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Abstract 
 
 Digital technology has become increasingly integrated into the agricultural sector, with Computer 

Vision emerging as one of the most prominent artificial intelligence technologies that utilizes visual data 
to learn, analyze, and recognize objects automatically. The identification of oil palm fruit ripeness 
represents a form of collaboration between technology and agriculture. Accurate classification of oil palm 
fruit ripeness plays a crucial role in improving harvesting efficiency, maximizing oil yield, and maintaining 
the quality of crude palm oil. Conventional visual inspection performed by human operators is often 
subjective and inconsistent, leading to classification errors that may reduce production quality and 
economic value. Although previous studies have applied various machine learning algorithms for oil palm 
fruit classification, most have focused on a single feature type or individual classification algorithm, making 
it difficult to determine the most effective combination of features and classifier. To address this gap, this 
study presents a comparative analysis of two widely used classification algorithms, K-Nearest Neighbor 
(KNN) and Naïve Bayes, using color, texture, shape, and combined feature sets to identify the optimal 
approach for oil palm fruit ripeness classification. The dataset consists of images of unripe, ripe, and rotten 
oil palm fruits, comprising 600 training images and 150 testing images. Color features include mean RGB, 
RGB standard deviation, RGB skewness, and RGB entropy. Texture features consist of grayscale mean, 
grayscale standard deviation, contrast, correlation, energy, and homogeneity, while shape features include 
area, perimeter, metric, major axis, minor axis, and eccentricity. The novelty of this research lies in the 
comprehensive evaluation of multiple feature groups across different classification algorithms to determine 
the most discriminative feature–algorithm combination for oil palm ripeness assessment. Experimental 
results demonstrate that the KNN algorithm with k = 3 consistently outperforms Naïve Bayes, achieving 
accuracies of 91.3% using color features, 89.3% using texture features, 83.3% using shape features, and 
98.0% when all features are combined. In comparison, Naïve Bayes achieves accuracies of 65.0%, 68.0%, 
42.0%, and 77.0% for the respective feature sets. These findings indicate that combining color, texture, and 
shape features with the KNN classifier provides the most effective solution for automated oil palm fruit 
ripeness classification and can support the development of intelligent harvesting and quality control 
systems. 
Keywords: Feature extraction, Intelligent Multi-feature learning, KNN, Naïve Bayes, Oil palm fruit 
 
1. Introduction 

 Recent technological advancements in agriculture have accelerated the adoption of computer vision 
techniques[1], enabling the development of intelligent systems for automated classification and decision-
making[2]. Although numerous studies have investigated oil palm fruit ripeness classification using 
machine learning and computer vision techniques, several research gaps remain[3]. First, most previous 
studies have focused on evaluating a single classification algorithm or a single type of image feature, such 
as color or texture, making it difficult to determine which algorithm–feature combination provides the most 
reliable performance[4]. Second, comparative studies between K-Nearest Neighbor (KNN) and Naïve 
Bayes under identical experimental conditions are still limited, particularly when multiple feature groups, 
including color, texture, and shape, are evaluated simultaneously[5]. Consequently, the relative 
effectiveness of these classifiers for multiclass oil palm fruit ripeness classification has not been 
comprehensively established[6]. Furthermore, many existing studies primarily report overall classification 



 
 
 

 

accuracy while providing limited analysis of the contribution of individual and combined feature sets to 
classification performance[7]. This limitation leaves an unanswered question regarding whether integrating 
multiple visual features can consistently improve classification accuracy compared with using a single 
feature type[8]. Therefore, a comprehensive comparative evaluation is necessary to identify the most 
effective combination of image features and classification algorithms for oil palm fruit ripeness assessment.  

