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Abstract 

The decline in productivity of paprika plants (Capsicum annuum) is often closely associated with leaf health disorders, 
particularly bacterial spot disease, which is difficult to identify at an early stage through conventional visual inspection. 
Early detection of this disease is crucial, as delayed diagnosis can lead to significant yield losses and reduced crop 
quality. However, manual monitoring relies heavily on expert knowledge and is prone to subjectivity and human error, 
especially in large-scale cultivation systems. To address this challenge, this study proposes a deep learning–based image 
classification approach for identifying diseases in paprika leaves by leveraging transfer learning with the MobileNetV2 
architecture. MobileNetV2 was selected due to its lightweight structure and computational efficiency, making it suitable 
for practical and real-time agricultural applications. The dataset used in this research was obtained from the PlantVillage 
database and consists of two classes: healthy paprika leaves and leaves infected with bacterial spot disease.  To enhance 
the robustness and generalization capability of the proposed model, the training data were enriched using various data 
augmentation techniques, including rotation, flipping, scaling, and brightness adjustment. These techniques help mitigate 
overfitting and improve the model’s ability to recognize disease patterns under diverse imaging conditions. Experimental 
results demonstrate that the proposed model achieves stable and reliable classification performance, with an overall 
accuracy of 96%, accompanied by balanced precision and sensitivity values across both classes. These results indicate 
that MobileNetV2 is highly effective for paprika leaf disease classification. Furthermore, the findings suggest strong 
potential for implementing the proposed approach as an image-based plant disease detection system, supporting 
precision agriculture and enabling early intervention to improve crop productivity and sustainability. 
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1. Introduction 
The agricultural sector is a major pillar of global food security. However, plant diseases remain a serious 

threat, causing significant losses in agricultural production. According to a report by the Food and Agriculture 
Organization (FAO), approximately 20-40% of annual crop yields are lost to diseases and pests, with a significant 
impact on horticultural commodities such as peppers, tomatoes, and potatoes, which are susceptible to disease.[1]. 
Peppers (Capsicum annuum) have high economic value, are widely cultivated, and are widely used in the culinary 
and industrial sectors. However, they are susceptible to Bacterial Spot caused by Xanthomonas campestris pv. 
vesicatoria. This disease causes brown spots that progress to necrosis, thus reducing the quality and quantity of 
production. Early detection of this disease is important so that farmers can take timely control measures.[2]. Plant 
disease diagnosis is carried out by plant pathologists through direct observation. However, this method is time-
consuming, subjective, and impractical. Computer vision and deep learning technology can automatically identify 
diseases using leaf images.[3] The PlantVillage Dataset is a public dataset containing over 54,000 leaf images 
from 14 plant species across various disease categories and health conditions. This dataset provided images of bell 
pepper leaves in healthy and bacterial spot conditions for this study [4]. 
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Several previous studies reported high accuracy using deep learning approaches. Khan et al. (2023) developed a 
lightweight CNN for edge computing with 95.6% accuracy on laboratory images, but performance decreased in 
field conditions with varying lighting [5]. Noyan (2022) found bias in PlantVillage due to images captured against 
a homogeneous background. The trained model achieved an internal accuracy of 99.2%, but dropped to 82.7% 
when tested on field images [6]. Pandey et al. (2024) compared CNNs, Random Forests, and SVMs. CNN achieved 
the highest accuracy (97.3%), but remained sensitive to lighting and background variations [7]. Other approaches 
have also been proposed to improve classification performance. Ouamane et al. (2024) proposed a CNN method 
based on Tensor Subspace Learning that achieves up to 99% accuracy, but requires high computational 
requirements for large-scale implementations. [8] Saleem et al. (2020) compared VGG16, ResNet50, InceptionV3, 
and Xception. Xception achieved 99.81% validation accuracy, but it still overfitted to the PlantVillage dataset. [9] 
These studies demonstrate that deep learning models achieve high accuracy, but the limited variation within 
PlantVillage poses generalization challenges. Data augmentation is an effective strategy for synthetically 
expanding the distribution of training images. 

