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Abstract

Manual identification of herbal leaves often leads to errors due to visual similarities between species, variations in
lighting, and morphological differences that are difficult to observe consistently. These conditions make the
identification process subjective, inefficient, and less accurate, so a more reliable automated approach is needed. This
study aims to evaluate and compare the performance of the Support Vector Machine (SVM) and K-Nearest Neighbor
(K-NN) algorithms in classifying five types of herbal leaves using a combination of shape, color, and texture features.
The dataset consists of 1,000 herbal leaf images obtained from various sources and processed through preprocessing,
feature extraction of shape (metric, eccentricity), color (HSV), and texture (GLCM). The data were then normalized,
divided by a ratio of 80:20, and optimized using hyperparameter tuning. Evaluation was carried out using accuracy,
precision, recall, and F1-score metrics. The test results showed that SVM achieved the highest accuracy of 94.48%,
outperforming K-NN which achieved an accuracy of 92.18%. SVM also showed more stable performance in handling
complex feature combinations. This research contributes by presenting an effective shape—color—texture feature-
based integrative classification framework for herbal leaf identification, as well as strengthening the application of
machine learning in the development of plant identification systems in the field of informatics, both for desktop, web,
and mobile applications.

Keywords : Herbal Leaf Classification;, Machine Learning; SVM; KNN; Feature Extraction, shape (metric,
eccentricity), color (HSV); texture (GLCM).
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1. INTRODUCTION

Herbal plants are a source of traditional medicine widely used by Indonesians and
internationally[1], [2], [3]. The high reliance on herbal plants demands an accurate identification
process, especially considering the presence of more than 30,000 medicinal plant species in Indonesia,
most of which share similar visual characteristics[4],[5]. Manual leaf identification often leads to errors
due to subjectivity, limited user knowledge, and variations in leaf shape, color, and texture between
species[6], [7]. This situation has prompted the development of an automatic classification system based
on image processing and machine learning to produce a more efficient and accurate herbal leaf
identification process[8], [9]. Technological advances in digital image processing enable the extraction
of visual features such as shape, color, and texture to serve as the basis for leaf object recognition[10],
[11]. Shape features can describe the contours and geometric structure of leaves, color features provide
spectral representation through the HSV model, while texture features capture leaf surface patterns using
the Gray Level Co-occurrence Matrix (GLCM) method[12], [13]. The combination of these three
features provides a richer image representation, potentially improving classification accuracy.

Various machine learning algorithms have been used in research related to leaf classification,
including K-Nearest Neighbor (K-NN) and Support Vector Machine (SVM). K-NN offers advantages
in simplicity and effectiveness on distance-based data, while SVM is known for its ability to generate
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optimal hyperplanes for class separation in high-dimensional data[14]. Previous research has shown
that, although K-NN and SVM are widely used for leaf classification (species, herbs,
diseases)[15],[16],[17],[18],[19], most studies utilize only one or two feature groups (shape[18],
color[17], or texture + color [20], [7], [21], [22]), leaving a gap in research for a comprehensive
evaluation of both algorithms using the full combination of shape, color, and texture features in herbal
leaf classification [15], [23], [24], [25]. The objectives of this research include (1) Developing a multi-
feature extraction framework (shape, color, texture); (2) Comparing the performance of SVM and K-
NN using accuracy, precision, recall, and F1-score metrics on a dataset of 1000 herbal leaf images.

The main contribution of this study is the development of a classification framework that
integrates three main feature groups shape, color, and texture which have rarely been used together in
similar studies. This study presents a comprehensive comparison between the K-NN and SVM
algorithms through a comprehensive process of preprocessing, data augmentation, and feature
extraction. In addition to strengthening the literature on machine learning-based herbal leaf
identification, this study also offers potential applications in the development of mobile or web
applications for real-time plant identification. The results provide recommendations for the best
classification method, which can serve as a reference for further research and the development of future
plant identification systems.

