IT Journal Research and Development (ITJRD)
Vol.10, No.2, March 2026, E-ISSN : 2528-4053 | P-ISSN : 2528-4061

DOI : 10.25299/itjrd.2025.24574

57

Herbal Leaf Classification Using Convolutional Neural Network (CNN)
Method With VGG16 Architecture

Sisi Auliani', Dolly Indra’, Fitriyani Umar®
Informatics Engineering, Faculty of Computer Science, Universitas Muslim Indonesia
sisiauliani09@gmail.com', dolly.indra@umi.ac.id?, fitriyani.umar@umi.ac.id®

Article Info

ABSTRACT

Article history:

Received Aug 14, 2025
Revised Sep 19, 2025
Accepted Nov 25, 2025

Keyword:

Image Classification

Herbal Leaves

Convolutional Neural Network
VGG16

Fine-Tuning

Visual identification of various types of herbal leaves such as sweet
leaf, moringa leaves, cat whiskers, bay leaf, and betel leaf is often
difficult due to morphological similarities. This study presents a novel
approach using a Convolutional Neural Network (CNN) model with
the VGG16 architecture to automatically classify these five types of
leaves. The main novelty of this study lies in the implementation of a
two-stage fine-tuning strategy specifically tailored to the herbal leaf
dataset. The first stage freezes the base layer and trains a new
classification head, while the second stage fine-tunes several upper
layers to improve model adaptability. The model was trained using 500
herbal leaf images and evaluated on 235 independent test images. The
results demonstrated superior model performance with an overall
accuracy rate of 91.06% and an average F1-score of 0.91. Qualitative
analysis demonstrated the model's success in classifying leaves with
unique features, such as cats whiskers and betel leaf. However, the
model faced challenges in distinguishing leaves with high visual
similarities, such as sweet leaf and moringa leaves. Practically, the
developed model offers an effective and reliable solution for herbal
leaf identification, reducing time and error rates compared to manual
methods. Although this study is limited by the small dataset size, these
results demonstrate the great potential of the optimized VGGI16
architecture for applications in botany and traditional medicine,
making it a valuable tool.
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1. INTRODUCTION

Indonesia is a country with extensive biodiversity and a wide variety of herbal plants[1]. This
biodiversity makes it a highly respected country in the world in the field of herbal medicine[2]. The
herbal plants that grow in this area are very beneficial, especially for families who have difficulty
getting medical care[3]. Herbal plants are a reliable alternative treatment solution for alleviating the
symptoms of common illnesses, treating minor wounds, and maintaining general health[4][5].

However, distinguishing between different types of herbal plants is often difficult for people,
especially for most people[6]. Leaves such as Bay Leaf, Betel Leaf, Cat Whiskers, Moringa Leaves
and Sweet Leaf are types of leaves that can be used for medicinal purposes. These five leaves show
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significant variations in shape, color, texture, and other characteristics, which can pose a challenge
for plant leaf classification due to significant visual differences[7]. When leaf type classification is
currently carried out, eye observation and individual assumptions are still used, so the process is
time-consuming and tends to have a high error rate[8]. In addition, data augmentation including
rotation, flip and brightness adjustment, is widely used to enrich the variety of training data, reducing
bias in the dataset[9][10]. Therefore, a system is needed that can distinguish various types of herbal
leaves based on their shape, color, and texture[11][12].

The author will use the Convolutional Neural Network (CNN) method with the VGG16
architecture in this context to recognize and classify various types of herbal plant leaves and use an
input image size of 224 x 224 [13]. This method has a strong ability to learn important characteristics
of images through convolution and pooling processes. This allows for more accurate and effective
object recognition. VGG16 is a deep learning architecture with 16 layers[14]. Therefore, the author
will use the CNN method to determine the type of leaf consisting of five types of leaves originating
from herbal plants: Bay Leaf, Betel Leaf, Cat Whiskers, Moringa Leaves and Sweet Leaf[15].

Several previous studies have demonstrated the success of the CNN method in classifying
herbal leaves. Research by Sri Adiningsi et al. (2022) yielded a test accuracy of 90.74% for
identifying medicinal plant leaf types using the VGG16 model[4]. The medicinal plant leaf types
consisted of guava, starfruit, lime, pandan, betel, papaya, basil, aloe vera, celery, and jackfruit.
Meanwhile, research by Mahdarul Huda Ahmad et al. (2023) successfully achieved 96.2% accuracy
using the VGG16 transfer learning model and 50% dropout for classifying four types of herbal leaves,
namely curry leaves, betel leaves, mint leaves, and moringa leaves[11].

Based on these problems, this study aims to develop a classification model based on the
VGG16 architecture that is able to recognize and classify 5 types of herbal leaves.