The objective of this study is to build and evaluate a Convolutional Neural Network (CNN)-based model for 
pepper leaf disease classification using a transfer learning approach with the MobileNetV2 architecture. Transfer 
learning aims to improve model performance, especially with limited training data, by leveraging pre-trained 
weights that have proven effective in image recognition tasks. The developed model focuses on classifying two main 
conditions of bell pepper leaves: healthy leaves and leaves infected with bacterial spot disease, based on digital 
images sourced from the PlantVillage dataset. Through the development of this model, the research is expected to 
produce an accurate, efficient, and reliable classification system for automatically detecting bell pepper leaf 
diseases. Furthermore, the proposed model aims to have low computational complexity, making it potentially 
applicable to devices with limited resources, such as mobile or embedded systems. Therefore, the results of this 
research are expected to contribute to the development of smart agriculture technology, particularly in supporting 
early detection of plant diseases to increase productivity and sustainability in the agricultural sector.

2. Method 
The Convolutional Neural Network (CNN)-based paprika leaf disease classification model consists of two main 

stages: training and testing/classification.  

 

 

 

 

  

 

 

 

 

 

 

 

Figure 1. The Proposed Model Steps 
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During training, paprika leaf image data from the PlantVillage dataset undergoes preprocessing, including resizing, 
normalization, and data cleaning, to meet the model's requirements. Image augmentation is then performed to 
increase data variation, such as rotation, flipping, and scaling, to reduce the risk of overfitting. The augmented 
images are then processed using a CNN to extract important features from each image. These features are used 
during model training to build a paprika leaf disease classification model. During testing, the test images undergo 
preprocessing and feature extraction using the same CNN, then are fed into the trained model to produce paprika 
leaf disease classification results based on the detected classes. The detailed steps of the proposed model are 
shown in Figure 1. 

2.1 Dataset 
The dataset used in this study is the PlantVillage Dataset, which contains a collection of plant leaf images 

under controlled conditions with a uniform background to support plant disease detection research using computer 
vision techniques [11]. Of the 14 available plant classes, this study specifically uses a subset of bell pepper leaves, 
which consist of two classes: healthy (H) and bacterial spot (BS). All images in this dataset have a fixed resolution 
of 256 × 256 pixels and are recorded in RGB format. In the healthy class, there are 1477 images, and in the 
bacterial spot class, there are 997 images, for a total of 2474 images used before the training process. These 
images display variations in leaf visual conditions, such as differences in color, texture, and the severity of disease 
symptoms, providing sufficient diversity for the model's learning process. Examples of leaf images from the dataset 
are shown in Table 1. 

Tabel 1. Contoh gambar dari dataset PlantVillage 

No. Gambar Class 

1 

 

H 

2 

 

BS 

 

 

2.2 Pre-processing 
The preprocessing stage aims to improve image quality before it is processed by the CNN model during 

training. This process is important so that all images have uniform characteristics and formats [12]. In this study, 
preprocessing was applied to all paprika leaf images from the PlantVillage dataset before entering the 
augmentation and model training stages. The preprocessing stage includes adjusting image size and normalizing 
pixel values. 

2.2.1 Resize  
The first step in the preprocessing stage is image resizing. All images in the dataset initially have a resolution 

of 256 × 256 pixels. To reduce computing load and speed up model training, the images are resized to 128 × 
128 pixels. This resizing process intends to balance computational effectiveness and the model's ability to capture 
relevant visual information. The resizing is applied consistently across all images in the dataset, guaranteeing 
uniform input dimensions and aiding the model's learning. With smaller yet representative image sizes, the model 
is expected to optimally extract key features, such as leaf patterns, textures, and shapes, without losing the image's 
main characteristics. An example of the results of resizing leaf images is shown in Figure 2. 
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(a) Pepper bell bacterial spot before resizing (b) Pepper bell bacterial spot after resizing 

Figure 2. Pepper bell bacterial spot before and after resizing 
 

2.2.2 Rescale (Normalisasi Nilai Piksel) 
After resizing, the next step in preprocessing is image normalization. Normalization converts the pixel intensity 
range from 0–255 to 0–1. This process is done by dividing each pixel value by a constant 255, so that all data is 
on a uniform scale. Normalization aims to stabilize the distribution of input data and reduce scale differences among 
features, which can affect the model's learning performance. With smaller, more controlled pixel values, the 
optimization process during training becomes more stable, enabling model convergence to be achieved more 
quickly. Although normalization does not visually change the image's appearance, this step plays a crucial role in 
improving the performance and accuracy of Convolutional Neural Network (CNN) models. An example of the 
resulting image after the normalization process is shown in Figure 2. 

