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Abstract  

Facial skin color classification can still be affected by differences in lighting, cameras, and image conditions, causing 

visual assessment to potentially produce inconsistent results. This study aims to develop a facial skin color 
classification system using a combination of color and texture features and the K-Nearest Neighbor (KNN) 

algorithm. The research data consist of primary and secondary datasets. The research stages include data 
collection, preprocessing, color feature extraction using Color Moments in the YCbCr color space, texture feature 

extraction using Gray Level Co-occurrence Matrix (GLCM), hybrid feature construction, KNN classification, and 
performance evaluation. The color and texture features are combined into a hybrid feature representation, which 

is then used as the input for KNN. K-value testing was conducted using several configurations to determine the 

optimal parameter. The results show that K = 3 achieved the highest performance in both dataset scenarios. The 
primary dataset achieved an accuracy of 90.61%, while the secondary dataset achieved an accuracy of 87.43%. 

Class-wise evaluation indicates that the model can recognize all three skin color categories with good performance. 
The results demonstrate that combining color and texture information can be an effective approach for facial skin 

color classification. 
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1. Introduction 

The development of image processing technology has enabled facial skin color characteristics to be analyzed 
automatically. Kye and Lee demonstrated that skin color classification can be performed through clustering in several 

color spaces, including YCbCr, indicating that the selection of color representation is an important aspect of a 

classification system [1]. This automated approach is relevant because the color captured by a camera is influenced 
not only by skin characteristics but also by lighting conditions and image acquisition devices.  Tadesse et al. 

developed STAR-ED to analyze skin tone using machine learning and emphasized the importance of more diverse 
skin color representations in data-driven systems [2]. Rejón Piña and Ma subsequently developed CASCo as an 

automated skin color measurement tool for social research, demonstrating that image-based measurements can be 
systematically applied when data collection and grouping processes are conducted in a controlled manner [3]. Both 

studies demonstrate that skin color classification can be performed computationally; however, the need for feature 

representations that appropriately capture the characteristics of the images remains an important issue. 

In the image processing stage, the YCbCr color space is widely used to separate luminance and chrominance 

information. Apridiansyah et al. applied YCbCr for skin color segmentation in face detection and demonstrated 
that this representation can help separate skin color characteristics from images [4]. Jung et al. also demonstrated 

that skin tone mapping using optical and deep learning approaches can produce a more structured representation 
of skin color. [5]. Hamrani et al., through AIDA, developed an approach for skin color classification and 

segmentation, highlighting the importance of image processing and managing color variations in automated systems 
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[6].  Yu et al. used machine learning to classify skin phototypes based on optical measurements. The results indicate 

that skin tone characteristics can be learned through numerical features representing skin conditions. [7]. Ulrich et 
al. developed an artificial intelligence-based approach for skin tone analysis and demonstrated that automated 

methods can be used to classify skin color more consistently [8]. Nevertheless, approaches that rely on optical 
measurements or deep learning models may require greater hardware resources, larger datasets, and higher 

computational capacity compared with classification methods based on measurable features and simple classifiers. 

The study most closely related to this research was conducted by Syahputra et al., who used Gray Level Co-

occurrence Matrix (GLCM) and K-Nearest Neighbor (KNN) for skin tone classification in foundation shade matching. 

The study achieved an accuracy of 75.65%; however, its primary focus was on GLCM texture features, so color 
distribution information was not explicitly combined with statistical color features [9]. Putri et al. used KNN to predict 

color selection based on skin tone and demonstrated that skin color characteristics can be used as a basis for 
decision-making in recommendation applications [10].  In addition to texture features, Color Moments can summarize 

the color distribution of an image using statistical measures such as mean, standard deviation, and skewness. The 
use of statistical color features provides a more compact representation than using all pixel values [11]. Winarno 

et al. demonstrated that combining multiple feature groups can provide a more informative representation for 
classification, achieving an accuracy of 99.76% using hybrid features and an Artificial Neural Network (ANN) [12]. 

Nisa et al. also combined GLCM and Color Moments for image classification and achieved the best average 

accuracy of 78.87% using Support Vector Machine (SVM), while Putra et al. utilized GLCM and color features for 
machine learning-based classification and achieved the highest accuracy of 96% when color and texture features 

were combined using SVM [13], [14]. The findings of these studies provide a basis for concluding that color and 

texture information can complement each other. 