The application of algorithms in the classification process also requires support from relevant 
features for recognition[9]. These features include color, texture, and shape. Images are processed to extract 
feature characteristics, and the resulting feature values are then used as elements to support the 
implementation of oil palm fruit ripeness recognition using the K-Nearest Neighbor (KNN) and Naïve 
Bayes algorithms[10]. Each algorithm has different characteristics in the classification process. The KNN 
algorithm performs classification by calculating the distance to the nearest neighbors of each data point to 
be classified [11]. On the other hand, the Naïve Bayes algorithm performs classification based on 
probability theory, assuming that the features and attributes used are independent of one another. Oil palm 
has two species within its genus, namely Elaeis guineensis and Elaeis oleifera [12]. The most dominant 
type of oil palm in Indonesia is Elaeis oleifera. The process of harvesting oil palm fruit is carried out directly 
by harvesters. Oil palm fruit that yields high-quality Crude Palm Oil (CPO) is fruit that has reached an 
optimal level of ripeness. Crude Palm Oil is one of the products derived from oil palm fruit with high 
economic value [13]. Harvesters often make mistakes due to various factors, resulting in the harvesting of 
unripe or immature fruit. Some of the factors influencing these errors include weather conditions, lighting 
levels, fatigue, visibility, and other related factors [14]. Errors in harvesting occur frequently, leading to the 
collection of under-ripe or nearly ripe fruit, and in some cases, overripe fruit is missed and eventually left 
to rot. 

The Recent advances in computer vision and machine learning have significantly improved the 
automation of agricultural product quality assessment, including oil palm fruit ripeness classification. 
Numerous studies have investigated image-based classification methods using color, texture, and shape 
features combined with conventional machine learning algorithms or deep learning models [15]. Several 
previous studies have demonstrated that color features are effective for distinguishing oil palm fruit ripeness 
because the fruit surface undergoes noticeable color changes during maturation. However, methods relying 
solely on color information are highly sensitive to illumination variations, shadows, and camera settings, 
which may reduce classification accuracy under real-world conditions. Other researchers have incorporated 
texture features, such as Gray-Level Co-occurrence Matrix (GLCM) descriptors, to capture differences in 
fruit surface characteristics. Texture-based approaches generally improve robustness against color 
variations but may not adequately distinguish fruits with similar surface patterns at different ripeness stages. 

The objective of this study is to compare the K-Nearest Neighbor (KNN) and Naïve Bayes algorithms 
in classifying the ripeness level of oil palm fruit [16]. This research also evaluates the performance of each 
algorithm using color, shape, and texture features, as well as a combination of all features. To address this 
research gap, this study performs a systematic comparative evaluation of KNN and Naïve Bayes using four 
feature configurations: color, texture, shape, and a combination of all three feature groups [17]. The 
contribution of this research is the identification of the most effective feature–algorithm combination for 
multiclass oil palm fruit ripeness classification. The accuracy of the test results is used to determine the 
best-performing algorithm [18] for classifying the ripeness level of oil palm fruit. 

 
2. Research Methodology 

a. Data Collection 
The dataset used in this study was collected specifically for evaluating the performance of the K-

Nearest Neighbor (KNN) and Naïve Bayes algorithms in classifying the ripeness level of oil palm fruit. 
Images were acquired directly from oil palm plantations using a smartphone camera equipped with a sensor 
resolution (4:3)8.0 Megapixel camera. Each image was captured at a resolution of 1920 × 1080 pixels, 
ensuring sufficient visual detail for feature extraction. The dataset consists of images representing three 
ripeness categories: unripe, ripe, and rotten oil palm fruits. A total of 750 images were collected, including 
600 images for model training and 150 images for testing. The distribution of samples across the three 
classes was balanced, with 250 images per class, comprising 200 training images and 50 testing images for 
each category [19]. The color features consist of RGB mean, RGB standard deviation, RGB skewness, and 
RGB entropy. The texture features include grayscale mean, grayscale standard deviation, contrast, 
correlation, energy, and homogeneity[20]. Following data acquisition, image feature extraction was 



 
 
 

 

performed to obtain the characteristics used for classification. Three groups of features were extracted: 
color, texture, and shape. Color features included RGB mean, RGB standard deviation, RGB skewness, and 
RGB entropy. Texture features consisted of grayscale mean, grayscale standard deviation, contrast, 
correlation, energy, and homogeneity, while shape features included area, perimeter, metric, major axis, 
minor axis, and eccentricity. These extracted features were subsequently used as inputs for the KNN and 
Naïve Bayes classifiers to evaluate the influence of different feature combinations on classification 
performance. 

