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Abstract: 

This study explores the classification of Daisy and Dandelion flowers using a Gaussian Naive Bayes classifier, enhanced 

by Sobel segmentation and Hu moment feature extraction. The research adopted a quantitative approach, utilizing a 
balanced dataset of Daisy and Dandelion images. The Sobel operator was employed for image segmentation, accentuating 

the floral features crucial for classification. Hu moments, known for their invariance to image transformations, were 

extracted as features. The Gaussian Naive Bayes algorithm was then applied, with its performance evaluated through a 5-

fold cross-validation process. The results exhibited moderate accuracy, with the highest recorded at 60%, and precision 
peaking at 62.60%. These findings indicate a reasonable level of effectiveness in distinguishing between the two species, 

though variations in performance metrics suggested room for improvement. The study contributes to the field of botanical 

image classification by demonstrating the potential of integrating image processing techniques with machine learning for 

flower classification. However, it also highlights the limitations of the Gaussian Naive Bayes approach in handling complex 
image data. Future research directions include exploring more advanced machine learning algorithms and expanding the 

feature set to enhance classification accuracy. The practical implications of this research extend to ecological monitoring 

and agricultural studies, where efficient and accurate plant classification is vital. 

Keywords: Gaussian Naive Bayes, Sobel Segmentation, Hu Moments, Flower Classification, Machine Learning. 
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1. Introduction 

The realm of image classification has seen considerable advancements in recent years, largely driven by the 

proliferation of machine learning techniques. In the context of botanical research, accurate classification of flower 

species from images remains a challenging yet crucial task. This study delves into this domain, specifically focusing 

on the classification of Daisy and Dandelion species, which are commonly found but often confused due to their visual 

similarities. The complexity of distinguishing these species through visual inspection necessitates a reliable automated 

classification system, a gap this research aims to address. 

The primary problem this study seeks to solve is the accurate classification of Daisy and Dandelion flowers using 

digital image processing and machine learning techniques. Traditional methods often rely on human expertise and are 

prone to errors due to the subjective nature of visual interpretation. This research, therefore, aims to develop an 

automated classification model that can effectively differentiate between these two-flower species with high accuracy. 

The objective is to integrate image segmentation using the Sobel method with feature extraction through Hu moments 

[1], followed by the application of the Gaussian Naive Bayes [2] algorithm for classification. 
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In framing the research, the questions posed are centered around the effectiveness of the proposed method: Can 

the combination of Sobel segmentation [3] and Hu moment feature extraction [4], followed by Gaussian Naive Bayes 

classification, enhance the accuracy and reliability of flower species classification? Furthermore, the study 

hypothesizes that this integrated approach will yield higher classification accuracy compared to traditional methods 

or using these techniques in isolation. 

The scope of this research is confined to the classification of Daisy and Dandelion flowers. The study uses a 

predefined dataset of flower images that have been pre-processed and segmented. While the methodology could 

potentially be applied to other species, the current research focuses exclusively on these two types of flowers due to 

their prevalence and the challenges associated with their classification. 

However, it's important to acknowledge the limitations of this study. The reliance on a specific dataset and the 

choice of machine learning algorithm may influence the generalizability of the findings. Moreover, the performance 

of the Gaussian Naive Bayes [5] classifier, known for its assumption of feature independence, might be affected by 

the correlated nature of image data. 

Despite these limitations, this research makes significant contributions to the field of botanical image 

classification. By employing a combination of image segmentation, feature extraction, and machine learning 

classification, this study proposes a novel approach to flower classification. The findings have the potential to not only 

enhance the accuracy of botanical studies but also pave the way for further research into the application of machine 

learning techniques in the field of botany and beyond. 

In summary, this research sets out to bridge the gap in automated flower classification, presenting an innovative 

methodology that could revolutionize the way botanical studies are conducted and contribute to the broader field of 

image classification within machine learning. 

Method: 

The study adopts a quantitative research design, focusing on the application and evaluation of machine learning 

algorithms for image classification. This design involves the systematic collection, analysis, and interpretation of data 

obtained from Daisy and Dandelion flower images. The primary aim is to assess the effectiveness of the Sobel 

segmentation, Hu moment feature extraction, and Gaussian Naive Bayes classification in differentiating between these 

two-flower species. Our research is designed in five well-structured main stages, and their aspects are illustrated in 

Figure 1. 