  
(a) Pepper bell bacterial spot sebelum normalisasi (b) Pepper bell bacterial spot setelah normalisasi 

Gambar 1 pepper bell bacterial spot sebelum dan setelah normalisasi 

2.2.3 Aumentasi Gambar 
The data augmentation stage was conducted to increase the number and diversity of training images, thereby 

improving the model's generalization capabilities [13]. The augmentation process was applied to preprocessed 
images, namely 128 × 128-pixel normalized images. With augmentation, the model can recognize disease patterns 
on leaves under various visual conditions that may not be covered in the original dataset. Image augmentation was 
performed using ImageDataGenerator with several geometric transformations. Image rotation was applied with a 
maximum angle range of 20 degrees to simulate variations in leaf orientation. In addition, horizontal and vertical 
image shifts were applied to 10% of the original size in each direction to represent differences in object positions 
in the image. Zooming techniques were also applied, with a factor of up to 20%, to account for variations in leaf 
scale. A horizontal flip was also used to increase the variation in leaf viewpoints, while a vertical flip was not 
applied. The entire augmentation process was performed only on the training data, while the validation data was 
not augmented and was only normalized. With this configuration, the model was trained on more diverse images 
while preserving the original visual characteristics, thereby increasing its resilience to image variations and reducing 
overfitting. The image results are shown in Table 2. 
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Tabel 2. Augmentation Results 

bacterial_spot healthy 

  

 

2.3 Convolutional Neural Network (CNN) 
After completing the preprocessing and data augmentation stages, the next step is to apply a Convolutional Neural 
Network (CNN) to classify paprika leaves into healthy and bacterial spot–infected categories. The CNN model is 
trained on labeled images from the PlantVillage dataset to learn discriminative visual features, including texture, 
color patterns, and lesion characteristics. Once the training phase is complete, the trained model is evaluated on 
test data to assess its ability to accurately classify unseen paprika leaf images and to measure its overall 
performance. 

2.3.1 Transfer learning 
A transfer learning approach was used to classify pepper leaf diseases. Transfer learning enables the model to 
leverage weights trained on large datasets, such as ImageNet, resulting in faster training and more stable 
performance despite relatively limited datasets [14]. The underlying architecture is MobileNetV2, a lightweight 
CNN model designed for resource-constrained environments. MobileNetV2 has proven efficient in various image 
classification tasks [15]. In this study, all base layers of MobileNetV2 are frozen, serving as feature extractors 
without retraining. 

2.3.2 CNN Model Architecture 
In this study, the model was developed using MobileNetV2 with include_top=False, eliminating the model's built-in 
classification and using only its feature extraction. The output from MobileNetV2 was then connected to several 
additional layers to classify two classes (healthy and bacterial spots). 

The additional architectures used include: 

- GlobalAveragePooling2D, converting the output feature map into a 1-dimensional vector. 
- Dropout (rate = 0.5), to reduce overfitting. 
- Dense (128 neurons, ReLU activation), a fully connected layer for learning high-level representations. 
- Dense (1 neuron, Sigmoid activation), because the output is only a single probability value (0 = healthy, 1 = 

bacterial). 

MobileNetV2 acts as an automatic feature extractor, while the additional layers perform the classification 
specifically for the bell pepper dataset. 

 

2.3.3 Kompilasi Model 
 
The model was compiled using: 

Loss function: Binary Cross-Entropy (BCE), an output layer that produces a single probability value, where values 
close to 0 indicate the healthy class and values close to 1 indicate the bacterial spot class. 

 BCE(y, y^) = −[y ⋅ log(y^) + (1 − y) ⋅ log(1 − y^)]!                                      (1) 



JURNAL TEKNOLOGI REKAYASA INFORMASI DAN KOMPUTER 

13 
 

Optimizer: Adam, with a learning rate of 0.0001 for learning stability. 

Metrics: accuracy, to measure the model's ability to correctly classify images. 

2.3.4 Proses Pelatihan 
The model is trained using augmented data in the training phase, while the validation data is simply rescaled without 
augmentation. 

Training parameters used: 
- Epoch: 20, the model will view the entire dataset 20 times. 
- Batch size: 40, the model processes 40 images simultaneously. 

