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Abstract 
 

Indonesia is a country with high biodiversity, including various types of herbal leaves with potential use as traditional medicine. Manual 

identification of herbal leaves often encounters challenges due to morphological similarities among species and the limited availability of 

experts, thereby necessitating a fast and accurate technology-based classification method. This study aims to classify 10 types of herbal 

leaves using the Support Vector Machine (SVM) algorithm with a Radial Basis Function (RBF) kernel. The dataset consists of 3,500 leaf 

images (350 images per class), from which color features (HSV), texture features (Gray Level Co-occurrence Matrix/GLCM), and shape 

features (area, perimeter, and aspect ratio) were extracted. The research process includes preprocessing, feature extraction, data splitting 

into training and testing sets, model training, and performance evaluation. Evaluation was conducted using a confusion matrix, with 

accuracy as the primary metric due to the balanced class distribution. Precision, recall, and F1-score were employed as supporting 

evaluation metrics. The results indicate that the SVM model with an RBF kernel successfully classified the 10 types of herbal leaves with 

an accuracy of 81.29%. Based on per-class analysis, the highest performance was achieved in the Papaya class with an F1-score of 90.00%, 

followed by Jambu Biji (89.36%) and Pandan (87.14%). In contrast, the lowest performance was observed in the Aloe Vera class with an 

F1-score of 65.71% and Lime with 70.00%. The model achieved an average precision of 81.16%, recall of 80.73%, and F1-score of 80.94%. 

Misclassifications primarily occurred among classes with high morphological similarity, such as Aloe Vera, which was frequently 

misclassified as Pandan (9 cases) and Basil (5 cases). The system has been implemented as a Graphical User Interface (GUI) application 

that allows users to upload leaf images and obtain classification results along with information regarding their herbal benefits within 1–2 

seconds. 
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1. Introduction 

Indonesia is recognized as one of the countries with the richest biodiversity in the world and is classified as a megabiodiversity country, 

referring to nations with exceptionally high levels of biological diversity. According to data from the Health Research and Development 

Agency (Balitbangkes), more than 30,000 plant species grow in Indonesia, of which approximately 9,600 species are known to have 

medicinal properties, and over 300 species are routinely utilized as traditional herbal medicine or jamu. Among various plant parts, leaves 

are the most frequently used because they contain diverse bioactive compounds such as flavonoids, alkaloids, tannins, and essential oils. 

These compounds function as antioxidants, antibacterial agents, and anti-inflammatory substances that are highly valuable in healthcare 

applications. Despite their widespread use, the identification of herbal leaves is still largely performed manually. This approach presents 

several limitations. The limited number of experts restricts access to reliable knowledge regarding herbal plant identification. In addition, 

morphological similarities among species often cause confusion, particularly for non-experts. For instance, basil leaves (Ocimum sanctum) 

are frequently mistaken for sweet basil (Ocimum basilicum), even though they possess different medicinal properties. Such 

misidentification may lead to serious consequences, including reduced treatment effectiveness or unintended side effects due to 

inappropriate usage. In the era of digital transformation, there is an urgent need to develop technology-based systems capable of identifying 

herbal leaves in a more objective, fast, and accurate manner. Machine learning provides a promising solution, as it can recognize complex 

patterns from leaf image data through feature extraction processes involving color, texture, and shape characteristics. Several previous 

studies have demonstrated the potential of this approach. [1] applied Gray Level Co-occurrence Matrix (GLCM) texture extraction 

combined with the Support Vector Machine (SVM) algorithm to classify clove leaves and achieved relatively high accuracy. Similarly, [2] 

reported that herbal rhizome classification using color, shape, and texture feature extraction with the SVM algorithm achieved an accuracy 

of up to 77.6%, although visual similarity among rhizome types remained a challenge. However, most previous studies remain limited in 

terms of dataset size, variety of leaf types, and algorithm parameter configuration. These limitations raise an important question regarding 

whether existing approaches can be generalized to classify multiple types of herbal leaves with high morphological similarity. Furthermore, 
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many studies primarily focus on algorithmic accuracy without emphasizing the practical implementation of the system to assist the public 

in real-world herbal leaf identification. Therefore, this study proposes the implementation of the Support Vector Machine (SVM) algorithm 

for the classification of herbal leaves using a large image dataset. The classification process is based on the extraction of color features 

