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Abstract: Herbal plants are natural resources that have high economic and health value, but the 

identification process is still done manually, making it prone to errors due to morphological 

similarities between species. This study aims to develop a leaf image classification model for herbal 

plants using a Convolutional Neural Network (CNN) with the EfficientNetV2-B3 transfer learning 

approach and AdamW optimizer. The dataset used is the Indonesian Herb Leaf Dataset 3500, which 

consists of 3,500 leaf images from 10 types of Indonesian herbal plants, namely Belimbing Wuluh, 

Jambu Biji, Jeruk Nipis, Kemangi, Lidah Buaya, Nangka, Pandan, Pepaya, Seledri, and Sirih. The 

research stages included preprocessing, dataset division, and augmentation such as flipping, 

rotation, zooming, contrast and brightness changes, translation, and the addition of Gaussian noise 

and Salt-and-Pepper noise to increase data variation and test model robustness. Evaluation based 

on accuracy, precision, recall, and f1-score shows that the model without augmentation achieved 

98.57% accuracy, 98.63% precision, 98.57% recall, and 98.58% f1-score, while the model with 

augmentation and noise addition achieved an accuracy of 97.71%, precision of 97.83%, recall of 

97.71%, and an f1-score of 97.72%. These results prove that EfficientNetV2-B3 is capable of 

effectively classifying herbal plant leaves with good performance. 
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1. Introduction 

Indonesia is known as one of the countries with high biodiversity. This diversity includes 

various types of herbal plants that grow in various regions and have long been used by the 

community as traditional medicines to maintain health. The use of herbal plants as traditional 

medicines is considered safer than the use of modern medicines because they have fewer side 

effects [1]. The part of the herbal plant that is often used is the leaves, because they contain 

active compounds that are useful as ingredients for medicinal herbs [2]. This utilization makes 

herbal plants not only important from a health perspective, but also has economic value and the 

potential to be developed more widely in the pharmaceutical industry [3]. 

However, despite their significant benefits, the classification process for herbal plants still faces 

various challenges. One of them is that the leaves of several plant species have similar shapes, 

sizes, and textures, making them difficult to distinguish visually [4]. This situation causes non-

experts who do not have botanical knowledge to experience difficulties in accurately identifying 

herbal plant species, given that conventional plant identification still relies on manual 

observation of leaf morphological characteristics by botanists [5]. However, errors in 

identifying herbal plants can pose risks to the effectiveness of treatment, method of use, timing 

of consumption, and suitability of the medicine for the type of disease [6]. Therefore, an 

approach that can classify herbal plants systematically and accurately is needed.  
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One approach that can solve this problem is computer vision, a technology that enables 

computers to recognize and analyze objects from digital images [7]. This technology is 

developing rapidly with the emergence of deep learning, a branch of machine learning that uses 

algorithms that mimic the working mechanisms of the human brain, known as artificial neural 

networks [8]. One of the algorithms used in deep learning is the Convolutional Neural Network 

(CNN), which is designed to process two-dimensional data such as images. The CNN method 

has a strong ability to automatically learn important features through the convolution and 

pooling processes, which enable more accurate and efficient object recognition [9]. This 

advantage makes CNN effective in distinguishing highly similar visual patterns, such as the 

leaf shapes of different species of herbal plants, which are difficult for humans to identify 

manually. 

The superiority of CNN in recognizing complex visual patterns has been proven through 

various studies. One of them is a study that has proven the effectiveness of CNN in classifying 

herbal leaves using a dataset of 21,450 leaf images from 33 classes of herbal plants, achieving 

the highest accuracy of 97%, which states that CNN is effective in the process of classifying 

herbal plants [10]. Another study using a dataset of 480 herbal leaf images also produced an 

accuracy, precision, recall, and F1-score of 98%, higher than the Naïve Bayes method, which 

obtained an accuracy of 90% [11]. Research [12] using the Indonesian Herb Leaf Dataset 3500 

with 10 classes of herbal plants and a total of 3,500 images achieved an accuracy of 97% with 

CNN and VGG16 architecture. Another study comparing EfficientNetB7 and MobileNetV2 for 

herbal plant classification using 10 classes of herbal plants in Indonesia achieved an accuracy 

of 98%, with EfficientNetB7 slightly superior in several metrics [1].  