                                       Table 1. Distribution of samples across classes. 
Class Training 

Image  
Testing 
Image   

Total 
image  

Unripe 200  50 250 

Ripe 200  50 250 

Rotten 200  50 250 

Total 600  150  750  

 
The KNN algorithm performs classification by considering the similarity or proximity between data 

points [21]. In KNN, the closest data points are referred to as neighbors [22]. The following are the steps 
of the K-Nearest Neighbor (KNN) algorithm in performing classification: 

1. Determine the number of neighbors (k) to be used as a reference for class determination. 
2. Calculate the distance between the new data point and each data point in the dataset. 
4. Select the K data points with the smallest distances, then determine the class of the new data. 
5. Among these K neighbors, count the number of data points in each category. 
6. Assign the new data point to the category with the highest number of neighbors. 
The model is ready for use. 
The K-Nearest Neighbor (KNN) algorithm is a simple Machine Learning algorithm [23] that can be 

used to solve both classification and regression problems. 

d (x-xi)=!∑ (𝑥𝑗 − 𝑥𝑖𝑗)!
"#$

2 (2.1) 

                                                             
Description: 
𝑥₁ : sample data 
𝑥₂ : test data 
d : distance 
p : data dimension 
i : data variable index 
 
In general, the Euclidean distance formula applies to one-dimensional data, and the following 

formula is used when there is more than one variable. 
 
                      di = )∑ 𝑖!

%#& (𝑎' + 𝑏') +( y2i - y1i ) 2     (2.2) 
 
To complete this study, several stages were carried out, including data collection, data preprocessing, 

data processing implementation, and evaluation (Figure 1). 



 
 
 

 

 
Figur 1. Research Workflow 

b.  Research Stages 
The preprocessing stage is carried out to prepare the dataset for use. In this stage, the original images 

undergo background removal and are resized to a uniform dimension. The original RGB images are then 
converted into grayscale images, which are subsequently transformed into binary images [24], [25]. The 
feature comparison in this study is implemented using Matlab tools. The next step in this method is image 
feature extraction, which aims to obtain the relevant features. At this stage, color, texture, and shape features 
are collected. The color features include RGB mean, RGB standard deviation, RGB skewness, and RGB 
entropy. The texture features consist of grayscale mean, grayscale standard deviation, contrast, correlation, 
energy, and homogeneity. The shape features include area, perimeter, metric, major axis, minor axis, and 
eccentricity. 

After conducting testing and obtaining the accuracy results for each algorithm and feature 
implementation, an evaluation is carried out to determine the outcomes of the comparison between the K-
Nearest Neighbor (KNN) and Naïve Bayes algorithms. The models built from each algorithm produce 
accuracy values based on the testing stages. 

 
Figur 2. Image Classification Flowchart 
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c. Data Preprocessing 
The preprocessing stage is carried out to prepare the dataset for use. The steps include problem 

identification, research, literature review, result analysis, and drawing conclusions [26]. The original 
images then undergo background removal and are resized to a uniform size. The RGB images are converted 
into grayscale images, which are subsequently transformed into binary images [27].   

d. Feature Extraction 
Image feature extraction[28] is performed to obtain the features used in this study. This stage involves 

collecting color, texture, and shape features [29]. The color features include RGB mean, RGB standard 
deviation, RGB skewness, and RGB entropy. The texture features consist of grayscale mean, grayscale 
standard deviation, contrast, correlation, energy, and homogeneity [20][30]. The shape features include 
area, perimeter, metric, major axis, minor axis, and eccentricity. 