From an evaluation perspective, Cabot and Ross explained that classification model assessment should use 
appropriate metrics so that model performance is not evaluated based on a single measure alone [15]. Vanacore 

et al. discussed classifier evaluation using a confusion matrix, while Miller et al. emphasized the importance of 
accuracy, precision, recall, and F1-score in evaluating model performance [16], [17]. Therefore, the evaluation in 

this study does not rely solely on accuracy but also includes class-wise metrics to examine the patterns of 

classification errors.  Based on previous studies, there is still room to develop a facial skin color classification system 
that combines color and texture information, uses relatively simple features, and is evaluated using more than one 

dataset source. This study proposes a hybrid feature representation consisting of Color Moments in the YCbCr color 
space and GLCM texture features, followed by classification using KNN. The study also compares the performance 

of the primary and secondary datasets to determine the influence of data characteristics on model performance. 
Thus, this study focuses not only on achieving accuracy but also on analyzing the contribution of the features, the K 

value, and differences in the characteristics of the data sources. 

 

2. Methods 

The dataset is an important component in model development and evaluation because the characteristics of the 

data sources can affect feature distributions and classification results. In this study, two data sources were used so 
that the model was not evaluated solely on images obtained through the same acquisition procedure. Comparing 

the two data sources also provides an overview of the method's robustness to variations in image characteristics.  
Before classification, the images were divided into training and testing data using an 80:20 ratio. This division was 

applied to each dataset scenario so that the evaluation results could be compared consistently. The primary dataset 
consisted of 450 images, with 150 images for each class: Kuning Langsat, Sawo Matang, and Coklat Gelap. The 

secondary dataset consisted of 927 images grouped into White, Olive, and Dark Brown. The primary dataset was 

validated to ensure the accuracy of the class labels before being used as research data. 

Because color and texture features have different value ranges, standardization is required before distance 

measurement. Scaling techniques can affect classifier performance; therefore, the standardization parameters are 
calculated from the training data and applied consistently to the testing data [18]. After the features were 

prepared, classification was performed using KNN. The selection of the distance metric and K configuration needs 
to be evaluated because changes in both can affect the labels assigned based on the nearest neighbors. Previous 

studies have demonstrated the use of Euclidean Distance in KNN [19], in KNN for classification with feature 

evaluation [20], as well as the use of KNN in recommendation systems [21]. 

2.1 Research Model 

The research model divides the classification process into a training phase and a testing phase. In the training phase, 
the data undergo preprocessing, color and texture feature extraction, and hybrid feature construction, after which 
the KNN model is stored. In the testing phase, the images are processed through the same stages, and the resulting 
hybrid features are used as input to the KNN model to determine the skin color class. 
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Figure 1. Research Model 

During the testing phase, the classification results are mapped into three skin color categories, namely Kuning 
Langsat, Sawo Matang, and Coklat Gelap. This workflow serves as the basis for system implementation and model 
performance evaluation. Fig. 1 workflow of the proposed research methodology. 

2.2 Dataset 

The research data consisted of primary and secondary datasets. The use of two data sources was intended to 

evaluate the model's performance on images with different characteristics. 

a. Primary Dataset 
The primary dataset was obtained by capturing facial images of students from the Informatics Engineering Study 

Program using a Canon EOS 250D camera with a Canon EF-S 18–55 mm lens. Supporting images for certain 
categories were also obtained from Pinterest. Before being used, the primary dataset was validated by Dr. Risa 

Fitria to ensure the classification of skin colors into three classes. Fig. 2 presents examples of images from the 
primary dataset used in this study, while Table 1 shows the distribution of images across the respective classes.  

 

                                   

      (a)   (b)  (C) 

Figure 2. Examples of the Primary Dataset: (a) Kuning Langsat Class, (b) Sawo Matang Class, and (c) Coklat 

Gelap Class 

Table 1. Primary Dataset Distribution 

Dataset Class Number 

Primary Kuning Langsat 150 

Primary Sawo Matang 150 
Primary Coklat Gelap 150 

Primary Total 450 

b. Secondary Dataset 
The secondary dataset was obtained from the Skin Tone Classification Dataset available on the Kaggle platform. 

The dataset had been categorized into three skin color categories and was used as comparative data in this study. 
Fig. 3 presents examples of images from the primary dataset used in this study, while Table 2 shows the distribution 

of images across the respective classes. 
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(a)   (b) (c) 

Figure 3. Examples of the Secondary Dataset: (a) White Class, (b) Olive Class, and (c) Dark Brown Class 

Tabel 2. Secondary Dataset Distribution 

Dataset Class Number 

Secondary White 325 
Secondary Olive 355 
Secondary Dark Brown 247 
Secondary Total 927 

Preprocessing aims to standardize the input and focus the analysis on the relevant facial region. This stage 

includes resizing, determining the Region of Interest (ROI), applying Gaussian Blur, and normalization. