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 This study aims to compare the effectiveness of two classification 
algorithms, namely Naïve Bayes Classifier and K-Nearest Neighbor 
(KNN), in classifying herbal leaves. This research design uses a 
quantitative approach with experimental analysis and model 
validation. The dataset consisted of images of papaya leaves, 
pandanus, cat's whiskers, and betel nut taken in different lighting 
conditions. The methodology includes pre-processing of data by 
converting images into grayscale, feature extraction using Gray 
Level Co-occurrence Matrix (GLCM), and application of Naïve Bayes 
and KNN algorithms. The main results showed that KNN achieved 
90.00% accuracy with precision, recall, and F1-score of 88.33% 
respectively, higher than Naïve Bayes which had 82.50% accuracy, 
81.46% precision, 85.83% recall, and 82.27% F1-score. In 
conclusion, KNN is superior in the classification of herbal leaves to 
Naïve Bayes, although it requires a longer computational time. 
Further research is recommended to optimize algorithm parameters 
and explore the integration of deep learning techniques to improve 
classification accuracy and efficiency. 
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1. INTRODUCTION  
The utilization of herbs for medicine and health supplements has increased significantly worldwide 
in the last ten years (Tangkiatkumjai et al., 2020). Accurate and rapid identification of various 
species of herbs is becoming important, not only for medical purposes but also for biodiversity 
conservation (Howes et al., 2020). However, challenges arise in this identification process due to 
similarities between species and varieties that can be confusing even to botanists (Upton et al., 
2020). In this context, the development of an efficient classification algorithm to identify herbal 
leaves based on their morphological features becomes very important (Sachar & Kumar, 2021). 

The main problem in the classification of herbal leaves is the high dimensionality of the 
data and the similarity of traits between different species, which can result in a decrease in 
classification accuracy (Naeem et al., 2021). This research is important because proper 
classification algorithms can help in the faster and more accurate introduction of herbal species, 
further supporting the preservation, research, and sustainable use of herbs (Meng et al., 2023). 

Previous research has shown the great potential of machine learning and image 
processing techniques in identifying and classifying medicinal plants and fruits (Mulugeta et al., 
2024). V. Kamath uses algorithms such as SVM, Naive Bayes, KNN, and Decision Trees to 
categorize Ayurvedic herbs with significant results (Kamath, 2024). K. Pushpanathan et al. showed 
that SVM, Naive Bayes, KNN, and CNN can improve the accuracy of identification of medicinal 
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plants (Pushpanathan et al., 2021). S. Sachar and A. Kumar highlight the importance of feature 
extraction and classification techniques using leaf images with similar algorithms (Sachar & Kumar, 
2021). S. K. Behera et al. used machine learning and transfer learning to classify papaya fruit 
ripeness, with the VGG19 model achieving 100% accuracy (Behera et al., 2021). F. Twum et al. 
used the Log Gabor filter for texture analysis in the identification of medicinal plants, showing 
accuracy of up to 98% (Twum et al., 2022). 

Previous research has shown the effectiveness of various machine learning algorithms in 
classifying medicinal plants, often limited by challenges such as various lighting conditions and 
high data dimensions. This study addresses this gap by utilizing the Gray Level Co-occurrence 
Matrix (GLCM) for feature extraction and comparing the performance of the Naïve Bayes Classifier 
and K-Nearest Neighbor (KNN) algorithms. By focusing on this method, the study aims to improve 
classification accuracy and efficiency under different lighting conditions, providing a more robust 
solution for herbal leaf identification. A comprehensive comparison between these two algorithms is 
expected to offer valuable insights into the optimal approach to classifying herbal leaves. 

This study aims to compare the effectiveness of two popular classification algorithms, 
namely Naïve Bayes Classifier and K-Nearest Neighbor (KNN), in classifying herbal leaves. The 
Naïve Bayes Classifier and K-Nearest Neighbor (KNN) methods were chosen because of their 
respective advantages in various classification scenarios and their ability to handle big data. Naïve 
Bayes is advantageous because of its simplicity, efficiency, and effectiveness in handling high-
dimensional data where feature independence is assumed. KNN, known for its simplicity and 
effectiveness in non-linear data distribution, excels in scenarios where data distributions are 
complex and do not conform to parametric assumptions, making them suitable for diverse data 
sets. 