(HSV), texture features (GLCM), and shape features (area, perimeter, and aspect ratio). The study focuses on 10 types of herbal leaves and 

evaluates the classification performance in terms of accuracy, precision, recall, and F1-score. In addition to performing classification, the 

developed system provides textual information regarding the medicinal benefits of each identified leaf, derived from scientific literature 

and credible health-related sources rather than clinical trials.  This research is expected to contribute academically by providing an 

evaluation of SVM performance in multi-class herbal leaf classification using comprehensive feature extraction. Practically, it aims to 

assist the public in identifying herbal leaves more accurately and efficiently, reduce misidentification risks, and support educational 

development in computer vision and data science. Furthermore, the results of this study may serve as a foundation for developing 

technology-based applications in phytotherapy and herbal pharmaceutical industries.  

2. Literature Review 

2.1. Herbal Leaves 

Herbal leaves are widely used in traditional medicine due to their rich content of secondary metabolites, such as flavonoids, alkaloids, and 

phenolic compounds. These bioactive substances contribute to various medicinal properties, including antipyretic, analgesic, antitumor, 

antiviral, antifungal, and anti-inflammatory effects. According to [3], the pharmacological potential of herbal leaves plays a significant role 

in supporting preventive and curative healthcare practices, particularly in countries with strong traditional medicine cultures such as 

Indonesia. 

2.2. Feature Extraction 

Feature extraction is a crucial stage in image processing that aims to identify and extract distinctive characteristics from images to support 

pattern recognition and classification processes. In leaf image classification, extracted features generally include color, texture, and shape 

attributes. Through feature extraction, raw image data consisting of pixel values are transformed into numerical parameters that can be 

effectively processed by classification algorithms. Texture features in this study are extracted using the Gray Level Co-occurrence Matrix 

(GLCM) method. GLCM represents the frequency of occurrence of pixel pairs with specific gray-level values at a defined spatial distance 

and orientation. From the GLCM matrix, four primary statistical parameters are commonly derived: contrast, which measures intensity 

variation between neighboring pixels; correlation, which indicates the linear relationship between pixel pairs; homogeneity, which reflects 

uniformity within the texture; and energy, which represents textural regularity. [4] emphasize that GLCM-based texture features are 

effective in distinguishing objects based on grayscale distribution patterns. 

2.3. Machine Learning 

Machine Learning (ML) is a subfield of Artificial Intelligence (AI) that enables systems to learn patterns from data through algorithmic 

processes without explicit programming instructions. ML algorithms can automatically analyze data, recognize patterns, and perform 

predictions or classifications on new data instances. According to [5], machine learning techniques are widely applied in image recognition 

tasks due to their ability to handle high-dimensional and complex datasets. In machine learning, there are two types of data: training data 

and test data. Training data is used to train algorithms, while test data serves to evaluate the performance of trained algorithms when faced 

with new data that has never been included in training data [6]. 

2.4. Classification 

Classification is one of the primary tasks in machine learning, aiming to assign data instances to predefined categories or classes. Various 

algorithms can be employed for classification, ranging from probabilistic methods such as Naïve Bayes to more complex models such as 

Neural Networks. These algorithms utilize different strategies, including probability estimation, distance measurement, decision tree 

construction, or optimal boundary determination between classes [5]. The selection of an appropriate classification algorithm depends on 

the characteristics of the dataset and the problem domain. 

2.5. Support Vector Machine (SVM) 

SVM is a powerful classification method for separating data into specific classes by forming optimal boundary lines (hyperplanes). A 

hyperplane is a line (in 2 dimensions), plane (in 3 dimensions), or higher dimensional space that separates data by a maximum margin. 

With the use of the kernel, SVM is able to handle non-linear data [7]. 

The hyperplane in SVM is mathematically expressed as: 

 

𝑤 ∙ 𝑥 + 𝑏 = 0                   (1) 

where w is the weight vector, x is the input feature vector, and b is the bias term. 