2. METHOD

2.1. Proposed Research

This research proposal was designed to ensure that the herbal leaf classification process using the
K-Nearest Neighbor (K-NN) and Support Vector Machine (SVM) algorithms runs in a structured
manner. The research stages begin with problem identification and literature review, followed by the
collection of herbal leaf data from primary and secondary data sources. The obtained data is processed
through a preprocessing stage consisting of augmentation, resizing, color conversion, and object
segmentation[26], [27]. Next, shape, color, and texture features are extracted to produce a numerical
representation of the image[17], [18], [20] . The dataset is then divided into training data and test data
using several partitioning scenarios. In the next stage, a model is built using the K-NN and SVM
algorithms, which are then evaluated using accuracy, precision, recall, and F1-score metrics[20], [28].
The research stages can be seen in Figure 1.
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Figure 1. Research Stages
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2.2. Data Collection

The research data consisted of images of five types of herbal leaves: betel, soursop, guava, bay
leaf, and moringa, obtained from two sources: secondary data from kaggle and primary data captured
using a high-resolution camera. A total of 1,000 images were collected, 200 per leaf type, with 100
images from secondary sources and 100 from primary sources, Table 1. This variation in data sources
was used to reflect real-world conditions and improve the model's reliability in herbal leaf classification.

Table 1. Herbal Leaf Dataset

Leaf type Be e Leaf Bay Leaf Guava Leaf Soursop Leaf Moringa Leaf
(Piper betle) (Syzygium (Psidium (Annona (Moringa
polyanthum) guajava) muricata) oleifera)
Number of 100 100 100 100 100
primary data
Number of
secondary 100 100 100 100 100
data
Prlrsxz)etlrz:;iata Personal Personal Personal Personal Personal
Secondary Kaggle Kaggle Kaggle Kaggle Kaggle

data source

2.3. Data Preparation

The Data Preparation stage is a crucial step in preparing data for use in the modeling process. In
this study, image data collected from primary and secondary sources needed to be adjusted in terms of
size, quality, and format. The goal of this stage is to ensure the data is clean and uniform before feature
extraction and classification. The initial steps in the data preparation process are as follows.

2.3.1. Data preprocessing

The preprocessing stage prepares the leaf images to achieve consistent quality before feature
extraction and classification. Images from primary and secondary sources vary in resolution, lighting,
noise levels, and background, requiring several standardized steps. First, each image is resized to 256 x
256 pixels to ensure uniform dimensions. Color conversion is applied, with grayscale used for shape
and texture extraction, while HSV is used for color features. Segmentation using thresholding isolates
the leaf from the background. Data augmentation such as rotation, flipping, contrast adjustment,
brightness modification, and noise addition enhances dataset diversity and reduces overfitting. These
steps produce clean, consistent images ready for analysis.

2.3.2. Feature extraction

After preprocessing, feature extraction is performed to convert each herbal leaf image into
numerical information used as input for K-NN and SVM. The extracted features consist of shape, color,
and texture, representing key visual characteristics of the leaves to support accurate and reliable
classification.

o The shape feature describes the geometric structure of each leaf, which is important because herbal
leaves generally have distinct morphological characteristics. In this study, shape extraction uses
two descriptors: Metric and Eccentricity. The Metric (circularity) measures how round the leafis,
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where values close to 1 indicate a nearly circular form, while smaller values reflect elongated or
irregular shapes[29]. Eccentricity measures the ratio between the major and minor axes of an
equivalent ellipse, ranging from O (round) to 1 (highly elongated), making it effective for
distinguishing leaves with different proportions. Both features are extracted from segmented
binary images and used as inputs for K-NN and SVM classification[20].

o Color features are essential because many herbal leaves exhibit distinctive intensity and
distribution patterns[30]. This study uses the HSV (Hue, Saturation, Value) color model, which
aligns more closely with human visual perception and is more robust to lighting variations than
RGBJ[31]. After converting images from RGB to HSV, descriptive statistics including mean,
standard deviation, skewness, and histogram values are calculated for each channel (H, S, and V).
These measurements help differentiate herbal leaf types with varying dominant colors and
characteristic brightness levels.

o Texture features capture surface patterns that help differentiate leaves with similar shapes and
colors. These features are extracted using the Gray Level Co-occurrence Matrix (GLCM), which
analyzes the frequency of pixel-intensity pairs at specific distances and directions (0°, 45°, 90°,
135°)[32]. From the GLCM, statistical measures such as contrast, correlation, energy, and
homogeneity are computed to represent various texture characteristics. This approach effectively
identifies smooth, rough, or patterned surfaces commonly found in different herbal leaf species[7].

