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 Paprika (Capsicum annuum L.) is a high-value horticultural 
commodity widely consumed for its nutritional content and vibrant 
color variations. In the agricultural industry, classifying paprika 
varieties based on color is crucial for ensuring product quality and 
optimizing sorting processes. This study developed an automated 
classification system for three main paprika varieties—red, green, 
and yellow—using the Convolutional Neural Network (CNN) 
method. The dataset consisted of 1,820 images sourced from Kaggle, 
with data split into 60% for training and 40% for validation. 
Preprocessing steps included resizing images, normalizing pixel 
values to the range [0,1], and data augmentation techniques such as 
rotation, flipping, and brightness adjustments to enhance dataset 
diversity and reduce the risk of overfitting. The CNN model was 
designed with key layers, including convolutional, pooling, and fully 
connected layers, optimized using the Adam algorithm and 
categorical cross-entropy loss function. The training results showed 
an accuracy of 99.9% on the training data and 92% on the testing 
data, with an average processing time of 64 seconds per image and a 
maximum of 78 seconds, demonstrating the model's efficiency for 
real-time applications. The k-fold cross-validation technique was 
also employed to ensure the model's generalization ability to new 
data. This study demonstrated that CNN is an effective method for 
classifying paprika varieties based on color analysis, offering an 
accurate, fast, and scalable solution for automating sorting and 
grading processes in the agricultural sector, reducing human errors, 
and improving operational efficiency. 
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1. INTRODUCTION 
Paprika (Capsicum annuum L.) is one of the most economically valuable horticultural commodities, 

widely consumed for its nutritional content and vibrant color variations. The three main varieties of 
paprika—red, yellow, and green—are highly sought after in global markets. Their color differences arise 
from the pigments chlorophyll, carotenoids, and anthocyanins, which are also indicators of ripeness and 
quality [1]. Accurate classification of paprika varieties is essential in the agricultural industry to ensure 
product quality, enhance operational efficiency, and support automated processing systems [2]. Traditionally, 
this classification has been performed manually by human workers relying on visual inspection. However, 
such methods are time-consuming, prone to human error, and inconsistent due to subjective judgments [3]. 

In recent years, technological advancements in artificial intelligence (AI) and machine learning 
(ML) have provided solutions to overcome these challenges. Specifically, Convolutional Neural Networks 
(CNN), a method within deep learning, have demonstrated remarkable capabilities in image recognition 
tasks, including object detection, image segmentation, and classification. CNNs are designed to extract 
hierarchical features from input images through multiple layers of convolutional and pooling operations, 
enabling accurate pattern recognition even in complex visual datasets [4]. 

Numerous studies have shown the effectiveness of CNNs in agricultural applications, particularly in 
classifying and analyzing plant-based images. For instance, Nugraha et al. (2023) successfully employed 
CNNs to classify paprika leaves into healthy and diseased categories with 97% accuracy, highlighting its 
potential in addressing plant health issues [5]. Similarly, Nisa et al. (2023) achieved 99.56% accuracy in 
mango variety classification based on shape features using CNNs, further validating its robustness in 
handling diverse agricultural datasets [6]. These studies underscore CNN's versatility in recognizing visual 
patterns across a range of agricultural products. 

Color analysis has been a critical factor in differentiating fruit and vegetable varieties. Unlike shape 
or texture, color features often pose unique challenges due to variations in lighting conditions, camera angles, 
and shadows. Traditional image processing techniques that rely on handcrafted features often struggle to 
generalize across such variations. In contrast, CNNs are adept at learning both low-level and high-level 
features from raw image data, enabling them to excel in color-based classification tasks [7]. 

This study focuses on developing a CNN-based model to classify the three main varieties of 
paprika—red, yellow, and green—based on color features. The dataset, sourced from Kaggle, comprises 
1,820 images captured under varying lighting conditions and angles to ensure diversity. Preprocessing steps 
such as normalization, resizing, and data augmentation (e.g., rotation, flipping, and brightness adjustments) 
were applied to enhance the dataset's variability and reduce the risk of overfitting during model training [8]. 

Google Colab, a cloud-based platform, was employed for training the CNN model, leveraging its 
powerful computational resources to handle large-scale datasets efficiently. This approach eliminates the 
limitations posed by local hardware, ensuring seamless access to deep learning libraries like TensorFlow and 
Keras [9]. The model architecture consists of several layers, including convolutional layers for feature 
extraction, pooling layers for dimensionality reduction, and fully connected layers for classification. The 
Adam optimizer and categorical cross-entropy loss function were used to optimize the training process, 
ensuring high accuracy and minimized errors. 