To ensure correct separation between two classes, each training sample must satisfy the maximum margin condition: 

 

𝑦𝑖(𝑤 ∙ 𝑥 𝑖 + 𝑏)  ≥ 1                                                                                                                                                                                       (2) 

 

where 𝑥 𝑖   represents the i-th training data point and 𝑦𝑖  ∈{+1, −1} denotes the class label. The use of +1 and −1 labels simplify the 

mathematical formulation and ensures symmetry in optimization. 
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After the training process, SVM determines support vectors, corresponding coefficients 𝛼𝑖, and bias b. Classification of a test sample is 

performed using the decision function: 

 

𝑓(𝑥) =  ∑ (𝛼𝑖𝑦𝑖) ∙  𝐾 (𝑥𝑖, 𝑥)
𝑛𝑆𝑉

𝑖=1 + 𝑏                                                                                                                                                                   (3) 

 

where nSVn_𝑛𝑆𝑉 denotes the number of support vectors, 𝛼𝑖 are the learned coefficients, 𝑦𝑖  are the support vector labels, 𝐾 (𝑥𝑖, 𝑥) is the 

kernel function, and b is the bias. The sign of 𝑓(𝑥) determines the class membership of the test data. 

2.6. Radial Basis Function (RBF) Kernel 

The Radial Base Function (RBF) kernel is one of the kernels commonly used in the Support Vector Machine (SVM) algorithm to handle 

data that cannot be separated linearly. In herbal leaf image classification, features such as color, texture, and shape often have complex 

patterns and similarities between classes, making linear separation less effective. [7] stated that the use of the RBF kernel in SVM was able 

to improve the model's ability to capture non-linear relationships in herbal leaf image data compared to other classification methods. 

𝐾(𝑥𝑖 , 𝑥𝑗) = exp(−γ|𝑥𝑖 − 𝑥𝑗|2)                                                                                                                                                                         (4) 

where 𝑥𝑖 is the training data feature vector, 𝑥𝑗 is the test data feature vector, and \gamma is the kernel parameter that regulates the amount 

of influence of each support vector. RBF kernel values are in the range of 0 to 1, where values close to 1 indicate a high degree of data 

similarity, while values close to 0 indicate large differences between data. 

2.7. Python Programming Language 

Python is a high-level programming language developed by Guido van Rossum and released for the first time in 1991.  Python is an 

interpretive programming language that is multiplatform, easy to learn, and has a clear and easy to understand syntax. This language can 

be used for various purposes and is supported by many large open-source libraries and communities [8]. Python can be used through various 

operating system services, such as Windows (python), Linux, Android (Google Play), MacOS, and so on [9]. 

2.8. Previous Studies 

Several previous studies have explored the application of machine learning methods in plant and herbal leaf classification. [1]implemented 

the Support Vector Machine (SVM) algorithm to classify clove leaf types based on texture features. Their study demonstrated that SVM 

was capable of achieving high classification accuracy using texture-based feature extraction, highlighting the effectiveness of SVM in 

distinguishing leaf characteristics derived from grayscale distribution patterns. [7] conducted a comparative study on herbal leaf 

classification using K-Nearest Neighbor (KNN) and Support Vector Machine (SVM) algorithms with Fourier Descriptor features. Their 

findings indicated that both algorithms were effective in performing classification tasks. However, SVM showed more stable performance, 

while KNN offered a simpler implementation with results that were relatively comparable to SVM. Similarly, [10] investigated herbal leaf 

classification using KNN combined with Histogram of Oriented Gradients (HOG) and Local Binary Pattern (LBP) feature extraction 

methods. The study utilized a dataset consisting of 450 images across 15 types of leaves. The results revealed that the HOG + KNN 

combination achieved an accuracy of 92.67%, while LBP + KNN reached 88.67%, demonstrating that shape and texture features 

significantly contribute to classification performance. Beyond plant classification, Ranti et al. (2022) [5] compared several machine 

learning algorithms, including Naïve Bayes, KNN, and SVM, for breast cancer classification. Their results showed that SVM achieved the 

highest accuracy among the evaluated methods, further confirming its robustness and strong generalization capability in classification 

problems. In addition, [2] applied the Support Vector Machine method for herbal medicinal plant classification using GLCM texture 

features. The study employed Randomized Search Cross-Validation for parameter optimization with the RBF kernel. The best-performing 

model achieved 83.9% accuracy on training data and 77.6% on testing data. These findings emphasize the importance of parameter tuning 

and kernel selection in improving SVM classification performance. 

