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Abstract. Mango ripeness classification plays a vital role in the post-

harvest process to ensure optimal quality during storage and distribution. 

This study proposes a lightweight and interpretable classification method 

based on Hu Moment shape descriptors extracted from mango skin images. 

These features were evaluated using three variants of the Decision Tree 

(DT) algorithm: Fine, Medium, and Coarse. The dataset was split into 90% 

training and 10% testing, and performance was assessed using standard 

metrics including accuracy, precision, recall, specificity, F-score, and 

training time. The results show that the Fine DT model achieved the best 

performance with a testing accuracy of 86.941% and the shortest training 

time of 4.0016 seconds, outperforming the Medium and Coarse DT 

variants in terms of efficiency. The findings demonstrate that Hu Moment 

features, despite their simplicity, are effective in representing mango shape 

for ripeness classification. This approach offers a promising solution for 

non-destructive fruit evaluation, particularly in embedded or real-time 

applications. 

1 Introduction 

Mango (Mangifera indica) is the fruit of the mango tree, which belongs to the 

Anacardiaceae family [1]. Native to South Asia, particularly India, mango trees have spread 

widely across tropical regions worldwide [2]. Mangoes exhibit a wide range of varieties, 

differing in skin color, shape, size, texture, and taste. Automatic fruit ripeness detection 

plays a vital role in modern agricultural practices, especially in ensuring product quality, 

determining optimal harvest time, minimizing post-harvest losses, and delivering fruit to 
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consumers in optimal condition [3]. Manual methods that rely on human visual inspection 

are subjective, inconsistent, and time-consuming [4].  

Therefore, technology-based approaches such as digital image processing and artificial 

intelligence are increasingly being developed to classify fruit ripeness levels in a faster, 

more accurate, and objective manner [5]. These automated classification systems can assist 

farmers, distributors, and industry stakeholders in determining optimal harvest timing and 

market segmentation based on fruit maturity, thereby increasing market value and reducing 

waste [6]. 

In recent years, there has been growing interest in applying data modeling techniques to 

support more effective decision-making in agriculture and food processing [7]. One 

promising technique is the decision tree algorithm, which has proven effective for 

classification and prediction tasks across various domains [8]. The use of decision trees in 

fruit ripeness detection offers the potential for a more objective, automated, and efficient 

solution [9]. By utilizing observable physical attributes such as skin color, texture, and size, 

a decision tree model can be developed to classify fruit ripeness levels with high accuracy 

[10]. This can enhance the efficiency and accuracy of mango processing and distribution, as 

well as support better decision-making in orchard management. 

Several studies have addressed mango ripeness classification using image-based 

features, particularly color and texture. Techniques such as RGB and HSV color 

histograms, as well as texture descriptors like GLCM and LBP [11], have been widely 

adopted in combination with machine learning models such as Support Vector Machines 

(SVM) and Neural Networks, often achieving high classification accuracy [12–13]. 

Meanwhile, shape descriptors such as Hu Moments have shown promise in fruit 

classification and grading, but their use in ripeness detection particularly for mangoes, 

remains limited. Additionally, while Decision Tree (DT) classifiers are known for their 

simplicity and interpretability, prior studies have not explored the integration of shape-

based descriptors like Hu Moments with specific DT variants for mango ripeness 

classification. 

To the best of our knowledge, there has been no prior study that combines Hu Moment 

shape descriptors with Decision Tree (DT) classifiers, specifically Fine, Medium, and 

Coarse variants for the classification of mango ripeness levels [14]. This study introduces a 

lightweight and interpretable approach by utilizing Hu Moment features extracted from 

mango skin images and evaluating their classification performance using different DT 

configurations. The novelty lies in the integration of shape-based moment features with 

interpretable machine learning models, providing an efficient solution for non-destructive 

mango ripeness classification. 

2 Methodology 

The research method employed in this study is illustrated in the following flowchart to 

present the steps undertaken throughout the research process.  
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Fig. 1. Flowchart Research. 

2.1 Data Aqcuisition 

This study utilizes mango fruit images acquired by capturing photographs using a 

smartphone camera. The dataset comprises 54 images of ripe mangoes, 31 images of unripe 

mangoes, and 13 images of half-ripe mangoes.  

