine learning model. Evaluation will then be performed using confusion matrix, F1 
Score, precision, and recall. 

6. The next step in the implementation process of the machine learning model for detecting 
diseases in tomato plants is deployment. The machine learning model can be used on the Google 
Collab platform by downloading the pre-uploaded model from Kaggle [19].  

7. The maintenance stage is the 7th phase in the machine learning implementation process. During 
this phase, updates or additions to the data will be made if there are new disease classes to be 
added. To add a class, new data can be uploaded to Google Drive, which is connected to the 
model. Below is an example of adding a disease class. 

8. Documentation is the final stage in the process of creating a machine learning model for 
detecting diseases in tomato plants. In this phase, the machine learning documentation will be 
presented and stored on the Kaggle website. 

3. RESULT AND DISCUSSION 

The implementation of machine learning using three different datasets will result in varying 
accuracies, as this is influenced by the quality and quantity of the datasets. However, from this, the 
impact and quality of the datasets can be observed, which will affect the accuracy of the machine learning 
model [20]. For the evaluation using these three datasets, calculations will include training and 
validation accuracy, F1 confidence curve, precision confidence curve, recall confidence curve, precision-
recall curve, and the confusion matrix. 
 
A. Training and validation accuracy 

The accuracy of the training data and validation data will be presented in the form of a plot 
graph, allowing the differences between each dataset used to be clearly visualized.  

 

 
 

 
From the graph, it can be seen that the accuracy of the training and validation data on the public 
dataset appears more consistent and stable. This is due to the public dataset being well-
organized and having minimal noise. In contrast, the real-time dataset tends to show a more 
irregular graph. This is because the real-time dataset contains more noise, which leads to 
fluctuating training and validation accuracy, making the graph appear less stable. 

 
 
 
 
 
 
 
 
 
 

Public Data Realtime Data Realtime & Public Data 
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B. F1 Confidence Curve 
The F1 confidence curve will be presented in the form of a graph for each dataset to highlight 
the differences between the datasets used. 

 
 
 
C. Precision Confidence Curve 

The Precision Confidence Curve will be presented in the form of a graph for each dataset to 
identify the differences between the datasets used. 

 
 

D. Recall Confidence Curve 
The Recall Confidence Curve will be presented in the form of a graph for 

 

 

E. Precision Recall Curve 
The Precision-Recall Curve will be presented in the form of a graph for each dataset to highlight 
the differences between the datasets used. 

Public Data Realtime Data Realtime & Public Data 

Public Data Realtime Data Realtime & Public Data 

Public Data Realtime Data Realtime & Public Data 

Public Data Realtime Data Realtime & Public Data 
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F. Confusion Matrix 
The Confusion Matrix will calculate the accuracy of the model using different datasets. The 
model must achieve an accuracy of >75% to be considered good. 

 

 
 
 

 

To measure the overall accuracy of the model, the following formula is used for 
calculation: 

 

Accuracy =  
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 

𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐷𝑎𝑡𝑎
 

 

Accuracy = 
473+469+475

1440
 

 
Accuracy = 0.9840 or 98% 
 

 
 
 
 

To measure the overall accuracy of the model, the following formula is used for calculation: 

 

Accuracy =  
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 

𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐷𝑎𝑡𝑎
 

 

Accuracy = 
25+46+56

158
 

 
Accuracy = 0.8037 or 80% 

Begomovirus 

Precision = 
𝑇𝑃

𝑇𝑃+𝐹𝑃
 

Precision = 
473

473+2
 = 0.9958 

Recall =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
 

Recall =  
473

473+5
 = 0.9895 

F1 Score = 2 x 
0.9958 𝑥 0.9895

0.9958 + 0.9895
 = 0.9926 

 

Hawar 

Precision = 
𝑇𝑃

𝑇𝑃+𝐹𝑃
 

Precision = 
469

469+11
 = 0.9771 

Recall =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
 

Recall =  
469

469+0
 = 1.0 

F1 Score = 2 x 
0.9771 𝑥 1.0

0.9771 +1.0
 = 0.9884 

 