This study specifically identifies and classifies specific herbal species rather than 
classifying herbal leaves in general. The dataset included images of papaya leaves, pandan 
leaves, cat's whisker leaves, and betel leaves, and the goal was to compare the performance of the 
Naïve Bayes and K-Nearest Neighbor algorithms in classifying specific types of herbal leaves 
based on their morphological features. By focusing on this specific species, the study intends to 
determine the most suitable algorithm for accurate classification in a given context, contributing to 
the development of a proper automatic identification system for these herb leaves. This targeted 
approach ensures that these findings are directly applicable to real-world scenarios involving this 
particular ingredient. 

Addressing this issue will provide important insights into the application of classification 
algorithms in botany and may aid in the development of a more accurate automatic identification 
system for herbal leaves (Abraham & Kellogg, 2021). This study is expected to fill in the gaps in the 
literature by providing a comprehensive comparison between two different classification techniques 
in this particular context (Edison et al., 2021). 

The high dimensions and similarities between species affect the accuracy of classification 
because they introduce noise and redundancy, making it difficult to distinguish between the same 
species and often leading to misclassification. The practical application of this research lies in the 
development of reliable and efficient systems for the identification of herbal species, which are 
essential for drug use, conservation efforts, and agricultural management. The results will guide the 
selection of the right algorithm for the classification of herbal leaves, improving the accuracy and 
speed of the identification process in real-world applications. 

Some researchers focus on image classification techniques for herbal leaves and leaf 
diseases, but are limited to the integration of methods in different lighting conditions (Kolhar & 
Jagtap, 2023). Therefore, this study will apply the extraction of the Gray Level Co-occurrence 
Matrix (GLCM) feature and the application of the Naïve Bayes Classifier and K-Nearest Neighbor 
(KNN) algorithms used to classify several types of herbal leaves (Wu et al., 2023), namely papaya 
leaves, pandan leaves, cat's whisker leaves, and betel leaves. The purpose of this study is to 
compare the two methods to see better performance and evaluate performance to determine the 
most appropriate algorithm in classifying the image of herbal leaf types. 
 
2. RESEARCH METHOD  
This research has several stages, where two classification algorithms, Naïve Bayes Classifier and 
K-Nearest Neighbor (KNN) will be applied to the same dataset. Here are the research steps. 
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Research Design 

This research uses a quantitative approach with a combination design of experimental 
methods, quantitative analysis, and model validation (Falk et al., 2023). This design was chosen to 
provide a comprehensive understanding of the performance of each algorithm in the classification 
of herbal leaves (Naeem et al., 2021). 

Data Collection 
The image data of herbal leaves used are papaya leaves, pandan leaves, cat's whisker 

leaves, and betel leaves. The data was taken from the results of portraits using mobile phones with 
a total of 200 images of herbal leaves where each type of leaf consists of 50 images. 

Data Pre-processing 
The pre-processing or data processing stage, the first step is to reduce the pixels in the 

leaf image from 2992 x 4000 pixels to 612 x 818 pixels, then the image image is converted into 
grayscale. Once the data is converted into grayscale, calculate feature extraction using the Gray 
Level Co-occurrence Matrix (GLCM) and split the image data into separate directories. The first 
directory is the training data used in training the classification model, while the second directory is 
the test data used to evaluate the performance of the model.  

Algorithm Implementation 
The Naïve Bayes Classifer and K-Nearest Neighbor (KNN) algorithms will be implemented 

using the pyhton programming language with pre-processed data (Ullah et al., 2021). 
 

 
Figure 2. Algorithm implementation flow 
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Figure 2 is an algorithm implementation flow that explains the steps in completing the 
calculation of the two algorithms for herbal leaf classification and compares the performance of 
both algorithms. 

 
1. Naïve Bayes Classifier 

The Naïve Bayes Classifier algorithm is a classification method based on Bayes' theorem 
assuming independence between features (Shaban et al., 2021). The Naïve Bayes Classifier 
algorithm formula can be written in equation (1) 

 
 

(1) 

   

Where,  is the posterior probability of the class (target)  with the knowledge 

of the features .  is the conditional probability of the features that the class 

gives .  is the prior probability of the class .  is the total probability of the 

features . In implementation, We often ignore the denominator  because it is 

constant for all classes and focuses on maximizing the numerator. 
2. K-Nearest Neighbor (KNN) 

The K-Nearest Neighbor (KNN) algorithm is a classification (or regression) method that 

works by comparing new instances to  Nearest instance in training dataset. The classification of 

new instances is determined based on the majority of classes from  The nearest instance. There 

is no specific "formula" for KNN because this method relies more on measuring the distance 
between instances (Siddalingappa & Kanagaraj, 2022). The distance that is often used is the 
euclidean distance, although it can also use other distances such as manhattan or minkowski. 