2.4. Dataset Splitting

After completing the feature extraction process on the herbal leaf images, the next step is to divide
the dataset into two main subsets: training data and test data. This division is carried out to separate the
data that will be used in the model training process from the data that will be used in the model
performance evaluation. The data split proportions in this study use ratios of 80:20, 70:30, and 60:40.
This data splitting technique is carried out using the train_test split function from the scikit-learn library
in Python. This function not only enables efficient data splitting but also provides a random_state
parameter that functions to ensure that the data splitting process is consistent and reproducible in each
execution.

2.5. Modelling

The modeling stage constructs a herbal leaf classification system using the K-Nearest Neighbor
(K-NN) and Support Vector Machine (SVM) algorithms. Before training, all extracted features are
normalized to ensure consistent scales across variables. K-NN is used for its simplicity in identifying
classes based on feature similarity, while SVM is selected for its ability to form an optimal separating
hyperplane in high-dimensional spaces. Both algorithms are well suited for processing shape, color, and
texture features. This phase identifies leaf types and compares model performance to determine the most
effective classifier.

The K-Nearest Neighbors (K-NN) classification process was carried out after preprocessing and
feature extraction were completed. Hyperparameter tuning using GridSearchCV optimized parameters
such as the number of neighbors, weight options, and distance metrics. Two distance measures
Euclidean and Manhattan were applied to evaluate similarity between samples[33]. a 5-fold Stratified
K-Fold validation ensured balanced class distribution during training. The best model was tested on the
test dataset and evaluated using accuracy, a classification report, and a confusion matrix. All shape,
color, and texture features were included to enhance classification performance. After feature extraction,
classification was conducted using the Support Vector Machine (SVM) algorithm with an RBF
kernel[34]. Hyperparameter tuning via GridSearchCV optimized the C regularization parameter and
gamma for the kernel. a 5-fold Stratified K-Fold validation ensured balanced class distribution[28]. The
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best-performing model was tested using accuracy, a classification report, and a confusion matrix. All
extracted features shape, color, and texture were utilized to enhance the identification accuracy of the
five herbal leaf classes[35], [36].

2.6. Evaluation

The evaluation phase was conducted to assess the performance of the classification models
generated from the K-Nearest Neighbor (K-NN) and Support Vector Machine (SVM) algorithms. After
all models were successfully run, model performance was evaluated using a confusion matrix. This
matrix, as shown in Table 2, was used to illustrate the model's prediction results against the actual data.
The confusion matrix consists of four assessment components, namely true positive, when the predicted
and actual classes are the same and correct; true negative, when the model predicts negative and matches
the actual conditions; false negative, when the model fails to predict the positive class; and false positive,
when the model predicts positive incorrectly. Based on these values, model performance is measured
using several commonly used evaluation metrics, namely accuracy, precision, recall, and F1-score, the
calculations of which are shown in Equations 1-4,[28], [37], [38], [39].

Table 2. Confusion Matrix

Actual \ Predicted Positive Negative
Positive True Positive (TP) False Negative (FN)
Negative False Positive (FP) True Negative (TN)
A B TP+ TN o)
Ay = TP+ TN+ FP + FN
Precision — TP @)
recision = ———p
Recall = e 3)
TP Y FN
2xPrecisionxRecall
F1— Score = 4)