First-order feature extraction is based on the histogram characteristics of the image [31]. First-order 
features are generally used to distinguish macrostructure textures, which refer to locally repeated patterns 
with a periodic nature[32]. These features include mean, variance, skewness, kurtosis, and entropy. 
Meanwhile, second-order features are based on the probability of the relationship between pairs of pixels 
at a specific distance and angle orientation [33].  Second-order features are commonly used to distinguish 
microstructure textures, which refer to local patterns with less obvious repetition[34]. These features 
include second-order moments, contrast, correlation, variance, inverse difference moment, and entropy[35]. 

e. Evaluation 
The experiment concludes with an evaluation stage. After implementing each of the proposed 

algorithms, testing results are obtained. These results show the classification accuracy achieved by each 
algorithm. The accuracy is calculated using a confusion matrix. The performance of the algorithms is then 
evaluated to determine which one achieves the highest accuracy. The performance of the K-Nearest 
Neighbor (KNN) and Naïve Bayes classifiers was evaluated using accuracy, precision, recall, and F1-score 
for each ripeness class, as well as a confusion matrix. These metrics provide a comprehensive assessment 
of classifier performance in the multiclass classification task. The value obtained is : 

1. Precision 0,98 % 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛	 =

𝑇𝑟𝑢𝑒	𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
𝑇𝑟𝑢𝑒	𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝑓𝑎𝑙𝑠𝑒	𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 

                   = ()
()*$

 = 0,980 
2. Recall 0,96 % 

  𝑅𝑒𝑐𝑎𝑙𝑙			 = +,-.	012%3%4.
+,-.	512%3%4.*6782.	9.:73%4.

 

                   = ()
()*'

 = 0,960 
 

3. F1-Score 0,97 %   
           𝐹1 = 2𝑥 0,.;%2%1!	<	,.;788

0,.;%2%1!*,.;788
  = 2 &,>)&<&,>?&

&,>)&*&,>?&
 = 0,970 

 

 
Figure 4. Confusion Matriks KNN 

The figure presents a confusion matrix illustrating the performance of the K-Nearest Neighbor (KNN) 
classifier in classifying the ripeness levels of oil palm fruits into three classes: Unripe, Ripe, and Rotten.The 
results demonstrate excellent classification performance. Of the 50 actual unripe fruit samples, 48 were 



 
 
 

 

correctly classified as Unripe, while 2 were incorrectly classified as Ripe, and none were misclassified as 
Rotten. Similarly, among the 50 ripe fruit samples, 49 were correctly classified as Ripe, whereas only 1 
sample was incorrectly classified as Unripe. The classifier achieved perfect classification for the Rotten 
class, correctly identifying all 50 rotten fruit samples without any misclassification.Overall, the confusion 
matrix shows that 147 out of 150 testing samples were correctly classified, corresponding to an overall 
classification accuracy of 98.0% These results confirm that the KNN classifier (k = 3) 

 
 

Figure 4. Confusion Matriks Naïve Bayes Model Performance  
oil palm fruit classification 

 

 
 Figure 5. F1-score per Class Diagram  

 
3. Result and Discussion 

The classification of oil palm fruit ripeness is performed by selecting relevant features and comparing 
the K-Nearest Neighbor (KNN) and Naïve Bayes algorithms through a series of stages for image 
classification of oil palm fruit. This process begins with image preprocessing, followed by feature extraction 
from the training data and the development of a model based on the extracted patterns. The images used 
are captured directly using a camera. The image objects consist of oil palm fruit seeds collected directly 
from a palm fruit storage area. 

a. Image Preprocessing 
All images used in this study consist of unripe oil palm fruit (a), ripe oil palm fruit (b), and rotten oil 

palm fruit (c). 

 
(a)        (b) (c) 

Figure 6. Original Palm Oil Image 
 

 



 
 
 

 

 
(a)        (b) (c) 

Figure 7. Original Palm Oil Image 
Before performing feature extraction for classification, the images are first preprocessed. Color 

feature extraction is carried out using the original images in the Red, Green, and Blue (RGB) color space. 
The images are then converted into grayscale images for texture feature extraction. After obtaining the 
texture features, the images are further converted into binary (black-and-white) images to extract shape 
features. 