 

  
 

Figure 1. General Research Design Stages 
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Exploratory Data Analysis  

Firstly, the initial step in this research is to conduct exploratory data analysis. At this stage, wate quality and 

potability data will be analyzed descriptively to understand the characteristics, distributions, and relationships between 

variables in the dataset. Exploratory Data Analysis (EDA) aims to gain initial insights into the data before further steps 

are taken. Table 1 shows general information on the dataset used in this study. 

Table 1. Dataset Information 

Dataset Number of cases Number of attributes Attribute characteristics Missing values 

Flowers 

Datasets 

(dandelion 

& daisy) 

1275 8 Numeric No 

 

Sample or Data Selection: 

  
Figure 2. Scatter Plot 

The dataset comprises digital images of Daisy and Dandelion flowers. Each class in the dataset is represented 

equally to avoid bias. The images were sourced to ensure a diverse representation in terms of size, orientation, and 

lighting conditions. This diversity is crucial for testing the robustness and generalizability of the classification model. 

 
Figure 3. Splitting Dataset 10 % testing, 90% training 
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Tools and Technology Used 

The study utilized Python programming language due to its extensive libraries and tools for machine learning and 

image processing. Key libraries used include OpenCV for image processing, Scikit-learn for implementing the 

Gaussian Naive Bayes algorithm, and Matplotlib for data visualization. 

 

Data Collection Process 

The images were pre-processed to normalize their size and colour variations. Each image underwent segmentation 

using the Sobel operator [6]–[8], defined as. 

𝐺𝑥 = [
−1 0 +1
−2 0 +2
−1 0 +1

] × 𝐴, 𝐺𝑦 = [
−1 −2 −1
0 0 0

+1 +2 +1
] × 𝐴 (1) 

Where 𝐴 is the image matrix, 𝐺𝑥 and 𝐺𝑦 are the horizontal and vertical gradients, respectively. The overall gradient 

magnitude for each pixel is then computed as [3], [9], [10]: 

𝐺 = √𝐺𝑥
2 + 𝐺𝑦

2 (2) 

 

 

Figure 4. Sobel Detection Results for Daisy Class 

 

 

Figure 5. Sobel Detection Results for Dandelion Class 
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Data Analysis Methods 

Feature extraction involved computing Hu moments from the segmented images. Hu moments are a set of seven 

numbers calculated using central moments that are invariant to image transformations. The 𝑛𝑡ℎ order central moment 

is defined as: 

𝜇𝑝𝑞 = ∑ (𝑥 − 𝑥̅)𝑝(𝑦 − 𝑦̅
𝑥,𝑦

)𝑞𝑓(𝑥, 𝑦) (3) 

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

The Hu moments are derived from these central moments as follows [11]–[13]: 

𝐻1 = 𝜇20 + 𝜇02 

𝐻2 = (𝜇20 + 𝜇02)2 + 4𝜇11
2  

⋮ 
𝐻7 = 𝜇30𝜇12 − 𝜇21𝜇03 − 3𝜇12

2 𝜇03 + 3𝜇21
2 𝜇12 

(4) 

These moments were then used as features for the Gaussian Naive Bayes [14]–[16] classifier, which assumes that 

the features follow a Gaussian distribution. The classifier's probability model for a class 𝐶𝑘 given a feature vector 𝑥 

is: 

𝑃(𝐶𝑘|𝑥) =
𝑃(𝑥|𝐶𝑘)𝑃(𝐶𝑘)

𝑃(𝑥)
 (5) 

Where 𝑃(𝑥|𝐶𝑘) is computed using the Gaussian probability density function for each feature. 

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 [16], [17]. 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 [18], [19]. 

CV(𝐾) =
1

𝐾
∑ Error𝑖

𝐾

𝑖=1

 (6) 

 

Performance Comparison Analysis 

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

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

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
(𝑇𝑃 + 𝑇𝑁)

(𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁)
 

 

𝑃𝑒𝑟𝑖𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑃)
 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑁)
 

 

𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 =  
2(𝑝𝑟𝑒𝑠𝑖𝑠𝑖 × 𝑟𝑒𝑐𝑎𝑙𝑙)

(𝑝𝑟𝑒𝑠𝑖𝑠𝑖 + 𝑟𝑒𝑐𝑎𝑙𝑙)
 

(7) 

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

areas of improvement. 

 

3. Results and Discussion 

The results of the study, focused on the classification of Daisy and Dandelion flowers using Gaussian Naive Bayes 

with Sobel segmentation, are presented through a 5-fold cross-validation process. The performance metrics across the 

five iterations showcased variations, offering a comprehensive insight into the model's capabilities. 