Precision + Recall

2.7. Herbal leaves

According to the Indonesian Ministry of Health (Kemenkes), herbal leaves are the leaves of
medicinal plants containing natural active compounds and used for traditional medicinal purposes[40].
Meanwhile, according to the WHO (World Health Organization), herbal leaves are natural plant
ingredients with pharmacological functions and are used in both traditional and modern medical
practices[3]. According to Harborne (1987), herbal leaves contain secondary metabolites such as
flavonoids, alkaloids, tannins, and saponins, which act as sources of biological activity for health[41].
Betel leaves, bay leaves, guava leaves, soursop leaves, and moringa leaves are five types of herbal leaves
widely used in traditional medicine. Betel leaves are known for their antiseptic and antibacterial
properties[42], while bay leaves are often used to lower blood sugar and enhance the aroma of food[43].
Guava leaves have antibacterial properties that are effective in treating digestive disorders[44], while
soursop leaves contain active compounds with anticancer and anti-inflammatory properties[45].
Moringa leaves are known as a nutrient-rich plant that can improve immunity and overall health[46].
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3. RESULT

The implementation phase transformed the research methodology into a functional system using
Python on the Google Colab platform. The process began by linking Colab to Google Drive for dataset
access, followed by importing essential libraries such as NumPy, Pandas, Matplotlib, Scikit-learn, and
OpenCV.

3.1. Data Collection

The dataset in this study consists of 1,000 herbal leaf images obtained from primary and
secondary sources, with each leaf type represented by 200 images. The five herbal leaves used are betel,
bay, soursop, guava, and moringa. Primary and secondary data were combined to increase visual
diversity and strengthen feature representation, Table 3. To expand the dataset and minimize overfitting,
augmentation techniques such as rotation, flipping, brightness adjustment, and noise addition were
applied. This process increased the overall dataset size and provided richer variations for model training,
ensuring better generalization and improved classification performance.

Table 3. Leaf Types from The Dataset

Bay Leaf Guava Leaf Soursop Leaf  Moringa Leaf
Betel Leaf . L .
Leaf type (Piper betle) (Syzygium (Psidium (Annona (Moringa
p polyanthum) guajava) muricata) oleifera)

Secondary
data
source

- °
<o

Primary
data .
source

3.2. Data Preprocessing

The preprocessing stage in this study involved four main steps augmentation, resizing, color
conversion, and object segmentation to ensure that all herbal leaf images were uniform, clean, and ready
for accurate feature extraction. The process began with data augmentation to expand the dataset and
enhance visual diversity, helping prevent overfitting, Figure 2. Techniques such as rotation, horizontal
flip, brightness and contrast adjustment, and noise addition were applied, increasing the dataset from
1,000 to 6,000 images. Each leaf class originally containing 200 images grew to 1,200 images, providing
richer variations for training and improving model robustness.

Original Brightness Contrast Noise
I

Figure 2. Augmentation Results

The second step involved resizing all images to 256x256 pixels to standardize dimensions and
reduce computational load, Table 4. This ensures that the data is stable and compatible with the feature
extraction and classification stages. Next, color conversion was performed using two representations:
grayscale and HSV, Figure 3(a). Grayscale simplifies images by focusing solely on intensity values,

3389


https://jutif.if.unsoed.ac.id/

Jurnal Teknik Informatika (JUTIF) Vol. 7, No. 4, August 2026, Page. 3384-3397
P-ISSN: 2723-3863 https://jutif.if.unsoed.ac.id
E-ISSN: 2723-3871 DOI: https://doi.org/10.52436/1.jutif.2026.7.4.5573

while HSV separates hue, saturation, and brightness, offering a more detailed color description. Testing
both color formats enabled an evaluation of their contributions to improving classification accuracy.

Table 4. Augmentation and Resizing Results
Applied Augmentation Original Resize Rotate 90 Flip Horizontal Brightness Contrast Noise

Primary data source 500 3000 3000 3000 3000 3000 3000
Secondary data source 500 3000 3000 3000 3000 3000 3000
Total New Images 1000 6000 6000 6000 6000 6000 6000

The final step, leaf object segmentation, was conducted using thresholding to isolate leaves from
their backgrounds, Figure 3(b). This transformation produced binary images that clearly highlight the
leaf structure, reducing noise and allowing for more precise extraction of shape, color, and texture
features. Segmentation is essential to ensure that irrelevant background information does not affect the
classification process. Overall, these four preprocessing stages provided a standardized and high-quality
dataset, forming a solid foundation for the subsequent feature extraction and classification phases.