2. RESEARCH METHOD

The dataset used is a primary dataset collected manually by researchers using a 12 MP
smartphone camera, so that image quality is maintained according to system requirements. There are
a total of 500 images with five classes of herbal leaves, namely Bay Leaf, Betel Leaf, Cat Whiskers,
Moringa Leaves and Sweet Leaf. The use of 500 images in this study is strategic because it uses the
VGG16 fine-tuning method. This approach leverages a model already trained for a broader
classification task, requiring only a small amount of data for adaptation. Furthermore, the data
augmentation technique artificially enriches the dataset by creating image variations, effectively
addressing data limitations and preventing overfitting. Details of the method stages can be seen in
Figure 1.
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Figure 1. Research Stages
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2.1. Observation of Herbal Leaves

This stage involves initial analysis to understand the problem to be solved. In the context of
image classification, observation includes identifying the type of image data needed, such as images
of herbal leaves to be classified.

2.2. Problem Analysis

The main problem in this research lies in developing a system capable of automatically
classifying five types of herbal leaves: Bay Leaf, Betel Leaf, Cat Whiskers, Moringa Leaves and
Sweet Leaf. The complexity of this problem stems from the variation within a class, where leaves of
the same type can exhibit significant differences in size, shape, and color pattern.

2.3. Literature Study

In the literature review phase, an in-depth review of previous research relevant to herbal leaf
image classification was conducted. This review aimed to understand the various approaches,
methods, and architectures that have been successfully implemented, as well as to identify existing
achievements and challenges.

2.4. Data Acquisition and Pre-Processing
Data collection was carried out through two main scenarios:

1. Individual Pick-up : Each leaf was photographed separately against a relatively clear
background. Shots were taken from both the front and back of the leaf to capture the
differences in texture and vein patterns.

2. Contextual Retrieval : Leaves were photographed while still attached to the tree, capturing
complex variations in lighting, shadows, and background. This scenario helped the model
recognize leaves in their natural state.

Some examples of data that were successfully collected from this process can be seen in Figure

(®) © @ ©

Figure 2. Data Collection Results

After the image data has been successfully collected, the next step is pre-processing. This stage
aims to prepare and standardize the raw data to conform to the format required by the model and to
address challenges that could impact classification accuracy. The steps include:

1. Resize : Each image was resized so that its longest side matched the target dimensions (224
pixels), while the shorter sides were adjusted proportionally to preserve the original shape of
the leaf[16].

2. Padding : After being resized, the image is not always perfectly square. To standardize the
input dimensions, the empty space around the image is added (padding) with black pixels
until it reaches a final size of 224x224 pixels. Adaptive padding techniques have been shown
to improve classification accuracy compared to conventional methods [17].

With this method, the model can learn the shape and silhouette features of leaves without being
affected by distortion. As a final step, the processed image is then normalized according to the
requirements of the model architecture used. This transformation process is illustrated in Figure 3.
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Figure 3. Data Resizing and Padding

Then, the data labeling process is carried out by organizing all the ready images into separate
folders, where the name of each folder represents the respective leaf class (example: Bay Leaf, Betel
Leaf, etc. folders) as seen in Figure 4.

Bay Leaf

Betel Leaf

Cat Whiskers
Moringa Leaves

Sweet Leaf

Figure 4. Data Folder Structure

To prepare the data before the training process, the dataset was divided into two parts: the
training set and the validation set. This dataset was divided into 80% for training (400 images), 20%
for validation (100 images). In addition, 235 additional independent test images were used for final
evaluation. The following is the dataset division in Figure 5 below.

Found 500 files belonging to 5 classes.

Using 400 files for training.

Found 500 files belonging to 5 classes.

Using 100 files for validation.

Ditemukan 5 kelas: ['Katuk', 'Kelor', 'Kumis Kucing', 'Salam', 'Sirih']

Figure 5. Dataset Split

After the resizing and padding process, on-the-fly data augmentation techniques were applied
to the training data. The goal of augmentation is to artificially increase the amount and diversity of
data without the need to collect new images. This is crucial for preventing overfitting and improving
the model's generalizability, especially when dealing with limited or imbalanced datasets. The results
of the data augmentation are shown in Figure 6 below.
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Figure 6. Data Augmentation Results

1.5. Architectural Models

At this stage, a model for classification will be developed. This study applies the CNN
algorithm with the VGG16 architecture. In designing the VGG16 model, parameter adjustments are
made where various parameters in the model are changed and adjusted to obtain the best
configuration that can be used by the model[18]. The following is an illustration of the VGG16
architecture shown in Figure 7.
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Figure 7. VGG16 Architecture

1.6. Training Models

The model is trained using training data to recognize patterns in the given image. In the training
stage, the dataset has been processed using parameters such as learning rate, batch size, layer dropout
value and other parameters that are adjusted to improve model performance[19], as shown in Table
1.