 

 
  (a) Image RGB                  (b) Image Grayscale                        (c) Image Biner 

       Figur 8. Images After Background Removal 
 

The features used in this research include color, texture, and shape features. The color features consist 
of RGB mean, RGB standard deviation, RGB skewness, and RGB entropy. The images used for color 
feature extraction, as shown in Figure (a), are RGB images. 

 
b. Feature Extraction 
At this stage of the research, feature extraction is carried out to classify the ripeness level of oil palm 

fruit by selecting relevant features and comparing the K-Nearest Neighbor (KNN), Support Vector Machine 
(SVM), and Naïve Bayes algorithms. The steps involved focus on implementing the algorithms for feature 
and algorithm comparison. The following table presents the images and color feature values used in this 
study. 

Table 3. Image and Color Featur Values 
Teks Praproses citra 

Citra 
 

Color feature 
 

Value 

1 

 

Average R                244.4234  

       (unripe ) Average G                240.3429  
  Average B               229.1418  
  Standar deviasi R      27.62461  
  Standar deviasi G      32.427  
  Standar deviasi B      49.69119  
  Skewness R               -3.98791  
  Skewness G               -5.75407  
  Skewness B               -2.7119  
  Entropy R                  0  
  Entropy G                 0  
  Entropy B                 0.00651 
    



 
 
 

 

2      

 

Average R               230.6969  

    (ripe) Average G                226.1345  
  Average B                224.385  
  Standar deviasi R      43.92652  
  Standar deviasi G      50.11445  
  Standar deviasi B      52.30312  
  Skewness R               -4.94015  
  Skewness G              -5.61407  
  Skewness B              -5.40754  
  Entropy R                  0.0000775  
  Entropy G                 0.005763  
  Entropy B                  0.006814  
  Average R               230.6969  
  Average G                226.1345  
  Average B               224.385  
    
3     

 

Average R                239.9649  

       (rotten) Average G               235.8278  
  Average B               233.1569  
  Standar deviasi R     31.52151  
  Standar deviasi G      39.41311  
  Standar deviasi B     44.21225  
  Skewness R               -2.79784  
  Skewness G               -4.40243  
  Skewness B             -2.45422  
  Entropy R           0  
  Entropy G          0  
  Entropy B                  0.001366  
  Average R                239.9649  
  Average G               235.8278  
  Average B               233.1569  

During the image preprocessing stage, color feature extraction was performed to characterize the 
visual properties of the oil palm fruit image. The extracted color descriptors included the mean RGB values, 
RGB standard deviation, RGB skewness, and RGB entropy. The extracted color features indicate that the 
image is dominated by relatively high intensity values, with average RGB values of 244.4234, 240.3429, 
and 229.1418 for the red, green, and blue channels, respectively. The standard deviation values were 
27.6246 (Red), 32.4270 (Green), and 49.6912 (Blue), indicating that the blue channel exhibits the greatest 
variation in pixel intensity. The skewness values of −3.9879, −5.7541, and −2.7119 for the red, green, and 
blue channels, respectively, indicate negatively skewed intensity distributions. Entropy analysis revealed 
values of 0.0000 for the red channel, 0.0000 for the green channel, and 0.0065 for the blue channel. These 
very low entropy values indicate minimal randomness and a relatively uniform color distribution within the 
image. Overall, the extracted color features provide quantitative information describing the color 
distribution of the oil palm fruit and serve as essential inputs for the K-Nearest Neighbor (KNN) and Naïve 
Bayes classification models 

Table 4. Results of Color Feature Data Preprocessing 
Average 
R  

Average 
G 

 Average 
B  

Stdv 
R  

Stdv  
G  

Stdv  
B  

Skew 
R 

 Skew 
G 

 Skew  
B  

Entr R  Entr G  Entr B  Target  

228.7  223.1  220.8  9.1  6.4  9.3  4.5  -4.2  -4.134  0  0.0  0  0  
228.7  225.1  222.5  4.9  9.7  2.2  3.1  3.0  2.576  0  0.0008  0.0005  0  
231.3  227.0  224.1  2.7  8.2  1.3  3.0  -2.8  2.922  0  0  0.0001  0  



 
 
 

 