Visualization of the Results 

The detailed results are presented in Table 2 and visualized in Figure 6 for a clearer understanding and comparison 

of the metrics across different iterations. 

Table 2. Performance Metrics Across 5-Fold Cross-Validation for the Decision Tree 

K-n 
Performa 

Accuracy Precision Recall F-Measure 

K-1 57% 50% 57% 46% 

K-2 58% 53% 58% 46% 

K-3 59% 59% 59% 45% 

K-4 57% 49% 57% 45% 

K-5 60% 63% 60% 48% 

∑ 𝑨𝒗𝒈 58% 55% 58% 46% 

 

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

The accuracy scores ranged from 56.86% to 60%, precision from 49.57% to 62.60%, recall remained consistent 

with the accuracy scores, and the F1-Scores varied between 45.96% and 48.01%. These results indicate a moderate 

level of effectiveness in the model's ability to classify the two flower types. A table format is used to succinctly present 

these findings, offering a clear view of the performance across different folds.  

 

Figure 7. Boxplot Performance Metrics Across 5-Fold Cross-Validation for the Decision Tree 
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The boxplot presented in Figure 7 illustrates the distribution of performance metrics—accuracy, precision, recall, 

and F1-score—obtained from the Gaussian Naive Bayes classifier applied to the classification of Daisy and Dandelion 

flowers. Each boxplot encapsulates the variation and central tendency of the scores across the 5-fold cross-validation 

process used in the study. 

Discussion 

The interpretation of these results suggests that while the Gaussian Naive Bayes classifier is capable of 

distinguishing between Daisy and Dandelion flowers to a certain extent, there is variability in its performance across 

different subsets of the dataset. The precision scores, although reaching as high as 62.60%, indicate that there is still 

a significant portion of misclassified instances, especially in the first and fourth folds. 

Comparing these findings with existing literature, it is apparent that while the use of Sobel segmentation and Hu 

moment features provides a foundational approach to classification, the Gaussian Naive Bayes algorithm might not 

fully capture the complexity of the data due to its assumption of feature independence. In contrast, other studies 

utilizing more complex models or ensemble techniques have reported higher accuracy in similar tasks. 

The practical implications of these results lie in their application to botanical studies and automated classification 

systems in ecology and agriculture. The moderate success of this model indicates potential for preliminary 

classification tasks, where high precision is not paramount. However, the limitations of this research are noteworthy. 

The variability in performance metrics across folds suggests a need for a more robust model or an improved feature 

extraction process. Additionally, the study's reliance on a specific dataset and a single classification algorithm may 

affect the generalizability of the results. 

For future research, it is recommended to explore alternative machine learning algorithms, such as Support Vector 

Machines or Ensemble methods, which might better handle the complexities of image data. Further, experimenting 

with different feature extraction techniques or incorporating deep learning approaches could potentially enhance the 

accuracy and reliability of the classification system. 

4. Conclusion 

The study on the classification of Daisy and Dandelion flowers using Gaussian Naive Bayes, complemented by 

Sobel segmentation and Hu moment feature extraction, has yielded insightful results. The 5-fold cross-validation 

process revealed moderate levels of accuracy, precision, recall, and F1-score, with the highest accuracy and precision 

reaching 60% and 62.60%, respectively. These results suggest that while the proposed methodology can differentiate 

between the two-flower species, its effectiveness is subject to certain limitations. The analysis also showed that the 

Gaussian Naive Bayes model, despite its simplicity and efficiency, might not fully capture the intricate patterns present 

in the floral images, leading to variability in classification performance. This aligns with the initial hypothesis that 

integrating Sobel segmentation and Hu moment feature extraction could improve classification, but it also highlights 

the limitations of relying solely on Gaussian Naive Bayes for complex image data. 

The study contributes to the field of automated botanical classification by exploring a novel combination of image 

processing and machine learning techniques. It underscores the potential of machine learning in ecological and 

botanical research, offering a foundation for further exploration in this area. In light of these findings, future research 

should consider investigating more sophisticated machine learning algorithms, such as deep learning models, which 

have shown promising results in image classification tasks. Additionally, expanding the dataset and incorporating a 

more diverse range of features could enhance the model's accuracy and generalizability. The practical application of 

these findings could significantly benefit areas such as ecological monitoring and agricultural analysis, where rapid 

and accurate plant classification is crucial. 
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