Table 1. List of Model Training Parameters

Parameters Value
activation function softmax, relu
optimizer adam
learning rate 0.001
max epoch 400

batch size 32
layer dropout 0.6

1.7. Model Evaluation

At this stage, testing is carried out using separate test data to assess the performance of the
trained model. Evaluation is carried out by calculating metrics using the Confusion Matrix, such as
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accuracy, precision, recall, and F1-score[20]. The following metric equations are shown in equations
(1-4).

TP+TN

Accuracy = —— (1)
TP+TN+FP+FN
.. TP
Precision = (2
TP+FP
TP
Recall = —— 3)
TP+FN
2 x precision x recall
F1 — Score = =2 P8 0n X 7ee97 4)

precision+recall

True Positive (TP) is the number of data from the positive class that are correctly classified as
positive. True Negative (TN) refers to the number of data from the negative class that are correctly
categorized as negative. False Positive (FP) is the number of data from the negative class that are
incorrectly classified as positive. False Negative (FN) is the number of data from the positive class
that are incorrectly identified as negative.

3. RESULTS AND ANALYSIS

This section presents the experimental results of classifying five types of herbal leaves using
a Convolutional Neural Network (CNN) with a modified VGG16 architecture. The dataset consists
of 500 training images and 235 independent test images. The training process was carried out using
a two-stage fine-tuning strategy.

3.1. Model Training Results

This sub-chapter presents the results of the VGG16 model training process. Training was set
to run for a maximum of 400 epochs, with an early stopping mechanism implemented. This
mechanism aims to automatically stop the training process when performance on the validation data
no longer shows improvement, preventing overfitting and maintaining the model at its best.

The development of model performance during the training process is illustrated through the
accuracy and loss graphs presented in Figure 8.
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Figure 8. Model Training Results Graph

Figure 8 shows the training history for one of the experimental runs, showing the accuracy
and loss curves for the training and validation data. The red vertical line at epoch 118 marks the point
where the best-performing model on the validation data was retained. Table 2 summarizes the model
performance before and after fine-tuning:
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Table 2. Comparison of Model Performance Before and After Fine-Tuning

Process Accuracy Accuracy Loss Loss
Training Validation Training  Validation
before fine-tuning 9559 07638 09818 10919
after fine-tuning 0.9220 0.9296 03014 0.3229

From these results, a significant increase in validation accuracy (from 76.38% to 92.96%) and
a decrease in validation loss (from 1.0919 to 0.3229) can be seen after applying the second stage of
fine-tuning.

3.2. Model Testing Results

After the model is trained, the next step is to evaluate it to objectively measure its performance.
Testing is conducted using a previously separated test set that has never been used in the training or
validation process. The confusion matrix is shown in Figure 9.
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Figure 9. Confusion Matrix of Model Testing Results

Figure 7 shows that the values on the main diagonal, the row of cells stretching from the top
left corner to the bottom right, in this example contain the values 48, 37, 36, 45, and 29. These values
indicate all data that was correctly classified according to its original class. Meanwhile, values
outside the diagonal indicate the number of data that were misclassified.

The results of the metric calculations for each class are summarized in Table 3 below.

Tabel 3. Summary of Model Testing Result Metrics

Leaf Class Precision Recall F1-Score Number of Samples
Sweet Leaf 0.91 0.86 0.88 56
Moringa Leaves 0.86 0.88 0.87 42
Cat Whiskers 0.92 0.97 0.95 37
Bay Leaf 0.92 0.90 0.91 50
Betel Leaf 0.94 0.96 0.95 50
Average 0.91 0.91 0.91 235
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(Macro)

Average

(Weighted) 0.91 0.91 0.91 235

The table above presents a quantitative summary of the model testing results, measured using
Precision, Recall, and F1-Score metrics. Overall, the model demonstrates very high and stable
performance, as reflected in the two types of average calculations presented at the bottom of the
table: Macro Average and Weighted Average.

In addition to these more detailed metrics, model performance is also measured using
Accuracy to get a better idea. Accuracy essentially measures how many times the model correctly
guesses across all the data tested.

Number of Correct Predictions
Total Number of Data

Accuracy =

From the previous confusion matrix, we know that the number of correct guesses is 214 (the
total number of numbers in the main diagonal) and the total number of data tested is 235. So, the
calculation becomes:

214
Accuracy = 535 = 91.06%

These results show that the model successfully guessed correctly 91.06% of the test data,
which once again confirms that the overall performance of the model is very good.

4. CONCLUSION

The model demonstrated superior performance in classes with unique visual features. The Cat
Whiskers and Betel Leaf classes performed best, achieving an F1-Score of 0.95. For the Cat Whiskers
class, the model achieved a precision of 0.92 and a recall of 0.97, while for the Betel Leaf class, the
precision reached 0.94 and a recall of 0.96. This success is attributed to the model's ability to
recognize distinctive features, such as the serrated leaf edges of Cat Whiskers and the heart-shaped
leaves of Betel Leaf.
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