Original (RGB) - Grayscale HSV— RGB _ Betel Leaves-Grayscale Betel Leaves-treshold

(a) (b)

Figure 3. (a) Color Conversion Results, (b) Segmentation Results

3.3. Feature Extraction

The feature extraction stage transforms herbal leaf images into numerical representations that can
be processed by the K-NN and SVM classification algorithms. Three main feature groups are used
shape, color, and texture each capturing unique visual information that strengthens the classification
accuracy. Shape features are extracted from segmented binary images using metric and eccentricity. The
metric value reflects the circularity of the leaf, while eccentricity describes the ratio of length to width.
These measurements help distinguish morphological differences between leaf types. A scatter plot of
shape features shows clear separation patterns among the five herbal leaf classes, demonstrating the
discriminative power of metric and eccentricity, Figure 4.

Scatter Plot: Eccentricity vs Metric

081 Leaf Type ) ‘. )
Betel Leaves
Bay Leaves e %
Moringa Leaves % o

4 L EPS
0.7 =.-
Guava Leaves (]

o000 0

)
Soursop Leaves oo

e ¢

0.2 0.4 0.6 0.8 10
Eccentricity

Figure 4. Scatter Plot Metric and Eccentricity
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Table 5. HSV Results 30 scatterpiot: s reatures

00000

filename class mean_h mean s mean_v

0 original.jpg | Daun sirih | 90,584503 60,085617 | 179,543075
0 rotatejpg | Daun sirih | 90,541442 60,070297 | 179,526641

0 flipjpg | Daun sirih | 90,503967 | 60,080398 | 179,53295

0 brightness.jpg | Daun_sirih | 91,710571 60,193603 215,28862

0 _contrastjpg | Daun_sirih | 17300842 53,995513 | 220,655029

0 noise.jpg Daun_sirih | 89,435211 60,008956 | 179,120224

Figure 5. HSV Scatter Plot

Color features are obtained using the HSV color space, which separates hue, saturation, and
brightness. This representation is more robust to illumination changes compared to RGB. The feature
extraction involves calculating statistical values such as mean and standard deviation for each channel.
Analysis of augmented betel leaf images shows that rotation and flipping do not change hue
significantly, while brightness and contrast adjustments affect hue and value. a 3D scatterplot of HSV
features reveals clustering tendencies among leaf types, indicating that color information effectively
supports classification, Table 5, and Figure 5.

Pairplot Fitur Tekstur GLCM (Mean per Sudut)
1000

Leaf Type

Betel Leaves
Bay Leaves
Moringa Leaves
Guava Leaves
Soursop Leaves

® o0 0 e

0 500 1000 0.85 0.0 0.95 100 0.0 0.5 1.0 0.0 0.5 1.0
Contrast Correlation Energy Homogeneity

Figure 6. GLCM Scatter Plot

Texture features are extracted using Gray Level Co-occurrence Matrix (GLCM) and constructed
based on four orientations namely 0°, 45°, 90°, and 135° to obtain a comprehensive texture
representation. Four statistical parameters contrast, correlation, energy, and homogeneity are calculated
from pixel intensity relationships. Contrast measures the strength of intensity differences, correlation
reflects pixel relationships, energy captures texture uniformity, and homogeneity describes intensity
smoothness. These features help distinguish leaves with similar shapes or colors but different surface
textures. A pairplot of GLCM features shows distinct distribution patterns for each type of herbal leaf,
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Figure 6. There is also a strong negative correlation between contrast and the other three features,
confirming that high-contrast textures tend to be less uniform and less regular. Overall, the integration
of shape, color, and texture features produces a comprehensive numerical representation of herbal leaf
images. Shape features capture form and structure, color features describe chromatic characteristics, and
texture features reveal surface patterns. Together, these extracted features provide a robust foundation
for improving the accuracy and stability of the classification models used in this study.

3.4. Data Splitting

Data partitioning ensures the classification model can learn effectively while maintaining good
generalization to unseen data. In this study, three partition scenarios were applied: 80:20, 70:30, and
60:40. The 80:20 split produced 4,707 training and 1,177 test samples, while the 70:30 and 60:40 splits
produced 4,118-1,766 and 3,530-2,354 samples, respectively. The stratify = y parameter was used to
maintain balanced class proportions across all splits. This balanced distribution prevents class
dominance, supports objective evaluation, and improves the model’s performance stability when applied
to new data.