These results prove the great potential of CNN in recognizing types of herbal plants. CNN has 

achieved significant results in the field of classification [13]. However, most of these studies 

still use conventional CNN architecture, which requires long training times and is not yet 

optimal in handling morphological similarities between leaf species. This condition highlights 

the need for a more efficient and faster model that still maintains a high level of accuracy. The 

performance of CNN models for classification is highly dependent on the choice of architecture 

used [14]. One CNN architecture designed to address this need is EfficientNetV2-B3. This 

model was developed using a compound scaling approach, which is capable of balancing model 

size, training speed, and accuracy simultaneously, where the EfficientNetV2 variant uses 

Fused-MBConv and MBConv blocks that have been proven to accelerate the training process 

up to 11 times faster and make the model size 6.8 times smaller than the previous EfficientNet 

model without reducing accuracy [15]. The superiority of this architecture is also proven by 

research [16] using a dataset with a total of 3,076 images measuring 1500 x 1500 with 6 disease 

classes and 1 healthy leaf class. In this study, the EfficientNetV2-B3 model achieved an 

accuracy of 79.55% in potato leaf disease classification, higher than the Vision Transformer 

(ViT), which only achieved an accuracy of 77.92%. This indicates that EfficientNetV2-B3 is 

capable of learning complex visual features and handling variations in leaf shape and texture, 

as reported in previous studies. 

In addition to architecture selection, the success of model training also depends on the selection 

of the right optimizer to improve accuracy [17]. This study uses the AdamW (Adaptive Moment 

Estimation with Weight Decay) optimizer, which is an extension of the Adam optimizer that 

applies a weight decay mechanism separately from the parameter update process. This approach 

aims to overcome Adam's limitations in weight regularization management, thereby improving 

training stability and model generalization performance [18]. The combination of the 

EfficientNetV2-B3 architecture and the AdamW optimizer is expected to produce a more 

stable, efficient, and accurate model for classifying herbal plant leaf images, especially in 

datasets with variations in shape and texture. 
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Based on previous research, most herbal leaf classification studies focus on improving 

classification accuracy using CNN architectures such as VGG16, MobileNetV2, and 

EfficientNetB7, while empirical analyses of training efficiency and model robustness are still 

limited. Therefore, this study does not propose a new architecture, but rather presents an 

empirical evaluation of the performance of EfficientNetV2-B3 with the AdamW optimizer at 

different levels of data complexity, and provides practical insights into the impact of 

augmentation and noise on classification performance. 

2. Methods 

This research implemented a method for classifying herbal plants, consisting of dataset 

collection, data preprocessing, dataset division, image augmentation and noise addition, 

EfficientNetV2-B3 model training, and model evaluation. The architecture of EfficientNetV2-

B3 used in this study can be seen in Figure 1. 

Figure 1. EfficientNetV2-B3 Architecture  

[Source: [19]] 

This study compares the results by applying two design schemes for testing. The first scheme 

represents the reference training condition, where the model is trained using the original dataset 

without applying data augmentation or noise addition. The scheme without augmentation is 

shown in Figure 2. 
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Figure 2. Design Scheme Without Augmentation 

The second scheme uses data augmentation and noise addition. The results of the two designs 

are then compared to assess the effect of augmentation and noise addition on the accuracy and 

performance of the EfficientNetV2-B3 model in classifying herbal plants. The design scheme 

using data augmentation and noise addition is shown in Figure 3. 