Beyond achieving high classification accuracy, this study also evaluates the processing time 
required for each image. Real-time applications in the agricultural industry, such as automated sorting and 
grading systems, demand not only precision but also efficiency. By ensuring that the model performs well in 
terms of both accuracy and speed, this research aims to provide a scalable and practical solution for 
automating paprika classification processes [10]. 

This research contributes significantly to the agricultural sector by offering an AI-powered 
classification system that can improve productivity and reduce reliance on manual labor. The ability to 
classify paprika varieties accurately and efficiently supports better inventory management, quality control, 
and customer satisfaction. Moreover, the study advances the field of machine learning by demonstrating the 
adaptability of CNNs to agricultural problems, particularly in color-based classification tasks. By addressing 
the limitations of manual classification and traditional image processing methods, this research paves the way 
for broader applications of AI in agriculture and food industries [11]. 

 
2. METHOD 
 

This research uses the method Convolutional Neural Network (CNN) for classification of paprika 
varieties based on color. Research stages include data collection, pre-processing data, model development 
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Convolutional Neural Network (CNN), model training and testing, and model performance evaluation [3]. 
Research methods. 
1. Data Collection 

The dataset used in this research was obtained from the Kaggle platform 
(www.kaggle.com/datasets/). The dataset consists of images of three types of peppers: red, yellow, and 
green. Each type of pepper was photographed in a variety of lighting conditions and viewing angles to 
ensure adequate variety. The total number of images collected was 1820, with 500 images per type of 
pepper. (corrected again. Added detailed data set  

 
 

Figure 1. Flowchart Level of Data Collection 
 

Level pre-processing carried out to prepare data before model training, including: 
● Data division: the dataset is divided into two subsets, namely the training subset (training set) 

and validation subset (validation set) with a ratio of 150x150. 
● Normalization: Normalizes image pixel values to the range [0, 1] to facilitate the training 

process. 
● Data Augmentation: Performing augmentations such as rotation, flipping, and brightness 

changes to improve data variations and prevent overfitting. 
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Figure 2. Sample dataset of paprika classes 

 
2. Model Development Convolutional Neural Network (CNN) 

The CNN model is built with several main layers: 
● Input Layer: Receives images with a size of 128x128x3. 
● Convolutional Layers: Convolution layer with 3x3 filter and activation resume to extract 

features. 
● Pooling Layers: Pooling layer to reduce feature dimensions. 
● Fully Connected Layers: Layer fully connected to turn features into predictions. 
● Output Layer: Layer output with activation softmax to produce classification probabilities of the 

three types of peppers. 
 

 
Figure 3. Architecture Convolutional Neural Network 

 
The image above illustrates the architecture Convolutional Neural Network (CNN) which is 
used for classification of paprika varieties based on color analysis. This CNN consists of two 
main parts, namely feature extraction and classification [17]. 
 
1. Input : The input image is fed into the network. This image may contain different types of 

peppers to be classified. 
 
2. Feature Extraction:  

- Convolutional Layers (Conv1, Conv2, Conv3, Conv4, Conv5): These layers function 
to extract local features from the image input. Each convolution layer applies filters to 
detect various features such as edges, corners, shapes, and textures.  

- ReLU Activation : Activation function ReLU (Rectified Linear Unit) applied after each 
convolution to introduce non-linearity into the model. 

- Pooling Layers : Pooling is performed to reduce the spatial dimensions of the feature 
map produced by the convolution layer. This helps in reducing the number of 
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parameters and computations in the network, as well as helps in handling small 
changes in feature positions. 

 
3. Classification: 

- Flatten Layer: This layer evens out (flatten) maps features from the last layer of 
convolution into one long vector that can be fed into fully connected layer. 

- Fully Connected Layer: This layer connects all the neurons from one layer to the next 
layer. This allows the network to combine the extracted features to make predictions. 

- -Output Layer: The final layer produces output classification, using activation 
functions softmax to produce probabilities for each class of paprika fruit varieties. 

 
Overall, Convolutional Neural Network (CNN) processes images of peppers through multiple 
convolution layers to extract important features, then uses layers fully connected to classify the 
image into one of three types of peppers based on color [9]. 
 

3. Model Training 
CNN model training is carried out using training subsets (training set) there is a validation subset 

(validation set). The dataset is divided into 60% data training and 40% data validation. The model is 
trained using the Adam Algorithm with adaptive learning rate and function loss categorical cross-
entropy. Training was carried out for 50 days epoch with batch size 32. 