2.2 Pre-Processing 

The preprocessing stage involved several steps to standardize and improve the quality of 

the input images prior to feature extraction. Initially, the original RGB images were 

converted to grayscale to reduce computational complexity. Each image was then resized to 

a fixed resolution of 600 × 600 pixels to ensure consistency across the dataset. To enhance 

image contrast, adaptive histogram equalization (adapthisteq) was applied, which improves 

local contrast and emphasizes important structural details in the image. Furthermore, data 

augmentation was performed by applying vertical and horizontal flipping to each image. As 

a result, the dataset was expanded to a total of 294 images across all categories. 

2.3 Feature Extraction 

In this study, two different shape-based feature extraction techniques were applied 

separately: Hu Moment Invariants and Zernike Moment Invariants. Both methods are 

widely used in image processing for their robustness to geometric transformations, but they 

capture shape information in different ways. Hu Moments extract seven invariant features 
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that are resistant to image translation, scaling, and rotation. They are computationally 

efficient and represent global shape characteristics. also,e features offer finer detail and are 

also invariant to rotation and less sensitive to noise. Each method was used independently 

to extract features from the preprocessed mango images. The extracted features were then 

classified using the Decision Tree (DT) algorithm with three model variations: FineDT, 

MediumDT, and CoarseDT. The goal was to evaluate and compare the classification 

performance of each feature extraction technique to determine which method yields the 

most accurate results in detecting mango ripeness levels.  

2.4 Classification and Evaluation Metrics 

The classification task in this study aimed to categorize mango images into three ripeness 

levels: ripe, half-ripe, and unripe. To achieve this, three variations of the Decision Tree 

(DT) algorithm were implemented: Fine Decision Tree (FineDT), Medium Decision Tree 

(MediumDT), and Coarse Decision Tree (CoarseDT). These variants differ in terms of tree 

depth and splitting granularity, which affect the model's complexity and generalization 

capability. Each DT model was applied independently to the features extracted using Hu 

Moments shape-based methods. The goal was to evaluate and compare the effectiveness of 

each feature extraction method combined with different DT configurations in classifying 

mango ripeness levels. To thoroughly assess the classification performance, the following 

evaluation metrics were used: 

• Accuracy: The ratio of correctly classified instances to the total number of 

instances. 

• Precision: The proportion of correctly predicted positive observations to all 

predicted positives, calculated per class. 

• Recall (Sensitivity): The proportion of correctly predicted positive observations 

to all actual positives for each class. 

• Specificity: The proportion of correctly predicted negative observations to all 

actual negatives, indicating the model’s ability to detect true negatives. 

• F1-Score: The harmonic meaning of precision and recall, useful in evaluating 

class-wise performance, especially with imbalanced datasets. 

• Confusion Matrix: A table summarizing correct and incorrect predictions for 

each of the three classes. 

• ROC Curve and AUC (Area Under the Curve): Used to analyze the model’s 

ability to distinguish between classes in a multi-class setting. 

 

By evaluating the results across all metrics, the best-performing combination of feature 

extraction method and DT model was identified for mango ripeness classification. This 

approach supports the development of an accurate, efficient, and interpretable system for 

fruit ripeness detection using image-based analysis.  

3 Results and Discussion 

This section presents and discusses the results obtained from each stage of the proposed 

mango ripeness classification system, including preprocessing, feature extraction, and 

classification. The performance of the system was evaluated using Hu Moments feature 

extraction techniques and three variations of the Decision Tree classifier: FineDT, 

MediumDT, and CoarseDT. Each combination was assessed based on accuracy, precision, 

recall, specificity, F1-score, confusion matrix, and ROC analysis. The goal of this 

evaluation is to identify the most effective method for classifying mangoes into three 
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ripeness categories: ripe, half-ripe, and unripe. The following subsections detail the 

experimental outcomes and provide interpretations of the observed patterns and 

performance trends. 

3.1 Pre-Processing 

In this stage, a series of image preprocessing techniques were applied to prepare the data 

for feature extraction. The original RGB images were first converted to grayscale to reduce 

computational complexity, followed by contrast enhancement using adaptive histogram 

equalization (adapthisteq). To improve model robustness, image augmentation was also 

performed through vertical and horizontal flipping. The results of each preprocessing step 

are illustrated below. 

Class Original Grayscale Adapthisteq 

Ripe 

 
  

Unripe 

   

Half-ripe 

   

Fig. 2. Example of Original vs. Grayscale vs. Enhanced Images. 