Euclidean distance between two points  and  with dimensions  calculated by the 

formula as in equation (2) 

 

 

(2) 

   

Where,  is the distance between the training data to the test data,  that is train 

data to-i,  test data to-i. 

Algorithm Configuration 
In research on herbal leaf classification, the Naïve Bayes Classifier and K-Nearest 

Neighbor (KNN) algorithms were carefully configured to test their effectiveness. The data pre-
processing process prepares leaf images for analysis, followed by feature extraction using the Gray 
Level Co-occurrence Matrix (GLCM) to capture textures (Vishnoi et al., 2022). Naïve Bayes is 
implemented utilizing Bayes' theorem, focusing on posterior probability, while KNN optimizes k 
selection to determine classes based on nearby instances (Banchhor & Srinivasu, 2021). Both are 
optimized through techniques such as cross-validation and evaluated with accuracy, precision, 
recall, and F1-score metrics, providing a comprehensive view of each other's performance in herbal 
leaf classification (El Akhal et al., 2023). 

Model Evaluation 
Model evaluation will use confusion metrics such as accuracy, precision, recall, and F1-

score to assess the performance of both algorithms (Alem & Kumar, 2022). Statistical analysis may 
also be performed to determine significant differences between the performance of the two 
algorithms (Uddin et al., 2022). The formula for accuracy, precision, recall, and F1-score is written 
in equations (3) – (6) 
 

 

(3) 

 

Where TP is True Positive, that is, the number of positive samples that are correctly 
predicted. TN is True Negative, that is, the number of negative samples that are correctly 
predicted. FP is False Positive, i.e. the number of negative samples that are incorrectly predicted 
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as positive. And FN is False Negative, that is, the number of false positive samples is incorrectly 
predicted as negative (Hicks et al., 2022). 

 

(4) 

 
Where TP is True Positive, that is, the number of positive samples correctly predicted by 

the model. FP is False Positive, i.e. the number of negative samples that are incorrectly predicted 
as positive by the model (Roy & Kumar, 2022). 

 

(5) 

 
Where TP is True Positive, that is, the number of positive samples correctly predicted by 

the model. FN is False Negative, i.e. the number of positive samples incorrectly predicted as 
negative by the model (Pellegrino et al., 2021). 

 

(6) 

3. RESULTS AND DISCUSSIONS  
This study aimed to compare the effectiveness of two classification algorithms, Naïve Bayes and K-
Nearest Neighbor (KNN), in classifying herbal leaves based on texture features extracted using the 
Gray Level Co-occurrence Matrix (GLCM). The dataset used consisted of images of papaya 
leaves, pandanus, cat's whiskers, and betel nut taken in different lighting conditions. This study 
emphasizes evaluating the performance of both algorithms using accuracy, precision, recall, and 
F1-score metrics. 

Data Collection 
 

Table 1. Herbal leaf data 
Types of Herbal Leaves Picture Information 

 
 

Papaya leaf 

 

 
 

50 Images 
  

 
 

Pandan leaf 

   

 
 

50 Images 
 

 
 

Cat's whiskers Leaf 

 

 
 

50 Images 
 

 
 

Betel leaf 

 

 
 

50 Images 
 

 
The image data of herbal leaves in table 1 are papaya leaves, pandan leaves, cat's 

whisker leaves, and betel leaves. The data was taken from the results of portraits using the Redmi 
Note 9 mobile phone with a total of 200 images of herbal leaves where each type of leaf consists of 
50 images. Table 1 shows the image of herbal leaf species in the dataset used. 

Data Pre-processing 
     

 

 

 

 

 
Original Image  Resize  Grayscale 

Figure 3. Prepocessing stages 
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The leaf image prepocessing step applied in this study includes changing the image size 
from 2992 x 4000 pixels to 612 x 818 pixels, followed by conversion to grayscale, as shown in 
figure 3. The purpose of this preprocessing is to improve efficiency and accuracy in data analysis. 
Grayscale reduces the complexity of image data by eliminating color information that may not be 
relevant for a particular task, making it easier to extract features and their subsequent processing. 
This step can also reduce processing time and memory requirements, allowing algorithms to focus 
on important information on textures. 

Feature Extraction 
Feature extraction using the Grey Level Co-occurrence Matrix (GLCM) is a process that 

identifies image textures by analyzing pairs of pixels that have a specific intensity value. Features 
such as contrast, dissimilarity, homogeneity, and energy are calculated from the GLCM to provide 
detailed information about texture patterns in the image. This process helps in classification or 
pattern recognition by effectively distinguishing the texture characteristics of the image. 
 