229.4  225.4  222.2  3.8  8.4  1.9  3.4  -3.5  3.364  0  0  0.0001  0  
238.9  236.4  233.7  9.6  3.1  6.7  3.3  -3.2  3.570  0  0  0  0  
226.7  216.1  214.0  0.9  53.0  5.7  2.1  -3.4  3.020  0  0  0.0935  1  
244.1  229.9  224.7  0.3  2.9  1.7  3.6  -3.0  2.474  0  0  0.1229  1  
237.7  224.6  220.7  0.2  7.1  3.0  4.1  -4.2  2.635  0  0  0.1399  1  
242.0  230.1  226.2  5.2  3.1  9.8  3.9  -3.8  3.894  0  0  0.1201  1  
242.6  228.1  223.0  2.3  5.6  4.1  3.8  -3.4  3.338  0  0  0.1849  1  
232.3  225.2  214.6  0.5  6.9  3.8  3.0  -3.3  5.210  0  0.0070  0.0279  2  
226.1  217.7  203.3  7.3  4.6  7.0  4.1  -5.8  4.178  0  0.0040  0.0673  2  
209.9  203.3  201.6  1.2  6.3  7.1  3.9  -3.7  4.100  0.00021  0.0108  0.030  2  
230.4  219.9  207.8  1.2  9.3  8.3  3.9  -4.1  3.470  0  0.0052  0.0079  2  
231.8  228.4  221.0  3.8  7.4  1.8  2.7  -4.1  2.579  0  0.0455  0.0266  2  

The color feature preprocessing stage produced a set of numerical descriptors representing the color 
characteristics of each oil palm fruit image. The extracted features consisted of the average values of the 
red (Average R), green (Average G), and blue (Average B) channels, as well as the entropy values of each 
channel (Entropy R, Entropy G, and Entropy B). These features were subsequently combined with the 
corresponding target label representing the fruit ripeness category (Unripe, Ripe, or Rotten). 

Table 5. Results of Feature Tekstur Preprocessing 
Average 
Grayscale  

Std 
Grayscale  

Contrast  Corre 
lation  

Energy  Homoginety  Target  

224.51  44.42  0.08  0.99  0.69  0.98 0  

225.87  38.46  0.17  0.98  0.69  0.96 0  

227.93  36.82  0.15  0.98  0.69  0.96 0  

226.21  37.41  0.16  0.97  0.65  0.95 0  

236.82  32.41  0.11  0.97  0.74  0.97 0  

219.01  49.13  0.11  0.99  0.68  0.98 1  

233.56  36.57  0.10  0.98  0.76  0.99 1  

228.08  42.04  0.08  0.99  0.73  0.99  1  

233.21  37.86  0.10  0.98  0.77  0.99  1  

231.83  39.19  0.09  0.99  0.76  0.99  1  

226.12  44.67  0.05  0.99  0.67  0.99  2  

218.58  43.25  0.09  0.99  0.61  0.99  2  

205.08  54.61  0.10  0.99  0.61  0.99  2  

221.66  36.99  0.13  0.98  0.62  0.98  2  

228.59  46.04  0.06  0.99  0.71  0.99  2  

In the next stage, the data classification process is carried out using an algorithm, where testing is 
performed on a training dataset consisting of 600 images. After extracting the training features, a model is 
built based on the KNN algorithm pattern to conduct testing using the test data. The evaluation is carried 
out using the model developed during the training phase. There are three classification categories: unripe, 
ripe, and rotten. Each feature is used to compare and determine the best-performing feature for classification 
using the KNN algorithm. 

Table 6. Accuracy Results of KNN and Color Features 
Feature  K-1  K-3  K-5  K-7  K-9  K-10  



 
 
 

 

color 70%  91.3%  90%  90.6%  88.6%  89%  

K=1 achieved an accuracy of 70%. The accuracy for K=3 was 91.3%, K=5 was 90%, K=7 was 
90.6%, K=9 was 88.6%, and K=10 was 89%. As shown in Table 4.5, K=3 achieved the highest accuracy 
of 91.3%, while the lowest accuracy was 70%. 

Next, the KNN algorithm was tested using texture features to determine the best accuracy when 
performing classification based on texture features. 