 
Figure 3. Augmentation and Noise Design Scheme 
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The stages of the research conducted are described as follows: 

A. Dataset Collection 

The dataset used in this study is the Indonesian Herb Leaf Dataset 3500, which is publicly 

available from Mendeley Data [20]. This dataset can be accessed via the following link: 

https://data.mendeley.com/datasets/s82j8dh4rr/1. This dataset consists of 3500 images of 10 

types of herbal plants, with each class containing 350 leaf images, including Belimbing Wuluh 

(Averrhoa bilimbi), Jambu Biji (Psidium guajava), Jeruk Nipis (Citrus aurantiifolia), Kemangi 

(Ocimum africanum), Lidah Buaya (Aloe vera), Nangka (Artocarpus heterophyllus), Pandan 

(Pandanus amaryllifolius), Pepaya (Carica papaya), Seledri (Apium graveolens), and Sirih 

(Piper betle). All images are stored in (.jpg) format with dimensions of 1600 × 1200 pixels and 

a white background. It has been collected and published by previous researchers and is open 

source, so it can be used for research purposes. The research dataset can be seen in Table 1. 

Table 1. Indonesian Herb Leaf Dataset 3500 

Class Images Number of Samples 

Belimbing Wuluh 

 

350 

Jambu Biji 

 

350 

Jeruk Nipis 

 

350 

Kemangi 

 

350 

Lidah Buaya 

 

350 

Nangka 

 

350 

Pandan 
 

350 

Pepaya 

 

350 

Seledri 

 

350 

Sirih 

 

350 

Total Data 3500 

 

B. Data Preprocessing 

Preprocessing is performed to standardize image size and ensure image quality before use in 

model training. Preprocessing includes: 

1. Resizing images from 1600x1200 pixels to 300x300 pixels with 3 RGB channels, following 

the default input resolution of EfficientNetV2-B3. 



 

INOVTEK Polbeng - Seri Informatika, Volume XI, Issue 1, February 2026              ISSN : 2527-9866◼ 

165 

 

2. Converting images to float32, with normalization performed using the EfficientNetV2-B3 

preprocessing function to preserve key visual features. 

3. Splitting the dataset into training, validation, and test sets with an 80:10:10 ratio, resulting 

in 2,800 training images, 350 validation images, and 350 test images from a total of 3,500 

images. The training data is used to build the model, the validation data is used to monitor 

the model's performance during training, and the test data is used to assess the model's 

ability to recognize images it has never seen before. 

4. The training data augmentation used was RandomFlip (horizontal–vertical), 

RandomRotation (0.2 radians), RandomZoom (20%), RandomContrast (30%), 

RandomBrightness (20%), and RandomTranslation (shifts the image position by 10%) to 

simulate variations in orientation, lighting, position, and scale. 

5. Adding noise in the form of Gaussian noise with mean 0.0 and standard deviation 10.0, and 

salt-and-pepper noise with amount = 0.005, where 0.25% of pixels were set to white (salt) 

and 0.25% to black (pepper). 

C. Architecture Modeling and Model Training 

This study uses the pretrained ImageNet EfficientNetV2-B3 architecture for feature extraction, 

implemented using TensorFlow and Keras. The classification head consists of a Global Average 

Pooling layer, a Dropout layer with a rate of 0.5, and a Dense softmax output layer with the 

number of neurons equal to the number of classes. Training is performed using a fine-tuning. 

During epochs 1–9, all EfficientNetV2-B3 backbone layers were frozen to stabilize feature 

extraction. From epoch 10 onward, the last 100 layers were unfrozen to enable gradual fine-

tuning of higher-level representations. The model is optimized using the AdamW optimizer 

with sparse categorical cross-entropy loss. The parameters used are: 

1. Learning rate: 1×10⁻⁴ 

2. Weight decay: 1×10⁻⁴ 

3. Batch size: 32 

4. Random seed: 123 

5. Epochs: 50 (with EarlyStopping = 10) 

6. Optimizer: AdamW 

7. Callback: EarlyStopping and ReduceLROnPlateau 

8. Model Evaluation: Model evaluation was strictly conducted using the original test dataset 

without any augmentation or noise to ensure fair assessment of generalization performance. 

Performance was evaluated using a confusion matrix, accuracy, precision, recall, and F1-

score metrics. 

Training was conducted using Google Colaboratory with T4 GPU acceleration. The 

experiments were prepared on a laptop with 16 GB RAM running a 64-bit Windows 11 

operating system. The software environment used Python 3.x, supported by NumPy and 

Matplotlib. 

