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Abstract   

Accurately determining the ripeness of oil palm fruit is crucial for ensuring the quality of palm oil. However, traditional manual 

methods are often time-consuming and less accurate. This study aimed to develop an automated system for detecting the 

ripeness of oil palm fruit by combining the Hue Saturation Value (HSV) model, Gray Level Co-occurrence Matrix (GLCM), 

and K-Nearest Neighbor (KNN) algorithms. This system utilizes K-Nearest Neighbors to classify the relationship between color 

features extracted using the HSV model and texture features derived from GLCM analysis to categorize fruit ripeness. The 

color features represent the fruit's chromatic characteristics associated with ripeness, while the texture features provide 

information regarding surface patterns related to ripeness. The color features represent the fruit's color characteristics 

associated with ripeness, whereas the texture features provide information about the surface patterns related to ripeness. The 

results indicate that the system can classify oil palm fruit into four distinct categories: Over-Ripe, Ripe, Half-Ripe, and Raw. 

The dataset was divided with an 80:20 ratio, where 80% was allocated for training data and the remaining 20% for test data. 

An accuracy rate of 85% was achieved. The results of this study demonstrate that the developed system effectively classifies oil 

palm fruit images based on ripeness levels. This system supports a sustainable automated palm oil production model through 

accurate ripeness detection, thereby reducing reliance on manual methods and enhancing consistency and productivity in palm 

oil processing. These findings indicate that the proposed hybrid method is feasible for integration into an automated 

classification system to support decision-making in oil palm harvesting.  
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1. Introduction  

Oil palm (Elaeis guineensis Jacq) is one of Indonesia's 

leading commodities and plays a strategic role in the 

national economy, particularly in supplying raw 

materials for the palm oil industry (CPO – Crude Palm 

Oil). The quality of the produced palm oil is influenced 

by several factors, including moisture content, impurity 

levels, free fatty acid content, and the ripeness level of 

the oil palm fruit at the time of harvest. Among these 

factors, the ripeness level is one of the most crucial 

variables that determine the quality and quantity of the 

oil produced [1]. 

Several companies in the palm oil industry apply a 

selection or sorting process for fresh fruit bunches 

(FFB) as an initial stage before processing [2]. This 

sorting is generally performed manually, relying on 

visual inspection of color and texture by field workers 

to determine fruit ripeness. Although widely practiced, 

this manual method has notable limitations. It depends 

heavily on the subjective judgment of workers, is prone 

to fatigue-related errors due to repetitive tasks, and is 

time-consuming, especially across large plantation 

areas[3]. Misjudging the ripeness stage—whether 

unripe, under-ripe, ripe, or overripe—can significantly 

affect both the quality and quantity of the palm oil 

produced. Such inaccuracies reduce oil yield and 

impact the chemical and physical characteristics of the 

final product [4]. As a result, there is a growing need for 

more objective and efficient sorting methods. 

Technological solutions involving image processing 

and artificial intelligence offer promising alternatives, 

enabling faster, more consistent, and more accurate 

classification of fruit maturity levels  [5]. As technology 

https://doi.org/10.29207/resti.v9i5.6683
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advances, the application of digital image processing 

systems offers a more robust and streamlined 

alternative for detecting oil palm fruit ripeness [6]Image 

processing provides objective and consistent visual 

analysis based on the color and surface texture 

characteristics of the fruit.  The implementation of this 

technology not only improves classification accuracy 

but also speeds up the ripeness identification process, 

thereby supporting the optimization of harvesting and 

production processes [7].  Additionally, the use of 

automated systems reduces dependence on manual 

labor in the sorting process, which in turn contributes to 

overall operational effectiveness.  

Several studies have explored the classification of oil 

palm fruit ripeness using digital image analysis, 

employing various approaches for both feature 

extraction and classification [8] - [10]. One such study 

was conducted, which detected the ripeness level of 

Fresh Fruit Bunches (FFB) of oil palm based on color 

composition using the K-Nearest Neighbor (K-NN) 

algorithm. The system achieved an accuracy rate of 

92% under controlled indoor lighting conditions but 

saw a decrease in accuracy to 84% when images were 

taken outdoors under unstable natural lighting. This 

indicates that lighting plays a critical role in 

determining the accuracy of classification systems. 

[11], [12]. 

In previous studies, a color-based approach was 

commonly employed, such as feature extraction using 

RGB or HSV combined with classification methods like 

Naïve Bayes, Decision Tree, and Support Vector 

Machine (SVM). While color-based approaches are 

generally effective in differentiating ripeness stages 

based on visible surface characteristics, they are often 

limited in robustness when faced with variations in 

lighting conditions or inconsistent image backgrounds, 

which can significantly affect classification 

accuracy.[13] -  [15]. 

To address these limitations, recent studies have begun 

incorporating texture features as additional parameters 

to enhance classification performance. Methods such as 

the Gray Level Co-occurrence Matrix (GLCM), Local 

Binary Pattern (LBP), and Haralick Texture Features 

have been utilized to extract surface information that is 

not captured by color features alone. Research 

combining both texture and color features has 

demonstrated improved performance compared to 

single-feature approaches, as this integration enables a 

more comprehensive representation of the complex 

visual changes that occur during the ripening process of 

oil palm fruits [16]. 