Table 2. Glcm calculation results 
Contrast Dissimilarity Homogeneity Energy Label 

40,18615921 2,634212222 0,541346424 0,09769697 Cat's whiskers 
49,13527665 2,121270993 0,620747377 0,075958701 Cat's whiskers 
62,20824813 3,126243002 0,512168047 0,081017727 Cat's whiskers 
40,18615921 2,634212222 0,541346424 0,09769697 Cat's whiskers 
62,20824813 3,126243002 0,512168047 0,081017727 Cat's whiskers 
49,13527665 2,121270993 0,620747377 0,075958701 Cat's whiskers 
60,38866502 3,215010864 0,4993331 0,075924782 Cat's whiskers 

     
128,5686517 5,670440858 0,422666546 0,072298144 betel 
74,534658 2,972262794 0,583332385 0,073048415 betel 

 
The GLCM calculation results in table 2 show the values of texture features extracted from 

the leaf image, including contrast, dissimilarity, homogeneity, and energy, for each leaf label such 
as "pandan," "cat's whiskers," "betel," and "papaya." The contrast parameter measures the 
difference in intensity between pixels, dissimilarity calculates the absolute difference between 
pixels, homogeneity measures the proximity of the element distribution to the GLCM diagonal, and 
energy measures the smoothness of the image. 

Naïve Bayes Results 
Data calculation using Naïve Bayes yields: 

 
Table 3. Naive bayes calculation results 

No. Types of leaves Precision Recall F1-Score 

1. Cat's whiskers 0.62 0.83 0.71 
2. Pandan 0.90 0.60 0.72 
3. Papaya 0.90 1.00 0.95 
4. Betel 0.83 1.00 0.91 

Overall Results 81.46% 85.83% 82.27% 

Overall Acuracy = 82.50% 

 
The calculation results using the Naïve Bayes algorithm for leaf type classification are 

shown in table 3. The Naïve Bayes algorithm is implemented assuming independence between 
features. The evaluation results showed that Naïve Bayes had an accuracy of 82.50%, with a 
precision of 81.46%, recall of 85.83%, and an F1-score of 82.27%. The main advantage of Naïve 
Bayes is its ability to handle high-dimensional datasets and provide fast results even on large data. 
However, the main drawback of this algorithm is the often unrealistic assumption of independence 
between features in leaf image data, which can result in decreased accuracy. 
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Figure 4. Naive bayes calculation chart 

 
Figure 4 displays a confusion matrix for the results of the Naïve Bayes algorithm 

classification on leaf types. The row represents the actual class and the column represents the 
prediction class. The model managed to correctly classify the leaves of " Cat's whiskers " 5 times 
out of 6, "pandan" correctly 9 times out of 15, "papaya" correctly 9 times out of 9, and "betel" 
correctly 10 times out of 10. This matrix shows that the model has high accuracy for "papaya" and 
"betel," but some misclassification occurs in "cat's whiskers" and "pandanus." 

K-Nearest Neighbor (KNN) Results 
Data calculations using KNN produce: 

 
Table 4. KNN calculation result 

No. Types of leaves Precision Recall F1-Score 

1. Cat's whiskers 0.67 0.67 0.67 
2. Pandan 0.87 0.87 0.87 
3. Papaya 1.00 1.00 1.00 
4. Betel 1.00 1.00 1.00 

Overall Results 88.33% 88.33% 88.33% 

Overall Acuracy = 90.00% 

 
The calculation results using the K-Nearest Neighbor (KNN) algorithm for leaf type 

classification are shown in Table 4. KNN is implemented by using euclidean distance to measure 
proximity between instances. The evaluation results show that KNN has a higher accuracy of 
90.0%, with a precision of 88.33%, recall of 88.33%, and F1-score of 88.33%. The main 
advantages of KNN are its simplicity and ability to handle data with non-linear distribution without 
the need for data distribution assumptions. However, the disadvantage of KNN is that it requires 
higher computational time on large datasets, especially when determining the nearest neighbor. 
 

 
Figure 5. KNN calculation chart 

 
Figure 5 shows a confusion matrix for leaf classification using K-Nearest Neighbor (KNN). 

The model managed to correctly classify the leaves of "cat's whiskers" 4 out of 6 times, but 
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incorrectly predicted 2 times as "pandan." The "pandan" leaf was predicted correctly 13 out of 15 
times, with 2 mispredictions as "cat's whiskers." The leaves of "papaya" and "betel" were correctly 
classified 100% from 9 and 10 samples, respectively. This matrix indicates that KNN is very 
accurate for "papaya" and "betel" leaves, but there are some errors for "cat's" and "pandan" leaves. 