The training data uses images that have undergone preprocessing and augmentation. The testing data uses 
preprocessed images (without augmentation). 

Training is performed using the model.fit() method, with input provided as a generator (e.g., ImageDataGenerator) 
or tf.data. A dataset containing a collection of images that have undergone preprocessing and augmentation. This 
process allows the model to receive batches of images incrementally, reducing memory consumption. 

3. Results and Discussion 
The MobileNetV2 model was trained by monitoring changes in accuracy and loss  at each epoch. The data 

visualization in Figure 3 shows that in the early epochs (1-3), training accuracy increased significantly from around 
70% to nearly 90%, suggesting that the MobileNetV2 model with transfer learning quickly captured the basic 
pattern of bell pepper leaf images. In this phase, validation accuracy also immediately reached above 90%, 
indicating that the initial features learned were already relevant to the validation data. In the middle epochs (4-
10), the increase in training and validation accuracy was more gradual and stable, with values ranging from 94-
95% each without significant differences, indicating a balanced learning process and no overfitting. Entering the 
final training phase (11-20), both accuracy curves tended to stagnate around 95-96%, indicating the model had 
reached convergence and optimal performance on the used dataset, with small fluctuations within reasonable limits. 

In terms of loss, the graph in Figure 3 shows a consistent downward trend across both the training and 
validation data. In the early training phase (epochs 1-3), the training loss dropped sharply from around 0.60 to 
below 0.30, while the validation loss dropped from around 0.35 to around 0.20. This rapid decline indicates that 
the model effectively reduces prediction errors in the early stages of learning. In the later phase (epochs 4-20), the 
loss decline is more stable, with the training loss in the range of 0.15-0.18 and the validation loss in the range of 
0.12-0.15. There is no significant increase in validation loss or divergence between the two curves, a strong indicator 
that the model successfully avoids overfitting and has optimal generalization capabilities to the validation data. 

 

 

FIgure 3. Accuracy and loss of model training  

After the training phase, a performance evaluation was conducted using a confusion matrix to assess the 
model's ability to classify paprika leaf images into two classes: healthy and bacterial spots. The visualization in 
Figure 4 shows that, out of a total of 374 test data sets, the model correctly classified 148 healthy leaf images 
(true negatives) and 211 leaf images infected with bacterial spots (true positives). 
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Figure 4. Model’s Confusion matrix on Testing phase 

On the other hand, three healthy leaf images were misclassified as infected (false positives), and 12 infected 
leaf images were misclassified as healthy (false negatives). This relatively small number of misclassifications 
indicates that the model has strong class separation and does not exhibit significant bias toward any one class. 
Overall, the resulting prediction distribution confirms the previous training results, showing that the MobileNetV2 
model achieved high accuracy in classifying paprika leaf images. The classification report in Table 3 confirms these 
results. For the bacterial_spot class, the model achieved a precision of 0.93 and a recall of 0.98, indicating excellent 
detection of bacterially infected leaves with a low error rate. For the healthy class, a precision of 0.99 and a recall 
of 0.95 indicate that the model recognized healthy leaves with high accuracy. The consistent F1-score values across 
both classes, 0.95 and 0.97, demonstrate a balance between precision and recall. 

Overall, the model achieved an accuracy of 0.96, indicating strong classification performance on the paprika 
leaf dataset. 

 
Tabel 3 Laporan Kinerja Klasifikasi Model CNN pada Data Uji. 

 Precision Recall F1-score support 
Bacterial_spot 0.93 0.98 0.95 151 

Healthy 0.99 0.95 0.97 223 
Accuracy   0.96 374 

Macro avg 0.96 0.96 0.96 374 
Weighted avg 0.96 0.96 0.96 374 

 

4. Conlusions 
This study successfully developed a model for paprika leaf disease classification using a lightweight, efficient 

MobileNetV2-based transfer learning approach. Evaluation results showed the model achieved 96% accuracy, 
demonstrating excellent ability to distinguish healthy paprika leaves from those infected with bacterial spot. The 
consistent pattern of accuracy improvement and reduction in loss across training and validation data indicates that 
the model does not overfit and has good generalization capabilities. Thus, MobileNetV2 has proven effective for 
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paprika leaf disease classification and has the potential for further development through additional dataset 
variations and hyperparameter optimization. 
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