In terms of classification algorithms, SVM and 

Artificial Neural Networks (ANN) have been widely 

adopted. SVM is particularly effective in handling high-

dimensional and non-linear data but requires intensive 

parameter tuning and a relatively complex training 

process. ANN, on the other hand, offers the ability to 

learn deep, non-linear representations but typically 

demands large training datasets and considerable 

computational resources[17]. In contrast, this study 

adopts the K-Nearest Neighbors (K-NN) algorithm as 

the classification method due to its simplicity, 

efficiency with medium-sized datasets, and its ability to 

achieve competitive performance without the need for 

complex training procedures. K-NN operates based on 

the proximity of features in a multidimensional space, 

making it well-suited for the simultaneous integration 

of both color and texture information.[18], [19]. 

HSV (Hue, Saturation, Value) color model is a color 

representation that separates hue, color saturation, and 

brightness components, making it more aligned with 

human visual perception compared to the RGB model. 

In the context of oil palm fruit ripeness identification, 

the skin color changes during the ripening process from 

green, yellow, orange, to deep red can be quantitatively 

captured through the Hue (H) component[20]. Hue 

reflects the dominant color present on the fruit’s surface 

and serves as a primary indicator of ripeness level. 

Meanwhile, Saturation (S) represents the color 

intensity, where ripe fruits typically exhibit more vivid 

and saturated colors than unripe ones. [21]The Value 

(V) component denotes brightness, with ripe fruits 

generally appearing brighter due to surface changes that 

influence light reflection. For feature extraction 

purposes, the palm fruit images are converted from the 

RGB color space to HSV, and the average values or 

histograms of each HSV component are computed to 

serve as numerical features in the classification process. 

In addition to color transformation, ripeness level can 

also be characterized by surface texture variations. 

Therefore, texture analysis plays a significant role in 

digital image processing for fruit maturity 

classification. One of the most widely used statistical 

methods for texture feature extraction is the Gray Level 

Co-occurrence Matrix (GLCM) [22]. GLCM calculates 

the frequency of pixel pairs with specific gray levels at 

defined distances and orientations within a grayscale 

image, generating a matrix that captures the spatial 

distribution of texture patterns. Several statistical 

descriptors can be derived from the GLCM, including: 

Contrast, which measures the local intensity variation 

and highlights differences between adjacent pixels; 

Correlation, which quantifies the linear dependency 

between neighboring pixels and reflects textural 

regularity; Energy (Angular Second Moment), which 

indicates image uniformity and compactness of texture; 

and Homogeneity, which reflects how close the 

distribution of elements is to the GLCM diagonal, 

indicating local smoothness of the image. Feature 

extraction is performed across multiple directions (0°, 

45°, 90°, and 135°) and pixel distances to 

comprehensively capture textural characteristics. These 

features are then utilized as input for the classification 

of oil palm fruit ripeness levels [23], [24] 

Based on those findings, a combination of color feature 

extraction using Hue, Saturation, Value (HSV) and 

texture features using the Gray Level Co-occurrence 
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Matrix (GLCM) is considered relevant to improve the 

precision of classifying oil palm fruit ripeness[25]. This 

combination can more comprehensively represent the 

fruit’s visual characteristics, where HSV captures the 

color spectrum and GLCM provides information on the 

surface texture pattern[26].  To enhance classification 

accuracy, the extracted features are then processed 

using the K-Nearest Neighbor (K-NN) algorithm, 

which classifies data based on the similarity distance to 

previously labeled training data [27]. 

This study proposes a novel approach to oil palm fruit 

ripeness classification through a multi-feature digital 

image processing system that integrates both color and 

texture characteristics. The main novelty lies in the 

system's ability to classify fruits into four ripeness 

categories: unripe, half-ripe, ripe, and overripe—unlike 

previous studies that were typically limited to only two 

or three categories [28]. The inclusion of half-ripe and 

overripe categories is a significant distinguishing aspect 

as it enables more accurate detection of the ripeness 

transition phase. This is crucial in selective harvesting 

practices, where misclassification during the 

transitional stage often leads to harvesting fruits either 

prematurely or too late. 

The system employs the HSV color model to capture 

more representative and lighting-robust color gradients, 

and extracts texture features using the GLCM method 

to identify visual differences such as surface wrinkling 

or roughness. These combined features are classified 

using the K-Nearest Neighbor (K-NN) algorithm, 

which demonstrates a high capability in handling 

multidimensional features with strong performance on 

limited data [29]With this approach, the study makes a 

tangible contribution to the development of a more 

precise, objective, and applicable oil palm fruit ripeness 

classification system, supporting optimized harvesting 

automation in plantation industries. 

Accurate classification of oil palm fruit ripeness brings 

significant benefits in enhancing the effectiveness and 

productivity of the palm oil industry. Proper ripeness 

identification allows for selective and timely 

harvesting, which can increase oil yield and reduce 

losses due to harvesting fruits that are either unripe or 

overripe.  Fruits harvested at optimal ripeness produce 

higher oil content with better quality and lower free 

fatty acid (FFA) levels, which negatively impact oil 

quality.  Furthermore, the implementation of an image-

processing-based automated classification system can 

reduce reliance on manual labor, increase assessment 

objectivity, and accelerate field inspection processes. 

Therefore, this technology plays a vital role in realizing 

sustainable precision agriculture practices in the oil 

palm plantation sector. 