 

Figure X illustrates the visual transformation of mango images through grayscale 

conversion and contrast enhancement using adaptive histogram equalization (adapthisteq). 

Grayscale conversion preserves key structural features while reducing color complexity. 

The application of adaptive histogram equalization (adapthisteq) enhances local contrast, 

making surface textures and blemishes more visible, particularly in ripe and unripe 

samples. This improvement supports better feature extraction by highlighting important 

shape details essential for classification. 
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(a) 

 

 
(b) 

Fig. 3. Examples of vertically flipped mango images. 

 
 

  
(a) 

 

 
(b) 

Fig. 4. Examples of horizontally flipped mango images. 

3.2 Feature Extraction 

This subsection presents the results of feature extraction using Hu Moment Invariants. Each 

preprocessed mango image was processed to generate seven numerical features that 

represent the global shape characteristics of the fruit. These features serve as the input for 

the classification stage and are expected to contribute significantly to distinguishing 

between the three ripeness categories. The 7 features are shown in Table 1, and the 

comparison visualization is shown in Figure 5. 

Table 1. Feature Extraction Result. 

Feature 
Class 

Ripe Unripe Half-ripe 

1 
0.001316116 

±6.94463E-05 

0.001288951 

±3.11708E-05 

 

0.001311038 

±2.16954E-05 

 

2 

7.64E-08 

±7.24E-08 

 

1.85E-08 

±2.39E-08 

 

4.51E-08 

±4.03E-08 

 

3 

2E-11 

±1.64E-11 

 

6.21E-12 

±4.64E-12 

 

3.2E-11 

±1.35E-11 

 

4 
4.18E-07 

±4.66E-08 

3.95E-07 

±8.15E-08 

4.25E-07 

±4.94E-08 
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Feature 
Class 

Ripe Unripe Half-ripe 

   

5 

-6.3E-24 

±6.28E-23 

 

-4.9E-24 

±2.2E-23 

 

1.21E-24 

±9.4E-24 

 

6 

-6.6E-17 

±8.92E-16 

 

-5.7E-17 

±1.93E-16 

 

5.86E-17 

±2.14E-16 

 

7 

1.66E-23 

±1.65E-22 

 

-5.6E-25 

±2E-23 

 

 

7.12E-24 

±2.55E-23 

 

 

 

Fig. 5. Comparison of Hu Moments Results. 

 

Based on Figure 5, it can be interpreted that the patterns are more stable and capable of 

distinguishing between classes, as shown in Hu Moments 1 to 4, where Hu Moments 2 and 

3 appear to be fairly discriminative and variable across classes. Hu Moments 5 to 7 show 

relatively small values and appear less stable. 

3.3 Classification and Evaluation Metrics 

The classification performance for mango ripeness detection was evaluated using three 

variants of the Decision Tree algorithm: Fine, Medium, and Coarse, with a data split of 

90% for training and 10% for testing. The evaluation metrics included accuracy, precision, 

recall, specificity, and F-score. In addition, training time was recorded to assess the 

computational efficiency of each model. These metrics provide a comprehensive overview 

of the classification performance, especially in balancing true positive detection and false 

positive avoidance. The classification results of each Decision Tree variant are summarized 

in Table 2. 
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Table 2. Classification Result. 

 

 

Based on table x, Fine DT requires the shortest training time (4.0016 seconds), followed 

by Medium DT (4.4911 seconds). On the other hand, Coarse DT has the longest training 

time (20.514 seconds), indicating higher model complexity that is not offset by 

significantly better testing performance. Overall, the Fine DT model offers the best balance 

between training time, classification accuracy, and F-score, making it a good choice for 

mango ripeness classification based on shape descriptors. A slight drop in testing accuracy 

compared to training accuracy is observed, which is expected due to the model being 

evaluated on unseen data. This gap remains within a reasonable range, indicating that the 

model generalizes well without significant overfitting. 

4 Conclusion 

This study demonstrated the potential of Hu Moment shape features in classifying mango 

ripeness using Decision Tree classifiers. Among the three variants tested—Fine, Medium, 

and Coarse—the Fine Decision Tree achieved the best balance of accuracy (86.941%) and 

training time. Despite comparable accuracy, Coarse DT required significantly longer 

computation. Overall, the results show that Hu Moments can effectively represent shape 

information for ripeness classification using lightweight and interpretable models. 

However, relying solely on shape features may limit robustness, suggesting future 

integration with color and texture descriptors. 
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