3. Research Method 

All paragraphs must be justified alignment. With justified alignment, both sides of the paragraph are straight. 

 
Fig.  1: Research Flow 

Figure 1 displays the flow of research carried out by researchers. Starting from data retrieval and preprocessing, at this stage a dataset of 

herbal leaves is collected to extract features from the image. Consists of 10 types of herbal leaves which are taken and then extracted and 

then stored in the form of CSV (comma separate value) files. The next stage is implementing SVM to carry out classification on herbal 

leaves. The next stage is measuring the accuracy of both methods, namely SVM, to determine its accuracy.   
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3.1. Data Collection and Preprocessing 

Data collection was carried out by collecting datasets from open sources on the site: https://data.mendeley.com/datasets/s82j8dh4rr/1. In 

the dataset there are 10 types of herbal leaves, namely Starfruit, Jambu Biji, Lime, Basil, Aloe Vera, Jackfruit, Pandan, Papaya, Celery and 

Betel, each of which has its own folder so that each folder has 350 leaf images and the entire dataset has 350 x 10 = 3500 leaf images.  

Then, each folder name will be used as a label. 

 
 

Fig.  2: Example of a Collection of Herbal Leaf Datasets 

 

Then a collection of herbal leaf datasets will extract the features which are then used for classification. The leaf features taken are HSV 

color (mean value (mean) and standard deviation (std) from Hue, Saturation and Value), GLCM texture (contrast, homogeneity, energy, 

correlation) and shape (area, perimeter, aspect ratio). 

 
Tabel 1: Extraction Results Features 

h_mean v_mean h_std v_std contrast .. energy correlation area perimeter aspect_ratio label 

17.14 231.44 41.87 64.50 209.68 .. 0.5941 0.9784 16129 508 1.0 Belimbing Wuluh 

7.16 235.39 19.23 53.31 120.66 .. 0.8651 0.9826 16129 508 1.0 Jambu Biji 

8.28 229.53 19.07 59.67 123.76 .. 0.8272 0.9859 16129 508 1.0 Jeruk Nipis 

7.58 230.83 18.47 59.92 126.18 .. 0.8433 0.9852 16129 508 1.0 Kemangi 

4.42 239.56 14.52 51.22 141.61 .. 0.9050 0.9769 16129 508 1.0 Lidah Buaya 

17.14 231.44 41.87 64.50 209.68 .. 0.5941 0.9784 16129 508 1.0 Nangka 

7.16 235.39 19.23 53.31 120.66 .. 0.8651 0.9826 16129 508 1.0 Pandan 

8.28 229.53 19.07 59.67 123.76 .. 0.8272 0.9859 16129 508 1.0 Pepaya 

7.58 230.83 18.47 59.92 126.18 .. 0.8433 0.9852 16129 508 1.0 Seledri 

4.42 239.56 14.52 51.22 141.61 .. 0.9050 0.9769 16129 508 1.0 Sirih 

 

3.2. Implementation of SVM 

 
Fig.  3 SVM Implementation Flow 
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The herbal leaf classification process using the Support Vector Machine (SVM) method begins with collecting images of herbal leaves 

from various types of plants such as betel, basil, pandan, papaya and celery. The image obtained then goes through the preprocessing stage, 

namely uniforming the image size (resize), changing the color image to grayscale, and reducing lighting or noise interference so that the 

image quality is better for analysis. Next, feature extraction is carried out to take the characteristics of each leaf. Features used in this 

research include color characteristics with HSV space, texture characteristics using the Gray Level Co-occurrence Matrix (GLCM) method 

in the form of contrast, correlation, energy and homogeneity, as well as shape characteristics in the form of area, perimeter and aspect ratio. 