2. Methods 

The research method aims to develop a classification 

system for the ripeness level of oil palm fruit based on 

digital image processing, utilizing a combination of 

color and texture feature extraction techniques as the 

primary approach in image analysis. This system is 

developed through several integrated stages, including 

data acquisition, image preprocessing, feature 

extraction, classification using the K-Nearest Neighbor 

(K-NN) algorithm, and system performance evaluation. 

2.1 Data Acquisition 

The dataset used in this study comprises oil palm fruit 

images collected directly from plantations located in 

West Sulawesi, Indonesia. Image acquisition was 

carried out using a high-resolution digital camera, 

specifically the Canon EOS 700D with an 18-megapixel 

sensor, under semi-controlled lighting conditions to 

ensure consistent image quality. The shooting distance 

and angle were standardized to minimize inter-sample 

variability, and all images were captured against a 

neutral background to facilitate segmentation and 

subsequent preprocessing steps. Dataset was divided 

with an 80:20 ratio, where 80% was allocated for 

training data and the remaining 20% for test data. The 

labeling process was conducted manually through 

visual observation by experienced plantation experts, 

who possess practical knowledge in assessing oil palm 

fruit ripeness. The ripeness levels were categorized into 

four distinct classes: unripe, half-ripe, ripe, and 

overripe, based on visual features such as skin color and 

surface texture. Labeling was performed in accordance 

with commonly accepted industrial harvesting 

standards, and to ensure label consistency, each image 

was reviewed by at least two experts, with discrepancies 

resolved through discussion and consensus. In total, the 

dataset consists of 600 images, evenly distributed 

across the four ripeness categories, with 150 images per 

class. The dataset was further split into 80% for training 

and 20% for testing to maintain class balance and 

prevent bias during the classification process. To ensure 

the reliability and reproducibility of the labeling 

process, each sample was cross-validated by multiple 

experts. This expert-driven and standard-based 

approach ensures that the dataset annotations are 

consistent, traceable, and applicable to real-world 

agricultural practices. This approach ensures the 

reliability and reproducibility of the labeling process. 

Sample of an overripe oil palm fruit can be seen in 

Figure 1, while a ripe oil palm fruit is shown in Figure 

2.  

 

Figure 1. Overripe oil palm fruit image  
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The half-ripe oil palm fruit is illustrated in Figure 3, and 

the unripe oil palm fruit is depicted in Figure 4. All 

images were collected with the informed consent of the 

plantation owners, and no ethical issues were 

encountered during the data collection process. 
 

 

Figure 2. Ripe oil palm fruit image 

 

Figure 3. Half-ripe oil palm fruit image 

 

Figure 4 Unripe oil palm fruit image  

2.2 Image Preprocessing 

After the images are obtained, preprocessing is 

performed to enhance image quality and standardize the 

format before the feature extraction process. The 

preprocessing steps include cropping, resizing, and 

color conversion. Image cropping process is intended to 

isolate and extract only the region of interest (ROI) that 

contains the primary object—in this case, the oil palm 

fruit—so that it becomes the sole focus of subsequent 

analysis. This step helps eliminate irrelevant elements 

such as background, leaves, stems, or even the 

harvester’s hand, thereby allowing the system to 

concentrate on the most significant visual features. 

Cropping can be performed either manually or 

automatically. In manual cropping, the operator selects 

and trims the fruit region directly using software tools 

such as LabelImg or OpenCV-based applications. This 

approach is suitable for small datasets or during the 

initial labeling phase. In contrast, automatic cropping 

typically involves image segmentation techniques such 

as background subtraction, color thresholding (e.g., 

targeting reddish or orange hues indicative of ripeness), 

or contour detection to identify object boundaries. Once 

the fruit region is detected, a bounding box is generated 

to define the cropping area. The resulting cropped 

image is then resized to a fixed dimension, typically 

128×128 pixels, to ensure uniformity across all dataset 

samples. This process not only enhances computational 

efficiency and processing speed but also significantly 

improves the accuracy of feature extraction—both in 

terms of color (HSV) and texture (GLCM)—as it 

focuses exclusively on the relevant region. Consistent 

and precise cropping contributes to the overall 

robustness and optimal performance of the 

classification system by minimizing visual disturbances 

from the surrounding environment.  

The resizing process of oil palm fruit images, which 

involves altering the original image dimensions, must 

be conducted carefully, as it can result in the loss of 

critical visual information that directly affects the 

accuracy of image-based classification systems. When 

images are resized to smaller dimensions, fine visual 

details such as surface texture, color gradients, and 

small object contours may be lost due to pixel merging 

or elimination. This issue is particularly crucial in the 

classification of oil palm fruit ripeness, where both 

color and texture serve as primary indicators.  

 

Figure 5. Preprocessing Palm Fruit Images  

The loss of such details can negatively impact the 

accuracy of feature extraction using the HSV color 

model and GLCM texture analysis, as both methods 

rely heavily on the clarity of local visual structures 

within the image. Additionally, if resizing does not 

maintain the original aspect ratio, the shape of the object 

may become distorted, potentially misleading 

classification algorithms, particularly those sensitive to 

geometric features. Although resizing contributes to 
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data standardization and improves processing speed, 

selecting dimensions that are too small may result in 

less informative features, whereas excessively large 

sizes increase computational demands. Therefore, 

resizing must be approached with caution, balancing 

computational efficiency and the preservation of 

essential visual information—typically by adopting 

standard sizes such as 128×128 pixels and applying 

appropriate interpolation methods to maintain image 

quality, as shown in Figure 5. 

