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Abstract: 

The study "Automated Classification of Empon Plants: A Comparative Study Using Hu Moments and K-NN Algorithm" 

investigates the potential of image processing and machine learning techniques in the classification of empon plants, 
specifically ginger and turmeric. Utilizing a dataset of leaf images, the research employed the Canny method for image 

segmentation and Hu Moments for feature extraction, followed by classification using the K-Nearest Neighbors (K-NN) 

algorithm. The performance of the model was evaluated through a 5-fold cross-validation method, focusing on metrics such 

as accuracy, precision, recall, and F1-score. The results showcased the model's variable performance, with the highest 
accuracy reaching 65.33%. The study contributes to the field by demonstrating the application of Hu Moments in plant 

classification and by assessing the K-NN algorithm's effectiveness in this context. These findings offer insights into the 

potential of combining image processing techniques with machine learning for accurate plant classification, paving the way 

for further research in the area. 
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Dataset link: https://www.kaggle.com/datasets/owenlie/empon-dataset 

 

1. Introduction 

In the rapidly evolving field of agricultural technology, the classification of plant species has emerged as a crucial 

task, particularly in the diverse and rich flora of tropical regions. Empon plants [1], primarily ginger and turmeric, 

hold significant medicinal and economic value but often pose a challenge for accurate classification due to their similar 

morphological characteristics. Traditional methods for plant classification, while effective, are time-consuming and 

often require expert knowledge, prompting a need for automated, efficient, and accurate systems. 

This research aims to address the problem of distinguishing between ginger and turmeric plants, leveraging 

advancements in image processing and machine learning. The main objective of this study is to develop an automated 

classification system that can accurately identify these plants using their leaf images. This system proposes the use of 

the Canny [2], [3] method for image segmentation and Hu Moments [4] for feature extraction, coupled with the K-

Nearest Neighbors (K-NN) [5] algorithm for classification. By integrating these techniques, the study seeks to enhance 

the precision and efficiency of plant classification. 

The research revolves around several key questions: How effectively can the Canny method segment empon plant 

images for feature extraction? What is the reliability of Hu Moments in capturing distinguishing features of these 

plants? And most importantly, how accurately can the K-NN algorithm classify the empon plants based on these 

extracted features? 

While the study presents a novel approach in the classification of empon plants, it is not without limitations. The 

primary focus on ginger and turmeric may limit the generalizability of the findings to other plant species. Additionally, 

the effectiveness of the K-NN algorithm may vary based on the chosen value of K and the dataset's diversity [6]–[8]. 

https://doi.org/10.56705/ijodas.%20v4i3.115


207  Indonesian Journal of Data and Science 

 

 

Despite these limitations, this research contributes significantly to the field of botanical classification and 

agricultural technology. By automating the classification process, this study not only aids in the efficient identification 

of empon plants but also sets a precedent for future research in the automated classification of other plant species. The 

findings of this study could pave the way for broader applications in agricultural research, horticulture, and the 

medicinal plant industry, where accurate and quick classification of plant species is paramount. 

2. Method: 

In the methodological framework of this study, we adopted a systematic approach to classify empon plants, focusing 

on ginger and turmeric, using digital image processing and machine learning techniques. This study employed an 

experimental design involving image processing and classification. The primary goal was to evaluate the effectiveness 

of Hu Moments [9] combined with the K-Nearest Neighbors (K-NN) [8], [10] algorithm in accurately classifying 

images of empon plants. This research is designed in five well-structured main stages, and their aspects are illustrated 

in Figure 1. 

 

  
 

Figure 1. General Research Design Stages 

Data Collection Process: Empon plants 
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Figure 2. Scatter Plot 

The dataset comprised leaf images of empon plants, specifically ginger and turmeric. Each image was labeled with 

its corresponding plant type, forming the basis for supervised learning. The dataset was divided into a training set and 

a test set, following the standard practice in machine learning for model validation. These images have been pre-

processed using Canny edge detection [11] for segmentation and Hu Moments for feature extraction.  

 
Figure 3. Splitting Dataset 10 % testing, 90% training 

 

Image Segmentation: Canny 

The Canny edge detection method is applied to highlight the boundaries within the brain images. This technique 

works by detecting areas of the image with rapid intensity changes. The Canny method involves several steps, 

including: 

• Gaussian filtering to remove noise. 

• Finding intensity gradients of the image. 