3. Results and Discussion 

This study evaluates the performance of the EfficientNetV2-B3 model under two scenarios: 

without data augmentation and with augmentation and noise, to analyze the effect of data 

variation on classification accuracy and generalization. Model performance is assessed using 

accuracy and loss curves, as well as confusion matrices. The results of the evaluation scenario 

without augmentation can be seen in Figure 4, which shows the accuracy graph, Figure 5 shows 

the loss graph, and Figure 6 shows the model performance evaluation using a confusion matrix. 
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Figure 4. Accuracy Graph Without Augmentation and Noise 

Figure 4 shows the training and validation accuracy over 50 epochs without data augmentation 

and noise. The accuracy increases rapidly during the early epochs (1–10), rising from 

approximately 0.20 to above 0.80, indicating fast learning of fundamental leaf features. 

Validation accuracy consistently remains slightly higher than training accuracy, suggesting the 

absence of overfitting. Performance improves steadily, reaching 94.02% at epoch 15, 96.86% 

at epoch 35, and achieving the highest accuracy of 98.57% at epoch 50, demonstrating stable 

learning and strong generalization without augmentation and noise. 

 
Figure 5. Loss Graph Without Augmentation and Noise 

Figure 5 presents the training and validation loss curves for the scenario without data 

augmentation and Noise. The loss values decrease sharply during the early epochs from 

approximately 2.0–2.3, indicating rapid weight adjustment. After epoch 20, both training and 

validation losses continue to decline steadily and converge, reaching values below 0.2 by the 

end of training. The close alignment of the two curves indicates successful convergence and 

effective pattern learning using the original dataset without augmentation and noise. 

 
Figure 6. Confusion Matrix Without Augmentation and Noise 

Figure 6 presents the confusion matrix for the test data without augmentation and noise. The 

diagonal dominance indicates very high classification accuracy across most herbal leaf classes, 

with 33–35 correct predictions per class. Several classes, including Belimbing Wuluh, Jambu 
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Biji, Lidah Buaya, Nangka, Pandan, Pepaya, Seledri, and Sirih, were classified perfectly or with 

negligible errors. Minor misclassifications occurred in the Jeruk Nipis and Kemangi classes (1–

2 errors). The results of testing using augmentation and noise addition can be seen in Figures 

7, 8, and 9 below: 

 
Figure 7. Augmentation and Noise Accuracy Graph 

Figure 7 shows the training and validation accuracy over 50 epochs under the augmentation and 

noise scenario. Compared to the non-augmentation case, accuracy increases more gradually due 

to higher data complexity, reaching 76.86% at epoch 15, 88.57% at epoch 35, and 97.71% at 

epoch 50. This indicates that the model required more training time to learn from diverse visual 

variations, while maintaining stable learning behavior. 

 
Figure 8. Augmentation and Noise Loss Graph 

Figure 8 illustrates the training and validation loss curves for the same scenario. The initial loss 

values are higher than those without augmentation, reflecting increased data complexity. 

However, loss decreases consistently and converges between epochs 15 and 20, stabilizing 

below 0.2, which indicates effective optimization and successful learning under augmented and 

noisy training conditions. 

 
Figure 9. Confusion Matrix of the Model Trained with Augmentation and Noise 

Figure 9 presents the confusion matrix obtained from the original test dataset using a model 

trained with data augmentation and noise. Most predictions are correct, with minor 

misclassifications observed in the Belimbing Wuluh, Jeruk Nipis, Lidah Buaya, Nangka, and 
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Sirih classes. These errors may be attributed to the increased visual variability introduced during 

training, which can slightly reduce the separability of certain morphological features. 