2.3 Feature Extraction 

Feature extraction is performed to obtain the color and 

texture characteristics of oil palm fruit images. HSV 

(Hue, Saturation, Value) and GLCM (Gray Level Co-

occurrence Matrix) are two widely used feature 

extraction methods in digital image processing, each 

capturing distinct aspects of an object’s visual 

representation. HSV is a color model that separates 

visual information into three components: Hue, which 

represents the dominant color (e.g., red or green); 

Saturation, which measures the intensity or purity of the 

color; and Value, which indicates brightness. In the 

context of fruit ripeness analysis, HSV is particularly 

useful, as changes in the skin color of oil palm fruits 

throughout the ripening process—from green to yellow, 

orange, and deep red—can be quantitatively 

represented through these components. HSV features 

offer a clear visual indicator of maturity stages but are 

sensitive to lighting variations and background 

inconsistencies. 

On the other hand, GLCM is a statistical method for 

extracting texture features from grayscale images by 

calculating the frequency of co-occurring pixel 

intensity pairs at specific distances and orientations. 

From the resulting co-occurrence matrix, several 

texture descriptors can be derived, including contrast 

(measuring local intensity variation), correlation 

(assessing the linear relationship between neighboring 

pixels), energy or Angular Second Moment 

(representing texture uniformity), and homogeneity 

(indicating the closeness of the pixel distribution to the 

diagonal of the matrix).[30] Unlike HSV, which focuses 

on color-based visual appearance, GLCM provides 

insight into the surface structure and patterns of the 

object—such as roughness or smoothness—which also 

evolve as the fruit matures. 

The fundamental difference between HSV and GLCM 

lies in the type of information they extract. HSV 

emphasizes color and visual cues that align with human 

perception, while GLCM captures spatial patterns in 

pixel intensity that reflect surface texture 

characteristics. HSV is generally more sensitive to 

lighting conditions, whereas GLCM tends to be more 

robust in such environments. The integration of these 

two feature types allows a classification system to 

comprehensively represent fruit characteristics, as both 

color and texture serve as crucial indicators in 

determining the ripeness level of oil palm fruits. which 

are used to recognize the texture patterns of oil palm 

fruit at various ripeness levels.  

2.4 K-Nearest Neighbor (K-NN) Classification 

Algorithm 

The data obtained from feature extraction is classified 

using the K-Nearest Neighbor (K-NN) algorithm, 

which works by comparing the similarity between test 

data and training data based on Euclidean distance. This 

study uses variations of K = 3, K = 5, and K = 7 to 

determine the optimal parameter. The distance 

calculation between features is performed using the 

Euclidean Distance formula.  

K-Nearest Neighbor (K-NN) was selected in this study 

for its simplicity and efficiency in handling medium-

sized datasets. It can effectively combine 

multidimensional features from HSV and GLCM 

without requiring complex training. However, its 

performance depends heavily on the choice of K, where 

too small a value may cause sensitivity to noise, while 

too large a value may reduce class distinction. 

2.5 System Performance Evaluation 

The classification system evaluation is performed using 

a Confusion Matrix, which measures the accuracy, 

precision, and recall of the system's predictions [29]. 

Accuracy is calculated by comparing the number of 

correct predictions to the total test data, while precision 

and recall are used to assess the system's accuracy and 

sensitivity in classifying the ripeness levels of oil palm 

fruit. Figure 6.  illustrates the system architecture of this 

study, which consists of two main phases: the training 

phase and the testing phase, designed to extract and 

classify visual information from palm fruit images 

using a combination of color and texture features. In the 

training phase, the system receives a collection of palm 

fruit images as input. These images undergo a 

preprocessing stage that includes resizing, color 

normalization, noise removal, and conversion to HSV 

or grayscale color spaces to ensure consistent quality 

and format for feature extraction. Following 

preprocessing, the system performs two parallel feature 

extraction processes. The first utilizes the HSV (Hue, 

Saturation, Value) method to extract dominant color 

attributes, including hue, saturation, and brightness. 

Hue captures the transition in skin color during ripening 

(e.g., from green to deep red), saturation measures the 

intensity of the color—which typically increases with 

maturity—and value represents brightness, which may 

vary depending on surface texture and reflectance. The 

second extraction applies the Gray Level Co-

occurrence Matrix (GLCM) method to obtain texture 

features from grayscale images. GLCM analyzes the 

spatial relationships of pixel intensities by computing 

the frequency of gray-level co-occurrence at specified 

distances and orientations, producing statistical 

descriptors such as contrast, correlation, energy, and 

homogeneity, which represent surface roughness, 

texture regularity, and uniformity. 
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Figure 6 Simple System Workflow

The extracted color and texture features are then fused 

into a composite feature vector for each image and 

stored in the training database along with their 

respective ripeness labels (unripe, half-ripe, ripe, 

overripe). This phase results in the development of a 

classification model to be used in the testing phase. 

In the testing phase, the system receives new images as 

test data. Identical preprocessing steps are applied to 

maintain feature consistency. The HSV and GLCM 

methods are again employed to extract color and texture 

features from the test images, forming a feature vector 

to be input into the classification model. The 

classification process uses the K-Nearest Neighbors (K-

NN) algorithm, which determines the ripeness class of 

a fruit by identifying the majority class among the k 

closest training samples in the multidimensional feature 

space. 