• Non-maximum suppression to get rid of spurious response to edge detection. 

• Double thresholding to determine potential edges. 

• Edge tracking by hysteresis. 
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The mathematical formulation for the gradient magnitude is given by [12]: 

𝑀(𝑥, 𝑦) =  √𝐺𝑥
2 + 𝐺𝑦

2  (1) 

The overall gradient magnitude for each pixel is then computed as Figure 4 and 5: 

 

Figure 4. Canny Detection Results for Jahe Class 

 

     

Figure 5. Canny Detection Results for Kunyit Class 

Feature Extraction: Hu Moments 

Hu Moments are invariant to image transformations and provide a robust feature set for pattern recognition. The seven 

Hu Moment invariants are calculated from the normalized central moments of the image. The 𝑛𝑡ℎ order central 

moment is defined as [13], [14]: 

𝜇𝑝𝑞 = ∑ (𝑥 − 𝑥̅)𝑝(𝑦 − 𝑦̅
𝑥,𝑦

)𝑞𝑓(𝑥, 𝑦) (2) 

Where 𝑓(𝑥, 𝑦) is the pixel intensity at (𝑥, 𝑦), and (𝑥̅, 𝑦̅) is the centroid of the image [15], [16]. 

The Hu moments are derived from these central moments as follows: 

𝐻1 = 𝜇20 + 𝜇02 

𝐻2 = (𝜇20 + 𝜇02)2 + 4𝜇11
2  

⋮ 
𝐻7 = 𝜇30𝜇12 − 𝜇21𝜇03 − 3𝜇12

2 𝜇03 + 3𝜇21
2 𝜇12 

(3) 

 

Classification Algorithm: K-NN 
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The KNN algorithm classifies an image based on how its features compare to the features of images in the training 

dataset [17], [18]. Given an input image, the algorithm calculates the Euclidean distance between the features of this 

image and every image in the training set. It then selects the 'K' training images that are closest to the input image and 

classifies based on the majority label among these 'K' images. 

The formula for Euclidean distance in a two-dimensional space is [19]: 

𝑑(𝑝, 𝑞) =  √(𝑝1 − 𝑞1)2 + (𝑝2 − 𝑞2)2 (4) 

K-fold Cross-validation:  

The model's performance was evaluated using 5-fold cross-validation and metrics such as accuracy, precision, recall, 

and F1-score. This comprehensive methodological approach ensures a thorough evaluation of the proposed 

classification system. This process ensures that each sample is used for validation exactly once. The method's 

formulaic representation is [19]. 

CV(𝐾) =
1

𝐾
∑ Error𝑖

𝐾

𝑖=1

 (5) 

 

Performance Comparison Analysis 

Post-validation, the model's performance was assessed using metrics such as accuracy, precision, recall, and F-

measure [5], [20]. Their respective formulae are [21]. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
(𝑇𝑃 + 𝑇𝑁)

(𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁)
 

 

𝑃𝑒𝑟𝑖𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑃)
 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑁)
 

 

𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 =  
2(𝑝𝑟𝑒𝑠𝑖𝑠𝑖 × 𝑟𝑒𝑐𝑎𝑙𝑙)

(𝑝𝑟𝑒𝑠𝑖𝑠𝑖 + 𝑟𝑒𝑐𝑎𝑙𝑙)
 

(6) 

The above formulas explain: 

True Positive (TP): The number of cases correctly predicted as positive by the model. 

True Negative (TN): The number of cases correctly predicted as negative by the model. 

False Positive (FP): The number of cases incorrectly predicted as positive by the model. 

False Negative (FN): The number of cases incorrectly predicted as negative by the model. 

These metrics provided a comprehensive understanding of the model's performance, highlighting its strengths and 

areas of improvement. 

 

3. Results and Discussion 

Results 

The results of our research, "Automated Classification of Empon Plants: A Comparative Study Using Hu Moments 

and K-NN Algorithm," demonstrate the performance of the K-NN classifier across different metrics. Utilizing a 5-

fold cross-validation approach, we observed variations in accuracy, precision, recall, and F1-score across each fold. 

The accuracy ranged from a low of 51.33% to a high of 65.33%, precision varied similarly, and the recall and F1-

scores followed a comparable pattern. 

A detailed table was constructed to encapsulate these metrics, presenting a clear picture of the model's performance 

across each fold. The data suggested a certain level of variability in the model's ability to classify empon plants 
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accurately. The detailed results are presented in Table 1 and visualized in Figure 7 for a clearer understanding and 

comparison of the metrics across different iterations. 