3.5. Modeling

After preprocessing, feature extraction, and data partitioning, the modeling stage was carried out
using the K-Nearest Neighbor (K-NN) and Support Vector Machine (SVM) algorithms. Before training,
all features eccentricity, metric, HSV, and GLCM texture were normalized using Min-Max Scaling to
maintain consistent value ranges and prevent data leakage by applying training parameters to test data.
The K-NN model classifies leaf images based on feature similarity by identifying the k-nearest
neighbors of each test sample. Normalized features ensure precise distance calculations, while the
optimal k value is determined through iterative experimentation. Model performance is evaluated using
accuracy, precision, recall, and F1-score. The SVM algorithm classifies leaf images by constructing an
optimal hyperplane that maximizes the separation margin between classes. Normalized features are used
to maintain consistency in margin computation. Kernel functions including linear, polynomial, and RBF
are applied to handle non-linear patterns. The trained SVM model is then evaluated with standard
performance metrics.

Table 6. KNN and SVM Modeling Results

Data

Algorithm Split Best Parameters Accuracy Running Time
metric: manhattan, Best accuracy: Training: 6.18 s,
KNN 80:20 n_neighbors: 1, weights: 0.9191, Test Prediction: 0.2198 s,
distance accuracy: 0.9218  Total: 6.40 s
metric: manhattan, Best accuracy: Training: 3.12 s,
KNN 70:30  n_neighbors: 3, weights: 0.9094, Test Prediction: 0.1753 s,
distance accuracy: 0.9179  Total: 3.30 s
metric: manhattan, Best accuracy: Training: 3.82 s,
KNN 60:40 n_neighbors: 3, weights: 0.9051, Test Prediction: 0.2257 s,
distance accuracy: 0.9121  Total: 4.04 s
) ) . Bestaccuracy: Training: 76.85 s,
SVM  80:20 Sb.fIOO, gamma: 0.1, kernel: ) 930 Test Prediction: 0.1087 s,
accuracy: 0.9448  Total: 76.96 s
. ) . Best accuracy: Training: 56.62 s,
SVM  70:30 Sb.fIOO, gamma: 0.1, kemel: 4 5591 Test Prediction: 0.1545 s,
accuracy: 0.9439  Total: 56.77 s
. ) . Best accuracy: Training: 49.09 s,
SVM  60:40 & 100, gamma: 0.1 kemel: g o) 50 gy Prediction: 0.3928 s,

rbf

accuracy: 0.9371

Total: 49.49 s
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Based on the test results in Table 6, it can be concluded that SVM consistently provides higher
accuracy than K-NN across all data sharing schemes. At an 80:20 ratio, SVM achieved the highest test
accuracy of 94.48%, while K-NN obtained 92.18%, demonstrating SVM's superiority in modeling more
complex decision boundaries. A decreasing trend in accuracy was observed for both algorithms when
the training data portion was reduced (70:30 and 60:40), indicating the importance of the amount of
training data on model performance. In terms of the best parameters, K-NN showed optimal performance
with Manhattan distance, distance weight, and a small number of neighbors (k = 1-3), indicating that
local proximity significantly influences classification. Meanwhile, SVM was stable using the RBF
kernel with parameters C = 100 and gamma = 0.1, which effectively handles nonlinear patterns in the
combined features. In terms of computation time, K-NN was much more efficient with a total time of
under 7 seconds across all scenarios, while SVM required a much longer training time (+49—77 seconds),
despite its relatively fast prediction time. Thus, SVM is superior in terms of accuracy and stability, while
K-NN is more computationally efficient, so that model selection can be adjusted to the needs between
classification accuracy and time efficiency.