The strength of this approach lies in the integration of 

complementary color and texture features and the use of 

K-NN, a lightweight, non-parametric classifier that  

does not require intensive training. Since K-NN relies 

solely on distance-based similarity, it is well-suited for 

numerical data derived from combined feature sets. 

This system is designed to deliver accurate 

classification results, with robustness to variations in 

lighting and background conditions, and practical 

implementation potential in field applications, 

particularly for selective harvesting of oil palm fruit. 

3. Results and Discussions 

3.1 Feature Extraction Using GLCM and HSV 

The HSV method is used to extract color features based 

on the average (mean) values of the Hue (H), Saturation 

(S), and Value (V) components. The extraction process 

begins with preprocessing the oil palm fruit images, 

which includes resizing and cropping the sample area to 

128x128 pixels. As shown in Table 1, After that, the 

color values of the image in RGB format are extracted, 

and then converted into the HSV color space. This 

conversion is carried out to obtain color information 

that is more representative of human visual perception, 

which is then used as features in the classification 

process. 

From the extraction of image 4.29, RGB values were 

obtained with a resolution of 128x128, where each pixel 

has R/G/B values. Then, the R/G/B values of each pixel 

are converted to H/S/V. For example, at pixel (0, 1) with 

RGB values of 244, 101, 38, the HSV values are 

calculated as Formulas 1 – 6. 

𝑅′ =
244

255
 , 𝐺′ =  

101

255
 , 𝐵′ =  

38

255
              (1) 

𝑅′ = 0,9569 , 𝐺′ =  0,3961 , 𝐵′ =  0,149                 (2) 

𝐶𝑚𝑎𝑥 = max(0,9569;  0,3961;  0,149) = 0,9569         (3) 

𝐶𝑚𝑖𝑛 = min(0,9569;  0,3961;  0,149) = 0,149             (4) 

𝛥 = 0,9569 − 0,149 = 0,8079              (5) 

𝐻 = 60𝑥 (
0,3961−0,149

0,8079
 𝑚𝑜𝑑 6) = 1,8354             (6) 

As shown in Table 2 Result of converting the RGB 

values 244, 101, 38 to HSV is H = 18, S = 0.8443, and 

V = 0.9569 As shown in Table 2 with H ranging from 

0–360, S from 0–1, and V from 0–1. 

The steps in implementing the K-Nearest Neighbor (K-

NN) algorithm begin with determining the value of K, 

which is the number of nearest neighbors to be used as 

the basis for classification. Next, the distance between 

the test data and all available training data is calculated. 

Once these distances are obtained, they are sorted from 

the smallest to the largest. Then from Table 3, the K 

exercise data process with the closest distance is 

selected as the nearest neighbor. From these neighbors, 

the class of each data point is identified. The class that 

appears most frequently among the neighbors is 

assigned as the predicted class for the test data.   
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Table 1.  RGB Values 

X, Y     0     1     2 … 127 

0 237/94/28 244/101/38 247/106/37 … 196/128/79 

1 229/86/20 236/93/27 239/98/29 … 246/177/128 

2 225/85/24 229/89/28 232/92/30 … 248/191/138 

… … … … … … 

127 205/84/13 213/92/21 204/87/20 … 187/63/29 

Table 2. HSV Values 

x, y 0 1 2 … 127 

0 19/0,882/0,929 18/0,844/0,957 20/0.85/0.969 … 25/0.597/0.769 

1 19/0,913/0,898 19/0,886/0,925 20/0.879/0.937 … 25/0.48/0.965 

2 18/0,893/0,882 18/0.878/0.898 20/0.875/0.91 … 29/0.444/0.973 

… … … … … … 

127 22/0,937/0,804 22/0.901/0.835 22/0.902/0.8 … 13/0.845/0.733 

Table 3.  Values of the training data 

No HSV features GLCM features Class 

   H   S   V Contrast Correlation Energy Homogeneity  

1 0,068 0,624 0,872 81,0135 0,9672 0,0004 0,2748 Ripe 

2 0,081 0,615 0,701 134,6177 0,9660 0,0002 0,2119 Ripe 

3 0,171 0,778 0,342 117,4453 0,9467 0,0008 0,2994 Ripe 

4 0,216 0,601 0,556 1270,791 0,7643 0,0002 0,1410 Ripe 

5 0,561 0,279 0,316 173,4997 0,9823 0,0011 0,3144 Unripe 

6 0,594 0,331 0,307 461,9428 0,9289 0,0004 0,2168 Unripe 

7 0,230 0,365 0,255 845,4458 0,8975 0,0005 0,1970 Unripe 

8 0,594 0,331 0,307 461,9428 0,9289 0,0004 0,2168 Unripe 

9 0,270 0,543 0,588 372,1295 0,9576 0,0002 0,1870 Half Ripe 

10 0,397 0,475 0,646 454,6180 0,9442 0,0002 0,2090 Half Ripe 

11 0,152 0,457 0,717 670,2418 0,9161 0,0002 0,1715 Half Ripe 

12 0,315 0,505 0,314 95,2730 0,9727 0,0004 0,2614 Half Ripe 

13 0,253 0,431 0,771 1051,697 0,7493 0,0001 0,1276 Overripe 

14 0,449 0,342 0,748 1008,035 0,8222 0,0001 0,1307 Overripe 

15 0,272 0,644 0,396 284,4817 0,9129 0,0003 0,2105 Overripe 

16 0,519 0,554 0,537 246,9567 0,9456 0,0002 0,2262 Overripe 

17 0,139 0,745 0,660 223,0101 0,9600 0,0002 0,1850 ? 