A. Performance Evaluation and Comparative Analysis 

Based on the results, the application of data augmentation and noise addition affects the 

performance of the EfficientNetV2-B3 model. Although these techniques increase feature 

diversity, they cause a slight decrease in overall performance compared to the non-augmented 

scenario. A comparison of the two scenarios is presented in Table 2 below: 

Table 2. Comparison of Test Scenarios 

Results Without Augmentation and Noise Augmentation and Noise 

Architecture EfficientNetV2-B3 EfficientNetV2-B3 

Accuracy (%) 98.57 97.71 

Precision (%) 98.63 97.83 

Recall (%) 98.57 97.71 

F1-Score (%) 98.58 97.72 

Based on Table 2, the scenario without augmentation achieved the highest performance, with 

an accuracy of 98.57% and precision, recall, and F1-score above 98%, indicating high dataset 

consistency. In contrast, the augmentation and noise scenario showed a slight performance 

decrease to around 97.7% due to increased data complexity. These results provide an empirical 

observation of the EfficientNetV2-B3 model’s behavior under different data complexity 

conditions. A comparison with previous studies using the Indonesian Herb Leaf Dataset 3500 

is presented in Table 3. 

Tabel 3. Performance Comparison of CNN Models  

Study Architecture Optimizer Augmentation Accuracy (%) 

[12] 

[12] 

VGG16 

VGG16 

- 

- 

Yes 

No 

97 

96 

[21] EfficientNetV2-B0 Adam No 97 

[22] MobileNet Adam Yes 98.86 

This Study EfficientNetV2-B3 AdamW Yes 97.71 

This Study EfficientNetV2-B3 AdamW No 98.57 

Table 3 summarizes the best reported performance of CNN-based models on the Indonesian 

Herbal Leaf 3500 Dataset across various studies. This comparison is presented as a reference 

and not as a direct benchmark due to differences in experimental configurations. For studies 

evaluating multiple architectures, including MobileNet, VGG16, DenseNet121, ResNet50V2, 

and NASNetMobile, only the best-performing model is reported to ensure a concise 

comparison. MobileNet achieved the highest accuracy in a previous study [22], while the 

proposed EfficientNetV2-B3 with the AdamW optimizer showed comparable performance. A 

direct comparison with retraining the baseline model on an identical configuration has not been 

conducted and will be the subject of future research. The effects of AdamW, augmentation, and 

noise were further examined through controlled experiments using the same architecture, as 

shown in Table 4. 

Tabel 4. Effect of Augmentation and Noise Using AdamW Optimizer 

Augmentation Noise Optimizer Accuracy (%) 

No No AdamW 98.57 

Yes No AdamW 98.29 

Yes Yes AdamW 97.71 
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Table 4 shows that the AdamW optimizer provides consistently strong performance across 

different training configurations. The highest accuracy was achieved without augmentation and 

noise, while the introduction of augmentation and noise led to a gradual decrease in accuracy 

due to increased data complexity. Nevertheless, the results indicate that EfficientNetV2-B3 

combined with AdamW remains stable and effective under varying data conditions. 

4. Conclusions 

This study evaluated the performance of the EfficientNetV2-B3 architecture combined with the 

AdamW optimizer for herbal leaf image classification under different data complexity 

conditions. Two experimental scenarios were analyzed, namely training without data 

augmentation and training with data augmentation and noise addition. The results show that the 

model achieved the highest accuracy of 98.57% without augmentation, indicating that the 

original dataset provides sufficient visual consistency for effective feature learning. When 

augmentation and noise were applied, accuracy slightly decreased to 97.71%, reflecting 

increased learning complexity while maintaining stable and high overall performance. The 

results indicate that data augmentation and noise addition increase task complexity while 

enabling the model to learn more diverse visual representations. However, since the dataset was 

collected under controlled conditions with uniform backgrounds and consistent lighting, the 

reported performance should be interpreted within this scope, and generalization to 

unconstrained environments remains limited. 

This study does not aim to propose a new architecture or to claim superiority over other models. 

Instead, it provides an empirical analysis of the behavior of the EfficientNetV2-B3 model with 

the AdamW optimizer under varying data complexity conditions. A direct performance 

comparison with other deep learning architectures through retraining under identical 

experimental settings was not conducted and remains an important direction for future work. 

Future studies may include comparative evaluations with alternative CNN and transformer-

based architectures, the use of datasets with more complex backgrounds, and the application of 

more comprehensive validation strategies such as k-fold cross-validation to further strengthen 

model generalization and reliability. 
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