4. DISCUSSIONS

In the evaluation phase, both models were tested using accuracy, precision, recall, and f1-score
metrics to assess their ability to differentiate five types of herbal leaves. The K-NN model performed
well, with the majority of predictions falling on the main diagonal, indicated by a high number of correct
classifications across all classes, although errors still occurred, particularly between soursop and guava
leaves, Figure 7(a). Meanwhile, the SVM model produced more stable and accurate results, with a high
rate of correct predictions across all classes and relatively small errors, demonstrating its ability to
distinguish visual leaf features more effectively than K-NN, Figure 7(b). The test results showed that
the SVM algorithm performed best with an accuracy of 94.48%, higher than K-NN, which achieved
92.18%. This difference indicates that SVM is more effective in handling combined features of shape,
color, and texture, primarily due to its ability to form a hyperplane that optimally separates classes.

Similar studies on leaf and plant disease classification also found that SVM generally provided
higher accuracy than K-NN, especially on high-dimensional data and complex features such as shape,
color, and texture. Based on Table 7, it shows that SVM has a higher effectiveness in separating classes
in high-dimensional data and overlapping feature conditions, thanks to its optimal kernel and margin
capabilities. On the other hand, K-NN remains a competitive and easy-to-implement algorithm, although
its performance is highly dependent on data distribution and the choice of the k parameter. The addition
of texture and color features has been shown to improve accuracy in both models, but SVM shows
stronger stability against inter-class variations, resulting in more consistent classification performance.

Confusion Matrix - KNN
Confusion Matrix - SVM

Guava Leaves
200 Guava Leaves

Moringa Leaves _
Moringa Leaves -

Bay Leaves ~ Bay Leaves -

Actual
Actual

Betel Leaves _ Betel Leaves -

Soursop Leaves -

Soursop Leaves ~

Guava Leaves Moringa Leaves Bay Leaves Betel Leaves Soursop Leaves

Guava Leaves Moringa Leaves Bay Leaves Betel Leaves Soursop Leaves
Predicted

Predicted

(a) (b)
Figure 7. (a) K-NN Confusion Matrix; (b) SVM Confusion Matrix
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Table 7. Comparison of K-NN and SVM Accuracy Across Different Studies

. K-NN SVM
Study / Domain Accuracy Accuracy Key Notes
He.rbal leaf classification 92.18% 94.48% SVM more stable, superior on complex
(this study) features
. SVM performs better on color + texture
V] 0
Tomato leaf images 95.2% 96.1% features[20].[29]
Cotton leaf classification 96.1% 98.0% ?;i\lfr:;l[pzegr]lor with combined
g)::laesre glant leaves (Flavia 97 6% 98.8% S;gé[ertrslgg]conmstent on large
Forest satellite imagery 87.5% 88.3% SVM excels in multispectral data[47]

The main contribution of this study lies in its integrative approach that combines three types of
features simultaneously and compares the two algorithms with a consistent hyperparameter tuning
process. Although the results are quite high, this study still has limitations, such as its reliance on a
varied dataset that does not fully represent real-world conditions and the significantly longer training
time of SVM compared to K-NN. Overall, the evaluation shows that SVM is the most appropriate
method for herbal leaf classification in this research scenario, but further development is needed to
ensure the model has stronger generalization across more diverse data. This research contributes to
computer science with a scalable multi-feature ML framework for IoT plant identification applications,
supporting SDGs 3 (health) through the digitization of traditional Indonesian medicine.

5. CONCLUSION

This study shows that the process of classifying herbal leaf images using a combination of shape,
color, and texture features can be carried out effectively, with the SVM algorithm producing the most
optimal performance, namely an accuracy of 94.48% and a more stable consistency level compared to
K-NN. This research makes a significant contribution to the field of informatics, especially in the
development of artificial intelligence systems and digital image processing, through the development of
an integrated classification framework and a systematic comparison of two commonly used machine
learning algorithms. The results of this study can be used as a reference in designing decision support
systems and plant identification applications based on intelligent computing. However, the study still
has limitations in the variety of datasets that only include five types of leaves and has not utilized more
complex advanced pre-processing techniques. Therefore, further research is recommended to expand
the amount and diversity of data, integrate more adaptive pre-processing methods, and develop system
implementations in the form of desktop, web, or mobile applications to support practical use in various
fields.
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