Table 7. Accuracy Results of KNN and Tekstur Features 
Feature  K-1  K-3  K-5  K-7  K-9  K-10  

Tekstur 72%  89.3%  84%  81.3%  80%  82%  

In the texture feature testing, K=1 achieved an accuracy of 72%. The accuracy for K=3 was 89.3%, 
K=5 was 84%, K=7 was 81.3%, K=9 was 80%, and K=10 was 82%. As shown in Table 4.5, K=3 achieved 
the highest accuracy of 89.3%, while the lowest accuracy was 72%. 

Next, the KNN algorithm was tested using shape features to determine the best accuracy when 
performing classification using all features. 

Table 8. Overall KNN Results  
Feature K-1  K-3  K-5  K-7  K-9  K-10  

Color 70%  91.3%  90%  90.6%  88.6%  89%  

Tekstur  72%  89.3%  84%  81.3%  80%  82%  

Shape  61.3%  83.3%  74.6%  69.3%  74.6%  71.3%  

All 73%  98%  91.3%  93.3%  93.3%  94%  

It can be seen from the table above that, at K=3, using all features achieves the highest accuracy of 
98%. Other features also show the best accuracy compared to other K values. For the color features, K=3 
achieves an accuracy of 91.3%, for texture features K=3 reaches 89.3%, for shape features K=3 reaches 
83.3%, and using all features results in an accuracy of 98%. 
In the final stage, the classification of oil palm fruit ripeness is carried out using algorithms, namely K-
Nearest Neighbor (KNN) and Naïve Bayes. The classification results from each algorithm are compared to 
obtain the best performance. Each feature is tested in the oil palm fruit ripeness classification process. The 
implementation of the Naïve Bayes algorithm is carried out using color, shape, and texture features to 
evaluate which feature performs best in achieving the highest classification accuracy. 

Tabel 9. Naive Bayes Results : Color Features, Textures, Shape Features, and All Features 
Feature  Accuracy 

color  65.3%  

Feature  Accuracy 

Tekstur  68.6%  

Feature  Accuracy 

Shape  42%  
Feature Accuracy 

All feature  77%  

Based on the test results, it can be seen that the implementation of the Naïve Bayes algorithm 
achieved its highest accuracy when using all features, reaching 77%. The accuracy for color features was 
65.3%, texture features 68.6%, and shape features 42%. After conducting feature-based testing, the 
comparison between the K-Nearest Neighbor (KNN) and Naïve Bayes algorithms applied to oil palm fruit 
ripeness classification shows clear results. Based on the comparison of both algorithms using color, texture, 
and shape features, it was found that the best-performing algorithm in this study is the K-Nearest Neighbor 



 
 
 

 

algorithm with k = 3. The highest accuracy achieved using K=3 was 91.3% for color features, 89.3% for 
texture features, 83.3% for shape features, and 98% when using all features. Meanwhile, the Naïve Bayes 
algorithm achieved its highest accuracy of 77% when using all features.  

The accuracy for color features was 65.3%, texture features 68.6%, and shape features 42%. After 
implementing and testing all algorithms, the feature comparison results between the K-Nearest Neighbor 
(KNN) and Naïve Bayes algorithms in this study show that K-Nearest Neighbor consistently achieves the 
best accuracy across all tests. Based on this research, the K-Nearest Neighbor (KNN) algorithm using all 
features produces the highest accuracy of 98%. In contrast, the lowest accuracy is obtained by the Naïve 
Bayes algorithm using shape features, which reaches 42%. It can be observed that, using the same dataset, 
the K-Nearest Neighbor (KNN) algorithm with k = 3 is able to optimize performance and achieve the best 
accuracy compared to the other algorithms being evaluated. Based on previous studies on oil palm fruit 
ripeness classification, accuracy results vary. However, it can be seen that color features tend to dominate 
most studies. In this research, it is also shown that other features, such as texture features, can achieve 
strong performance, reaching an accuracy of 83.9% using the K-Nearest Neighbor (KNN) algorithm with 
k = 3. From the results presented, it can be concluded that the best accuracy is achieved by the K-Nearest 
Neighbor (KNN) algorithm at k = 3. In general, each algorithm has its own strengths and weaknesses 
depending on its working principle. The K-Nearest Neighbor (KNN) algorithm, which works by finding 
the nearest data points to determine the class label of a sample, has a different model compared to Naïve 
Bayes. The Naïve Bayes algorithm builds its model by assuming that each feature independently contributes 
to the class probability. As a result, its accuracy may decrease when the features used are not strongly 
correlated with one another. 