4. Model Performance Evaluation 
Model performance is evaluated using the matrix: 
● Accuracy: Percentage of correct predictions. To calculate accuracy metrics usually use the formula: 

 
Or 

 
Paprika Data has 75 test data with the following prediction distribution: 
- 23 data were classified correctly for the class Paprika Green 
- 25 data were classified correctly for the class Paprika Orange 
- 25 data were classified correctly for the class Paprika Red 

The total number of test data is 75. 

So, we can calculate accuracy as follows: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
23 + 25 + 21

75
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
69
75

 
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 0.92 

In percent, this accuracy will be: 

Accuracy = 0.92 x 100% = 92% 

So the accuracy of the model on the three Paprika class test data is around 92%. 

5. Processing Time 
The time required to process each image was recorded during testing to assess the efficiency of the 

model. Average time and longest time are recorded as performance indicators real-time. 
6. Validation and Generalization 

The model is validated using the technique k-fold cross-validation to ensure that the model does not 
overfitting and can generalize well to new data. 

 
3. RESULTS AND DISCUSSION 

In this research, programming languages Python by using framework Tensor Flow and Hard to use. 
Raw data is converted into training data through preprocessing to improve model accuracy. After importing 
the dataset, the next step is to perform preprocessing by creating objects Image Data Generator first to do 
augmentation image data. The pixel intensity of the input image is normalized to a value between 0 and 1 
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using a function rescale=1./255, which can help in model training. The distribution of the dataset in this 
study was carried out with a ratio of 60% for training data (1089 images) and 40% for validation data (723 
images). 

 
Figure 4. Image Augmentation Script 

The research model used in this research is a model "Sequential", which is one of a kind neural 
network the most widely used because it has a sequential layer arrangement and is suitable for image 
classification. The model used in this research can be seen in the following diagram: 

 
Figure 5. CNN model 

 This research model uses 2 layers convolution, 2 pooling layers with size (2x2), 1 layer dropout, 2 
layers dense (fully connected layer), and 1 layer flatten. The activation function used is resume for 
convolution layers and dense, as well as softmax for layers output. The first filter in this model has 32 filters 
with a kernel size of 3x3, and the second filter has 64 filters with the same kernel size. The total parameters 
in this study were 3454147 parameters. 

Next, the model that has been created is compiled for training. The accuracy of model training on 
the training data was 99.9% with a total loss of 0.011207678355276585. This model is then saved as 
"model.keras". The model training results are shown in Fig 
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Figure 6. Accuracy results  

To evaluate the performance of the model during the training process, we can see the training and 
validation accuracy graphs as well as the training and validation loss graphs displayed. 

 
(a)                                                                                    (b) 

Figure 7. (a) Graph Training and Validation Accuracy, (b) Graph Training and Validation Loss 
  

On the graph training and validation accuracy show that kurva training And validation accuracy 
continues to increase and does not show a significant difference. Additionally, on the graph training and 
validation loss, It appears that both curves experience a steady decline. This indicates that the trained model 
is getting better at classifying and shows no signs overfitting. 
 Next, the model is tested using the data testing to evaluate the performance of models that have been 
trained on training data and assess the performance of classification models on the dataset used. The results 
of model testing use data testing in this research can be seen in Table 1. 

Table 1. Classification Report 
Class Count Errors 

Paprika Green 23 2 
Paprika Orange 25 0 
Paprika Red  21 4 

 From the results displayed, it can be concluded that the classification model that has been created 
produces good performance. This can be seen from the results "count” And "errors” results, namely only a 
few errors in all classes. The model successfully identified 25 objects from each class (Paprika Green, 
Paprika Orange, Paprika Red). These results show that the model created is very good at distinguishing 
existing classes from the given dataset, and the model is able to classify the data correctly according to the 
target class. This is in line with previous research that has been carried out and shows that the use of the 
method Convolutional Neural Network (CNN) in the Paprika classification was successful 
CONCLUSION 

 The results of the research that has been carried out show that the application of the method 
Convolutional Neural Network (CNN) on paprika fruit image data based on color has quite good 
performance. The dataset in this study consists of 1820 images of paprika which are divided into three 
classes, namely “Paprika Orange”, “Paprika Green”, And "Paprika Red", with data sharing of 60% for 
training data and 40% for data validation. This research uses a programming language Python with 
Framework TensorFlow and hard. The model training results show an accuracy of 99.9% 
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