First, determine the parameter K. For example, we set 

the number of nearest neighbors to K = 3, 5, and 7, 

presented in Table 4. Second, calculate the distance 

between the new data and all training data using the 

Euclidean Distance, as shown in Table 5. As a 

calculation example, training data number 1 and the 

data to be classified are used as Formulas 7 – 9. 

𝑑1 = √

(0,234 − 0,114)2 + (0,958 − 0,802)2 + (0,757 − 1)2 +
(0,175 − 0,064)2 + (0,977 − 0,985)2 + (0,021 − 0,042)2 +

(0,410 − 0,609)2

      (7) 

𝑑1 = √
0,0144 + 0,0243 + 0,059 + 0,0123 + 0,00006 +

0,00004 + 0,0396
          (8) 

𝑑1 = 0,3869                               (9) 

As shown in Table 6 to evaluate the classification 

performance of the proposed method, a confusion 

matrix was generated based on a dataset comprising 600 

images of oil palm fruit, equally distributed across four 

ripeness categories: overripe, ripe, half-ripe, and unripe 

(150 images per class). The classification results 

demonstrate that the model was able to correctly 

classify 120 overripe fruits, with 30 instances 

misclassified as ripe. All 150 ripe fruits were correctly 

identified, indicating a perfect recall for the ripe class. 

In the half-ripe category, 120 images were correctly 

classified, while 30 were misclassified as ripe. 

Similarly, for the unripe class, 120 images were 

correctly predicted, and 30 were erroneously labeled as 

half-ripe. The overall classification accuracy achieved 

was 85.00%, reflecting the model's robustness in 

distinguishing among the four ripeness stages. Precision 

values for overripe and unripe classes reached 100.00%, 

indicating that all instances predicted as such were 

indeed correct, with no false positives. Conversely, the 

ripe class showed a lower precision of 71.43%, 

suggesting that a number of samples from other classes 

(particularly half-ripe and overripe) were mistakenly 

predicted as ripe. The recall metric was highest for the 

ripe class (100.00%) and remained consistent at 80.00% 

for the other three classes. 

Table 4.  Result of the calculation Euclidean Distance 

No Euclidean Distance Class 

1 2,517 Ripe 

2 2,493 Ripe 

3 2,512 Ripe 

4 2,044 Ripe 

5 2,850 Unripe 

6 2,589 Unripe 

7 2,436 Unripe 

8 2,589 Unripe 

9 2,485 Hal Ripe 

10 2,485 Hal Ripe 

11 2,382 Hal Ripe 

12 2,581 Hal Ripe 

13 1,979 Operripe 

14 2,251 Operripe 

15 2,352 Operripe 

16 2,518 Operripe 
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Table 5.  Classification Result K=3, K=5, dan K=7 

No Euclidean Distance Class K=3 K=5 K=7 

13 1,979 Overripe Overripe Overripe Overripe 

4 2,044 Ripe Ripe Ripe Ripe 

14 2,251 Overripe Overripe Overripe Overripe 

15 2,352 Overripe Overripe Overripe Overripe 

11 2,382 Half-ripe Half-ripe Half-ripe Half-ripe 

7 2,436 Unripe Unripe Unripe Unripe 

9 2,485 Half-ripe Half-ripe Half-ripe Half-ripe 

10 2,485 Half-ripe Half-ripe Half-ripe Half-ripe 

2 2,493 Ripe Ripe Ripe Ripe 

3 2,512 Ripe Ripe Ripe Ripe 

1 2,517 Ripe Ripe Ripe Ripe 

16 2,518 Overripe Overripe Overripe Overripe 

12 2,581 Half-ripe Half-ripe Half-ripe Half-ripe 

6 2,589 Unripe Unripe Unripe Unripe 

8 2,589 Unripe Unripe Unripe Unripe 

5 2,850 Unripe Unripe Unripe Unripe 

Table 6.  Confusion Matrix for K=3 

Actual Data \ 

Model 

Prediction 

Overripe Ripe Half-

ripe 

Unripe Total 

Overripe 120 30 0 0 150 

Ripe 0 150 0 0 150 

Half-ripe 0 30 120 0 150 

Unripe 0 0 30 120 150 

Total 120 210 150 120 600 

Table 7. Values of TP, FP, and FN for K=3 

Class TP (True 

Positive) 

FP (False 

Positive) 

FN (False 

Negative) 

Overripe 120 30 0 

Ripe 150 0 60 

Half-ripe 120 30 30 

Unripe 120 30 0 

Table 7 demonstrates that the classification 

performance varies across the different ripeness 

categories of oil palm fruit. For the Overripe class, the 

model achieved a True Positive (TP) of 120, with 30 

False Positives (FP) and no False Negatives (FN), 

indicating that while some other classes were 

mistakenly predicted as overripe, all actual overripe 

samples were correctly classified. The Ripe class 

obtained a perfect TP of 150 with no FP, but had 60 FN, 

suggesting that a significant number of ripe samples 

were misclassified as other categories, likely due to 

visual similarity during ripeness transitions. 