The results of feature extraction are then represented in the form of numerical data and divided into two parts, namely training data of 80% 

and test data of 20%. Trainer data is used to build the SVM model, while test data is used to measure model performance. At the training 

stage, SVM works by looking for the best hyperplane that can separate types of leaves based on the features they have. Kernel selection is 

an important step, where the Linear kernel is used for linear data, while the RBF kernel is more suitable for non-linear data such as herbal 

leaves which have visual similarities between classes. After the model is trained, the evaluation stage is carried out using a confusion 

matrix to calculate accuracy, precision, recall and F1-score values. The final result is the predicted output of herbal leaf types which can 

be used as additional information regarding the classification and efficacy of each leaf. 

 

At this stage, the SVM model has been trained using the herbal leaf training dataset.  The training results produce a support vector, 

coefficient value (𝛼𝑖 𝑦𝑖)  and bias (b). The following is an example of SVM calculations in carrying out classification.  

To illustrate the classification mechanism, consider a binary classification scenario involving two herbal leaf classes: Belimbing Wuluh 

(+1) and Jambu Biji (−1). For simplification, assume that two texture features (contrast and energy) are extracted from each sample. The 

class labels +1 and −1 serve only as categorical encodings.  

 

During the training phase, the Support Vector Machine (SVM) algorithm determines the optimal separating hyperplane by identifying 

support vectors, computing their corresponding coefficients (𝛼𝑖 𝑦𝑖), estimating the bias term (b), and optimizing the Radial Basis Function 

(RBF) kernel parameter (γ). In this example, the training process produces 7 support vectors, with a bias value (b): -0.1737 and kernel 

parameter (γ): 0.1111. 

Given a new test sample represented by the feature vector: 

 

𝑥 = [10.0,230.0,22.0,58.0,135.0,0.78,0.979,13000,1.01] 
 

the classification is performed using the SVM decision function: 

 

𝑓(𝑥) =  ∑ (𝛼𝑖𝑦𝑖) ∙  𝐾 (𝑥𝑖, 𝑥)
𝑛𝑆𝑉

𝑖=1 + 𝑏              (4) 

 

where the RBF kernel is defined as: 

 

𝐾(𝑥𝑖, 𝑥) =  𝑒−𝛾∙||𝑥𝑖−𝑥2||2
               (5) 

 

The kernel function measures the similarity between the test sample and each support vector, producing values in the range [0,1]. Each 

similarity value is weighted by its corresponding coefficient (𝛼𝑖 𝑦𝑖), and the results are summed together with the bias term. 

Based on the computed contributions of all support vectors, the decision function yields: 

 

𝑓(𝑥) = 1.0803 

 

Since f(x) > 0 the test sample is classified as Class +1 (Belimbing Wuluh). 

3.3. SVM Performance Evaluation 

The performance of the Support Vector Machine (SVM) model was evaluated using a confusion matrix. In multi-class classification, the 

confusion matrix is represented as a K×K table, where K denotes the number of classes (in this study, 10 herbal leaf classes). Rows 

correspond to the true class labels, while columns represent the predicted class labels. Diagonal elements indicate correctly classified 

samples for each class, whereas off-diagonal elements represent misclassifications. For each class i, performance metrics are computed 

using a one-vs-rest approach. The evaluation components are defined as follows: 

 

1. 𝑇𝑃𝑖   = the number of samples from class iii correctly predicted as class i. 

2. 𝐹𝑃𝑖  = the number of samples from other classes incorrectly predicted as class i 

3. 𝐹𝑁𝑖  = the number of samples from class iii incorrectly predicted as other classes  

4. 𝑇𝑁𝑖  = the number of samples that do not belong to class iii and are not predicted as class i. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 
∑ 𝑇𝑃𝑖

𝐾
 𝑖=1

𝑁
                 (6) 

 

where N represents the total number of test samples. 

In addition to accuracy, class-level performance is evaluated using precision, recall, and F1-score. Precision for class iii is calculated as: 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑖  
𝑇𝑃𝑖

𝑇𝑃𝑖+ 𝐹𝑃𝑖
                 (7) 

 

which measures the proportion of correctly predicted samples among all samples predicted as class i. 