Precision = 
𝑇𝑃

𝑇𝑃+𝐹𝑃
 

Precision = 
475

471+5
 = 0.9896 

Recall =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
 

Recall =  
475

475+0
 = 1.0 

F1 Score = 2 x 
0.9896 𝑥 1.0

0.9896 +1.0
 = 0.9948 

 

Data Publik 

Begomovirus 

Precision = 
𝑇𝑃

𝑇𝑃+𝐹𝑃
 

Precision = 
25

25+3
 = 0.8929 

Recall =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
 

Recall =  
25

25+22
 = 0.5319 

F1 Score = 2 x 
0.8929𝑥 0.8929

0.5319 + 0.5319
 = 0.6667 

 

Hawar 

Precision = 
𝑇𝑃

𝑇𝑃+𝐹𝑃
 

Precision = 
46

46+6
 = 0.8846 

Recall =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
 

Recall =  
46

46+0
 = 1.0 

F1 Score = 2 x 
0.8846 𝑥 1.0

0.8846 +1.0
 = 0.9387 

 

Tungau Laba-laba 

Precision = 
𝑇𝑃

𝑇𝑃+𝐹𝑃
 

Precision = 
56

56+0
 = 1.0 

Recall =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
 

Recall =  
56

56+0
 = 1.0 

F1 Score = 2 x 
1.0 𝑥 1.0

1.0 +1.0
 = 1.0 

 

Data Realtime 
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To measure the overall accuracy of the model, the following formula is used for calculation: 

 

Accuracy =  
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 

𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐷𝑎𝑡𝑎
 

 

Accuracy = 
474+445+441

1440
 

 
Accuracy = 0.9444 or 94% 

 
  

In addition, testing was conducted on tomato leaves affected by diseases using three different 
datasets.  

 1. Testing with the Public Dataset. 

   

Begomovirus 

Precision = 
𝑇𝑃

𝑇𝑃+𝐹𝑃
 

Precision = 
474

474+20
 = 0.9595 

Recall =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
 

Recall =  
445

445+35
 = 0.9875 

F1 Score = 2 x 
0.9595 𝑥 0.9875

0.9595 + 0.9875
 = 0.9733 

 

Hawar 

Precision = 
𝑇𝑃

𝑇𝑃+𝐹𝑃
 

Precision = 
445

445+21
 = 0.9554 

Recall =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
 

Recall =  
445

445+35
 = 0,9271 

F1 Score = 2 x 
0.9554 𝑥 0,9271

0.9554 +0,9271
 = 0.9410 

 
Tungau Laba-laba 

Precision = 
𝑇𝑃

𝑇𝑃+𝐹𝑃
 

Precision = 
441

441+21
 = 0.9545 

Recall =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
 

Recall =  
441

441+39
 = 0,9187 

F1 Score = 2 x 
0.9545 𝑥 0,9187

0.9545 +0,9187
 = 0.9362 

 

Data Realtime & publik 

Begomovirus Blight 
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 2. Testing with the Realtime Dataset. 
 

 
 

 
 
 

Spider mites 

Begomovirus 
Spider mites 

Blight 
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 3.  Testing with the Public and Realtime Dataset. 

 
 
 

 
 
 

4. CONCLUSION 
 

The conclusion drawn from the implementation of a machine learning model for detecting 
diseases in tomato plants using a CNN architecture is that the model successfully achieved an average 
accuracy of 90.33%. A machine learning model is considered highly effective if its accuracy exceeds 75%. 
The results show that the highest accuracy, 97%, was obtained using the Kaggle public dataset, while a 
combination of public and real-time datasets yielded an accuracy of 94%. Meanwhile, using only the real-
time dataset resulted in an accuracy of 80%. Moreover, to achieve optimal accuracy, it is crucial to ensure 
that the dataset contains clear, specific images free from interference by other objects, as these factors 
can significantly affect the model's performance in accurately detecting diseases. Thus, the quality and 
cleanliness of the data play a critical role in the success of machine learning applications in tomato plant 
disease detection. There are also suggestions for future research by integrating CNN models with 
Internet of Things (IoT) devices, such as drones or field cameras, to detect diseases in real-time and 
accelerate interventions in the field. 

 
 
 

 

Begomovirus Blight 

Spider Mites 
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