Table 10. Mean Accuracy Value 
Model   Color  Texture shape  Combined 

Features  
Mean Accuracy  
K-10   

KNN (K=3) 91.3% 89.3% 83.3% 98.0% 95.5% 

Naïve Bayes 65.0% 68.0% 42.0% 77.0% 63.0% 

In this research, the K-Nearest Neighbor (KNN) algorithm is able to perform classification very well, 
achieving an accuracy of 98%. The experimental results obtained from the 10-fold cross-validation indicate 
that the KNN classifier consistently outperformed the Naïve Bayes classifier across all feature groups. 
Using the combined color, texture, and shape features, KNN achieved an average classification accuracy 
of 98.0%, whereas Naïve Bayes achieved 77.0%. The relatively small variation in performance across the 
ten folds demonstrates that the proposed classification model is stable and exhibits good generalization 
capability.  It can be concluded that the features used show clear distinctions in their values. As a result, 
the K-Nearest Neighbor (KNN) algorithm is able to achieve the best accuracy in the classification process. 
All features (color, texture, and shape) exhibit clear differences between unripe, ripe, and rotten oil palm 
fruit. Therefore, the K-Nearest Neighbor (KNN) algorithm is able to perform classification by effectively 
utilizing the values of each feature provided during the classification process. 

Comparing algorithms and features using the same dataset is essential to identify the best-performing 
algorithm that can maximize accuracy, as well as ensure relevance, effectiveness, and reliability in 
classifying oil palm fruit ripeness levels. 



 
 
 

 

 
Figure 9. Graph comparison of Algorithm  

The graph describe comparison of algoritm, it can be seen that the implementation using color 
features with the K-Nearest Neighbor (KNN) algorithm (K=3) achieved the highest accuracy of 91.3%, 
while Naïve Bayes achieved 65%. 

The implementation using texture features with the K-Nearest Neighbor (KNN) algorithm (K=3) 
achieved the highest accuracy of 89.3%, while Naïve Bayes reached 68%. The implementation using shape 
features with the K-Nearest Neighbor (KNN) algorithm (K=3) obtained the highest accuracy of 83.3%, 
whereas Naïve Bayes achieved 42%. In this research, testing was also conducted using all features across 
both algorithms, and the highest accuracy was achieved by the K-Nearest Neighbor (KNN) algorithm (K=3) 
at 98%, while the Naïve Bayes algorithm achieved 77%. 

 
4. Conclusion 

Based on result of implementation and testing, it can be concluded that the comparison between the 
K-Nearest Neighbor (KNN) and Naïve Bayes algorithms for oil palm fruit ripeness classification yields 
The findings provide empirical evidence that combining multiple visual features with a distance-based 
classifier such as KNN yields superior performance for multiclass oil palm fruit ripeness classification. the 
following findings: the best-performing algorithm is K-Nearest Neighbor (KNN) with k = 3, achieving an 
accuracy of 91.3% for color features, 89.3% for texture features, 83.3% for shape features, and 98% when 
using all features. This indicates that each algorithm has different performance capabilities in classification, 
even when using the same image data and features. From a practical perspective, the proposed approach 
can support automated oil palm harvesting by providing an objective and consistent method for determining 
fruit ripeness. Meanwhile, the best accuracy achieved by the Naïve Bayes algorithm using all features is 
77%, with 65.3% accuracy for color features, 68.6% for texture features, and 42% for shape features. Future 
research should investigate the use of larger and more diverse datasets collected under varying 
environmental conditions to improve model robustness and generalization. In addition, advanced deep 
learning approaches, such as Convolutional Neural Networks (CNNs) and vision transformer-based 
models, may be explored and compared with conventional machine learning algorithms. Future studies may 
also integrate the proposed classification model into real-time mobile or embedded systems to facilitate 
practical deployment in smart agriculture applications. 
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