Recall (or sensitivity) for class iii is defined as: 
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𝑅𝑒𝑐𝑎𝑙𝑙𝑖  

𝑇𝑃𝑖

𝑇𝑃𝑖+ 𝐹𝑁𝑖
  

 

which indicates the proportion of correctly identified samples among all actual samples of class i.  

The F1-score, which represents the harmonic mean of precision and recall, is computed as: 

 

𝐹1𝑖  2 ∙  
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑖 ∙ 𝑅𝑒𝑐𝑎𝑙𝑙𝑖 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑖 + 𝑅𝑒𝑐𝑎𝑙𝑙𝑖 
                (5) 

 

Since the dataset used in this study contains a balanced number of samples for each class, accuracy is considered the primary evaluation metric. Precision, 

recall, and F1-score are reported as complementary metrics to provide a more detailed analysis of class-wise performance. 

4. Results and Discussion 

4.1. Analysis 

The implementation of herbal leaf classification in this study began with a preprocessing stage, in which image data were processed to 

extract color (HSV), texture (GLCM), and shape features (area, perimeter, and aspect ratio). The purpose of this process was to transform 

raw image data into numerical feature representations suitable for training the SVM model. Each of the 3,500 images generated a 

corresponding feature vector along with its class label. The extracted data were stored in CSV format and used as input for model training. 

The preprocessing and feature extraction procedures were implemented using the Python programming language along with relevant 

scientific computing libraries. 

 
 

Fig.  4 Extraction Results 

Following preprocessing, the SVM model was trained using 80% of the dataset, while the remaining 20% was reserved for testing. Feature 

normalization was performed using Standard Scaler to ensure consistent feature scaling. Model validation employed 5-fold cross-

validation, and hyperparameter optimization was conducted using GridSearchCV. The evaluated parameters included the kernel type 

(linear and RBF), regularization parameter (C = 0.1, 1, 10, 100), and gamma values (0.001, 0.01, 0.1, 1, scale, auto). Model performance 

during tuning was assessed based on accuracy. The final trained model was saved as svm_herbal_model_fixed.pkl for deployment and 

further evaluation.  

1. Classification Performance 

 
Fig.  5 Training Model Classification Metrics 

On the training data, the SVM model demonstrated strong performance across all classes. Precision values ranged from 0.78 to 1.00, with 

the Papaya class achieving perfect precision (1.00), indicating no false positive predictions for that class. Recall values ranged from 0.84 

to 1.00, showing that most samples were correctly identified. The F1-score, representing the harmonic mean of precision and recall, ranged 
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from 0.83 to 1.00, reflecting a well-balanced classification performance. Overall, these high metric values indicate that the model 

successfully captured discriminative patterns from the extracted leaf features. 

 

When evaluated on the testing data, a moderate decrease in performance was observed, which is expected in generalization scenarios. 

Precision values ranged from 0.71 to 0.95, while recall values varied between 0.65 and 0.90. The most noticeable performance decline 

occurred in classes such as Lime and Aloe Vera, likely due to morphological similarities with other leaf types. The F1-score on testing data 

ranged from 0.70 to 0.93, indicating that the model maintained relatively stable performance on unseen data. The difference between 

training and testing results suggests that the model does not merely memorize the training data but demonstrates acceptable generalization 

capability. 

2. Learning Curve Analysis. 

 
Fig.  6 SVM Model Performance Chart 

The learning curve analysis further illustrates the model’s behavior as the training dataset size increases. With a small number of training 

samples, the training accuracy was very high (approximately 0.97), whereas validation accuracy was relatively low (around 0.62), 

indicating potential overfitting. As the number of training samples increased to approximately 2,250 instances, training accuracy gradually 

stabilized around 0.90, while validation accuracy improved to approximately 0.82. This pattern indicates that increasing the amount of 

training data helps the model learn more generalized patterns and reduces overfitting. 

 

A similar trend was observed in the error curves. Initially, training error was low (around 0.03) and increased slightly to approximately 

0.09 as more data were incorporated. Conversely, validation error decreased significantly from approximately 0.38 to 0.17. The relatively 

stable gap between training and validation error suggests that the model achieves a balanced trade-off between bias and variance, indicating 

stable and reliable classification performance. 