Performance Result 
Algorithms are evaluated based on accuracy, precision, recall, and F1-Score metrics 

 
Table 5. Algorithm performance results 

Algoritma Acuracy Precision Recall F1-Score 

Naïve Bayes 82.50% 81.46% 85.83% 82.27% 
KNN 90.00% 88.33% 88.33% 88.33% 

 

 
Figure 6. Comparison results graph 

 
Table 5 and figure 6 show that K-Nearest Neighbor (KNN) is superior to Naïve Bayes in all 

evaluation metrics. KNN's precision is 88.33%, higher than Naïve Bayes' 81.46%. KNN recall was 
88.33% compared to 85.83% for Naïve Bayes. KNN's F1-score is 88.33%, while Naïve Bayes is 
82.27%. KNN's accuracy reaches 90.00%, better than Naïve Bayes' 82.50%. This graph confirms 
that KNN performs better in leaf type classification. 

Evaluation 
The calculation results using the Naïve Bayes algorithm show that this model has an 

overall accuracy of 82.50%, with a precision of 81.46%, recall of 85.83%, and an F1-score of 
82.27%. Analysis of the confusion matrix showed that Naïve Bayes had some errors in classifying 
"cat's whiskers" and "pandan" leaves, but performed quite well for "papaya" and "betel" leaves. 
Naïve Bayes works by assuming independence between features, which is often unrealistic in leaf 
image data, which can reduce accuracy. 

Conversely, the calculation results using K-Nearest Neighbor (KNN) show better 
performance. KNN achieved an overall accuracy of 90.00%, with a precision, recall, and F1-score 
of 88.33% each. The confusion matrix for KNN shows perfect accuracy in classifying "papaya" and 
"betel" leaves, but there are some errors in classifying "cat's whiskers" and "pandan" leaves. KNN 
works by measuring proximity between instances, which makes it possible to handle data with 
more complex distributions. 

An overall performance evaluation shows that KNN is superior in all metrics to Naïve 
Bayes. The comparison graph shows that KNN's precision, recall, F1-score, and accuracy are all 
higher than Naïve Bayes. This suggests that KNN is more effective in classifying leaf types based 
on image texture. Although KNN requires longer computational time, especially on large datasets, 
its advantages in accuracy and consistency make it a better choice for this leaf type classification 
task. 

The current research on classifying herbal leaves using Naïve Bayes and K-Nearest 
Neighbor (KNN) builds upon previous studies by incorporating modern feature extraction methods 
and performance metrics. Previous research, such as that by (Kamath, 2024), utilized algorithms 
like SVM, Naïve Bayes, KNN, and Decision Trees for categorizing Ayurvedic herbs with significant 
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results. Similarly, K. Pushpanathan et al. explored the use of SVM, Naïve Bayes, KNN, and CNN to 
improve the accuracy of medicinal plant identification. In contrast, the current study focuses 
specifically on herbal leaf classification using texture features extracted through the Gray Level Co-
occurrence Matrix (GLCM) and evaluates the performance of Naïve Bayes and KNN in various 
lighting conditions, achieving higher accuracy for KNN at 90.00% compared to Naïve Bayes at 
82.50%. 

This study advances the field by addressing the challenges of high-dimensional data and 
feature similarity between species, which were significant hurdles in past research. For instance, 
(Sachar & Kumar, 2021) highlighted the importance of feature extraction and classification 
techniques using leaf images, while (Behera et al., 2021). demonstrated high accuracy in 
classifying papaya fruit ripeness using transfer learning models. The current research further 
refines these approaches by applying GLCM for texture feature extraction and systematically 
comparing the effectiveness of Naïve Bayes and KNN in handling the specific nuances of herbal 
leaf classification. This comparison provides deeper insights into the strengths and limitations of 
each algorithm in botanical contexts, contributing to the development of more robust and accurate 
automatic identification systems for herbal leaves. 

4. CONCLUSION  
This study demonstrated that the K-Nearest Neighbor (KNN) algorithm outperformed Naïve Bayes 
in classifying herbal leaves, achieving 90.00% accuracy compared to 82.50% for Naïve Bayes. 
KNN's strength is its ability to handle complex data without assuming feature independence, 
though it requires more computation time. The research suggests future work should optimize 
algorithm parameters, integrate deep learning, and test larger datasets. Practically, the high 
accuracy of KNN can aid in developing automated systems for identifying medicinal plants, 
benefiting botanists and researchers. The use of Gray Level Co-occurrence Matrix (GLCM) for 
texture features can also enhance plant identification in various settings. 
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