In the Half-ripe category, the model achieved 120 TP, 

accompanied by 30 FP and 30 FN, indicating moderate 

classification accuracy with both over-prediction and 

under-prediction. Similarly, the Unripe class showed 

120 TP, 30 FP, and 0 FN, meaning that while all actual 

unripe fruits were correctly identified, some samples 

from other classes were incorrectly labeled as unripe. 

These results suggest that the model performs well in 

detecting both extreme classes (overripe and unripe), 

while transitional stages such as ripe and half-ripe 

present higher classification challenges due to 

overlapping visual characteristics. 

Table 8 presents the classification performance of the 

K-Nearest Neighbors (K-NN) algorithm with 𝐾=3 

across four categories of oil palm fruit ripeness 

Overripe, Ripe, Half-ripe, and Unripe based on three 

evaluation metrics: accuracy, precision, and recall. The 

classification accuracy is uniformly 85% for all classes, 

indicating balanced performance. Precision scores vary, 

with the Ripe class achieving the highest precision at 

100%, suggesting zero false positives, while Overripe, 

Half-ripe, and Unripe each scored 80%. For recall, 

Overripe and Unripe achieved perfect recall (100%), 

indicating that all actual instances were correctly 

identified. The Half-ripe class followed with a recall of 

80%, whereas the Ripe class showed the lowest recall 

at 71.42%, indicating some difficulty in retrieving all 

relevant ripe instances due to feature overlaps with 

neighboring classes. Overall, the model achieved an 

average precision of 85% and recall of 88%, 

demonstrating that the integration of HSV and GLCM 

features with K-NN classification yields reliable and 

consistent performance in identifying oil palm fruit 

maturity levels. 

Table 8.  Accuracy, Precision, and Recall for K=3 

Evaluation 

Metrics 

Overripe Ripe Half-

ripe 

Unripe Average 

Accuracy 

(%) 

85 85 85 85 85 

Precision 

(%) 

80 100 80 80 85 

Recall 

(%) 

100 71.42 80 100 88 

Table 9.  Confusion Matrix for K=5 

Actual Data \ 

Model 

Prediction 

Overripe Ripe Half-

ripe 

Unripe Total 

Overripe 90 60 0 0 150 

Ripe 0 150 0 0 150 

Half-ripe 0 60 90 0 150 

Unripe 0 0 30 120 150 

Total 90 270 120 120 600 

 

Table 9.  illustrates the confusion matrix results for the 

classification of oil palm fruit ripeness using the K-

Nearest Neighbors (K-NN) algorithm with K=5, based 

on a dataset of 600 images evenly distributed across 

four ripeness classes. The model successfully classified 

all Ripe (150) and Unripe (120) fruits correctly, while 

misclassifying 30 Unripe samples as Half-ripe. The 

Overripe class showed significant misclassification, 

with only 90 out of 150 samples correctly identified and 
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60 samples misclassified as Ripe. Similarly, the Half-

ripe class exhibited 90 correct classifications, with 60 

samples misclassified as Ripe. These results suggest 

that the model performs well in classifying Ripe and 

Unripe classes with high reliability but faces notable 

challenges in distinguishing Overripe and Half-ripe 

fruits from the Ripe class, likely due to overlapping 

visual features. The concentration of errors between 

adjacent ripeness stages (e.g., Overripe and Ripe, Half-

ripe and Ripe) indicates a need for more discriminative 

features or an enhanced classification strategy to 

improve robustness in transitional categories. 

Table 10.  Values of TP, FP, and FN for K=5 

Class TP (True 

Positive) 

FP (False 

Positive) 

FN (False 

Negative) 

Overripe 90 60 0 

Ripe 150 0 120 

Half-

ripe 

90 60 30 

Unripe 120 30 0 

Table 10 shows the performance metrics of the K-

Nearest Neighbors (K-NN) algorithm with K=5 for 

each ripeness class based on true positive (TP), false 

positive (FP), and false negative (FN) values. The 

Overripe class achieved 90 TP, with 60 FP and no FN, 

indicating that while all actual Overripe fruits were 

correctly identified, a substantial number of other 

classes were incorrectly classified as Overripe. The 

Ripe class reached perfect TP at 150 with zero FP, but 

suffered from a high FN of 120, revealing that many 

actual Ripe samples were incorrectly classified as other 

categories, especially Overripe and Half-ripe. For the 

Half-ripe class, the model produced 90 TP, 60 FP, and 

30 FN, reflecting moderate precision and recall. In 

contrast, the Unripe class showed strong performance 

with 120 TP and no FN, although 30 FP occurred due 

to misclassifications from other classes. These findings 

suggest that while the classifier is effective in 

identifying Unripe and Overripe fruits, it struggles to 

maintain precision and recall in the transitional ripeness 

stages, particularly for the Ripe and Half-ripe classes, 

likely due to similarities in visual features such as color 

and texture. 

Table 11.  Accuracy, Precision, and Recall for K=5 

Evaluation 

Metrics 

Overripe Ripe Half-

ripe 

Unripe Average 

Accuracy 

(%) 

75 75 75 75 75 

Precision 

(%) 

60 100 60 80 75 

Recall (%) 100 55.56 75 100 83 

Table 11  presents the evaluation metrics—accuracy, 

precision, and recall—for each ripeness category of oil 

palm fruit using the K-Nearest Neighbors (K-NN) 

algorithm with K=5. The classification accuracy is 

consistent across all four classes (Overripe, Ripe, Half-

ripe, and Unripe), with each achieving 75%, indicating 

stable performance in predicting fruit maturity levels. 