4.2. Implementation 

At this stage, the trained model was deployed into a graphical user interface (GUI)-based application for practical herbal leaf classification. 

When the program is executed, the system automatically loads the pre-trained machine learning model from the specified directory. Once 

successfully initialized, the system indicates that the model is ready for classification. 

 

Fig.  7: GUI Classification of Herbal Leaves 

Users begin the classification process by selecting an image file (JPG, PNG, or BMP format). The selected image is displayed within the 

interface for preview. Upon initiating the classification process, the system performs feature extraction by generating 13 numerical features 



 

3606 Journal of Artificial Intelligence and Engineering Applications 

 
consisting of color features (6 HSV components), texture features (4 GLCM descriptors), and shape features (area, perimeter, and aspect 

ratio). Feature scaling is then applied before feeding the feature vector into the trained SVM model for prediction. 

 

The predicted output, originally represented in numerical class format, is mapped into the corresponding herbal leaf name for user 

interpretability. The system presents the main prediction along with its confidence score (percentage). To enhance interpretability, 

confidence levels are categorized into qualitative levels (e.g., very high, high, moderate, and low). Additionally, the top three predicted 

classes are displayed to provide comparative insight into alternative classifications. 

 

Beyond classification, the system provides a brief description of each identified herbal leaf, including its scientific name, primary medicinal 

benefits, usage method, and important notes. The entire classification process—from image selection to result display—typically requires 

approximately 1–2 seconds, demonstrating that the system operates efficiently while maintaining informative output suitable for both 

general users and professionals. 

4.3. SVM Model Evaluation 

Based on the confusion matrix obtained from model testing, the following confusion matrix represents the classification results for 10 

herbal leaf classes. 

 

Fig.  8: Confusion Matrix 

1. Performance Metrics 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 
∑ 𝑇𝑃𝑖

𝐾
 𝑖=1

𝑁
 

TPtotal = 58 + 63 + 49 + 58 + 46 + 58 + 61 + 63 + 59 + 54 = 569 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 
569

700
 =  0.8129 ≈ 81.29% 

2. Complete Evaluation Metrics Per Class 

Tabel 2: Metrics Per Class 

Kelas TP FP FN Precision (%) Recall (%) F1-Score (%) 

Belimbing Wuluh 58 12 17 82.86 77.33 80.00 

Jambu Biji 63 8 7 88.73 90.00 89.36 

Jeruk Nipis 49 21 21 70.00 70.00 70.00 

Kemangi 58 12 12 82.86 82.86 82.86 

Lidah Buaya 46 24 24 65.71 65.71 65.71 

Nangka 58 12 12 82.86 82.86 82.86 

Pandan 61 9 9 87.14 87.14 87.14 

Pepaya 63 7 7 90.00 90.00 90.00 

Seledri 59 11 11 84.29 84.29 84.29 
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Sirih 54 16 16 77.14 77.14 77.14 

Average Metrics: 

Precision: 
82.86 + 88.73 + 70.00 + 82.86 + 65.71 + 82.86 + 87.14 + 90.00 + 84.29 + 77.14

10
 

811.59

10
=  81.16% 

Recall: 
77.33 + 90.00 + 70.00 + 82.86 + 65.71 + 82.86 + 87.14 + 90.00 + 84.29 + 77.14

10
 

807.73

10
=  80.73% 

F1-Score 
80.00 + 89.36 + 70.00 + 82.86 + 65.71 + 82.86 + 87.14 + 90.00 + 84.29 + 77.14

10
 

809.36

10
=  80.94% 

 

5. Conclusion  

Based on the implementation and testing results of the herbal leaf classification system using the Support Vector Machine (SVM) method, 

several conclusions can be drawn as follows: 

 

1. The herbal leaf classification system was successfully developed and is capable of classifying leaf images into 10 different herbal 

classes. 

2. The Support Vector Machine (SVM) method provided reasonably good classification performance, achieving a testing accuracy of 

approximately 81.29%. 

3. The confusion matrix indicates that several classes achieved high classification accuracy, while classes with visually similar 

characteristics tended to experience misclassification. 

4. The developed system can be used as an initial supporting tool for identifying herbal leaf types based on image data. 
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