Table 1. Performance Metrics Across 5-Fold Cross-Validation for the Nu-SVM 

K-n 
Performa 

Accuracy Precision Recall F-Measure 

K-1 57% 57% 57% 56% 

K-2 63% 63% 63% 63% 

K-3 51% 52% 51% 51% 

K-4 59% 59% 59% 59% 

K-5 65% 66% 65% 65% 

∑ 𝑨𝒗𝒈 59% 59% 59% 59% 

 

Figure 6. Visualisation Performance Metrics Across 5-Fold Cross-Validation for the Decision Tree 

A tabular representation of these results offers a clear visualization, allowing for an immediate grasp of the model's 

performance nuances across different folds. Such a tabular format is crucial for understanding the specific areas where 

the model excels and where improvement is needed. 

 

Figure 7. Boxplot Performance Metrics Across 5-Fold Cross-Validation for the Decision Tree 

The boxplot provided in Figure 7 offers a visual representation of the performance metrics derived from our 

research on the automated classification of empon plants using the K-Nearest Neighbors algorithm and Hu Moments 

for feature extraction. This graphical summary showcases the distribution of accuracy, precision, recall, and F1-score 
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across the 5-fold cross-validation process. The orange line within each box represents the median of the data, while 

the box itself delineates the interquartile range (IQR), reflecting the middle 50% of scores for each performance metric. 

The 'whiskers' extend to the minimum and maximum values within 1.5 times the IQR from the lower and upper 

quartile, respectively, providing insight into the variability and consistency of our model's performance. 

Discussion 

The interpretation of these results indicates that while the K-NN algorithm, combined with Hu Moments for feature 

extraction, holds promise for the classification of empon plants, there are noticeable fluctuations in performance 

metrics across different folds. This variability might be attributed to the dataset's characteristics or the choice of 

features extracted for classification. A significant finding of our study is the relatively high performance in certain 

folds (e.g., Fold 5), which suggests that under specific conditions, the model can achieve a high level of accuracy. 

However, the variability across folds points to a need for further refinement. When compared to previous research, 

our approach of using Hu Moments for feature extraction in plant classification is relatively novel. Most existing 

studies focus on more conventional methods, suggesting that our research could contribute a new perspective to the 

field. 

The practical implications of our findings are significant for the field of agricultural technology, particularly in the 

automated classification of plants. This technology could be beneficial for large-scale agricultural operations and 

botanical studies where quick and accurate plant classification is essential. However, the research is not without 

limitations. The variability in the model's performance across different folds indicates that the model may not be 

entirely robust. Additionally, the study focused only on two types of empon plants, which limits the generalizability 

of the findings. 

For future research, we recommend exploring additional feature extraction methods and alternative machine 

learning algorithms to enhance the model's accuracy and consistency. Investigating a more diverse set of empon plants 

could also provide insights into the model's applicability to a broader range of species. Additionally, integrating other 

forms of data, such as climatic and soil conditions, might improve the classification accuracy and robustness. 

4. Conclusion 

The study "Automated Classification of Empon Plants: A Comparative Study Using Hu Moments and K-NN 

Algorithm" aimed to address the challenge of classifying empon plants, specifically ginger and turmeric, using image 

processing and machine learning techniques. The results revealed varying degrees of success in the model's 

performance, as indicated by the metrics of accuracy, precision, recall, and F1-score across different folds of cross-

validation. The highest accuracy achieved was 65.33%, highlighting potential in the chosen methodology, but also 

variability that suggests the need for further refinement. This research has contributed to the field by exploring the 

application of Hu Moments for feature extraction in plant classification, an approach less common in existing 

literature, and by examining the efficacy of the K-NN algorithm in this context. 

Our findings lead to several recommendations for future research and practice. Considering the variability in the 

model's performance, future studies could explore a combination of different feature extraction techniques and 

machine learning algorithms to enhance accuracy and reliability. Expanding the research to include a broader range 

of plant species could also test the model's applicability and robustness in different scenarios. Furthermore, integrating 

additional data types, like environmental factors, might provide a more comprehensive understanding of plant 

classification. In practical terms, these advancements could significantly aid in large-scale agricultural operations and 

botanical research, where efficient and accurate plant classification is crucial. 
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