However, the precision values vary, with the Ripe class 

achieving a perfect 100%, suggesting all instances 

predicted as ripe were correct. In contrast, the Overripe 

and Half-ripe classes attained 60% precision, indicating 

the presence of false positives from neighboring 

categories. Regarding recall, both the Overripe and 

Unripe classes reached 100%, demonstrating the 

model's ability to correctly identify all actual instances 

of those classes. Meanwhile, the Ripe class yielded the 

lowest recall at 55.56%, indicating a considerable 

number of ripe fruits were misclassified. On average, 

the model achieved 75% precision and 83% recall, 

reflecting its reliable performance in detecting extreme 

ripeness levels (Overripe and Unripe), though 

classification accuracy for transitional stages such as 

Ripe remains a challenge due to feature overlap and 

class ambiguity. 

Table 12. Confusion Matrix for K=7 

Actual Data \ 

Model 

Prediction 

Overripe Ripe Half-

ripe 

Unripe Total 

Overripe 60 90 0 0 150 

Ripe 0 150 0 0 150 

Half-ripe 0 90 60 0 150 

Unripe 0 0 30 120 150 

Total 60 330 90 120 600 

Table 12 presents the confusion matrix for the 

classification of oil palm fruit ripeness using the K-

Nearest Neighbors (K-NN) algorithm with  K=7 on a 

dataset comprising 600 samples evenly distributed 

across four maturity classes. The classifier correctly 

identified 60 Overripe, 150 Ripe, 60 Half-ripe, and 120 

Unripe samples. However, substantial 

misclassifications occurred in the transitional 

categories. Specifically, 90 Overripe samples were 

misclassified as Ripe, and 90 Half-ripe samples were 

also incorrectly labeled as Ripe, leading to an over-

prediction in the Ripe class with a total of 330 

predictions, compared to only 150 actual instances. The 

Unripe class maintained a relatively strong performance 

with 120 correct predictions and only 30 misclassified 

as Half-ripe.  

These results indicate that while the model with K=7 

effectively classifies the Ripe and Unripe categories, it 

struggles to distinguish between adjacent ripeness 

stages, particularly between Overripe and Ripe, as well 

as Half-ripe and Ripe. The dominance of Ripe 

predictions across multiple classes suggests that the 

classifier tends to favor this class, possibly due to 

feature similarity or class imbalance in the feature 

space, highlighting the need for better discriminative 

features or alternative classification strategies for 

closely related ripeness levels. 

Figure 7. is a visualization of the classification 

distribution at K=3, showing the best predictions across 

almost all classes. 

Figure 8.  shows a decrease in classification accuracy 

for the Overripe and Half-ripe classes compared to K=3. 

Figure 9.  shows that predictions for the Overripe class 

become increasingly inaccurate, indicating that a larger 
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K value negatively impacts classification performance. 

Based on the evaluation results using the Confusion 

Matrix, the parameter K=3 showed the best 

performance with an accuracy of 85%, precision of 

85%, and recall of 88%. In second place, K=5 achieved 

an accuracy of 75%, precision of 75%, and recall of 

83%. Meanwhile, K=7 demonstrated the lowest 

performance. Therefore, it can be concluded that K=3 

is the optimal parameter for this classification system, 

as it provides more accurate results in classifying the 

ripeness levels of oil palm fruit. 

 

Figure 7. Confusion Matrix K=3 

 
Figure 8. Confusion Matrix K=5 

Figure 10 is a bar chart that summarizes the 

classification performance of the K-NN model with 

various K values. The red bars represent accuracy, 

indicating the percentage of correct predictions; the 

green bars represent precision, showing how many of 

the predicted labels are actually correct; and the yellow 

bars represent recall, measuring how well the model 

identifies actual positive cases. Among the tested K 

values, K=3 provides the best overall performance 

across all evaluation metrics. 

 

Figure 9.  Confusion Matrix K=7 

 

Figure 10. Evaluation Metrics Chart for KNN (K=3, K=5, K=7) 

4. Conclusions 

Based on the results of the research conducted, it can be 

concluded that the hybrid model method combining 

Gray Level Co-occurrence Matrix (GLCM), Hue 

Saturation Value (HSV), and K-Nearest Neighbor (K-

NN) algorithms is effective in classifying the ripeness 

levels of oil palm fruit. The classification results 

indicate that the K=3 parameter in the K-NN algorithm 

yields the best performance, achieving an accuracy of 

85%, precision of 85%, and recall of 88%, 

outperforming other values of K (K=5 and K=7). The 

HSV method successfully extracts informative color 

features (Hue, Saturation, and Value), which are critical 

in determining the fruit’s ripeness. In parallel, the 

GLCM method provides texture features (Contrast, 

Correlation, Energy, Homogeneity) that effectively 

differentiate each ripeness category. The use of the K-

NN algorithm as the classification method has proven 

to be reliable in categorizing oil palm fruit into four 

ripeness levels: Overripe, Ripe, Half-Ripe, and Unripe. 

The results of the conducted tests demonstrate that this 

system enhances harvesting precision and supports 

sustainable palm oil production by automating ripeness 

detection with high accuracy, thereby reducing 

dependence on manual methods and improving 

consistency and productivity in palm oil processing. 

These findings suggest that the proposed hybrid method 
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can be feasibly integrated into an automated 

classification system to support decision-making in oil 

palm harvesting operations. 
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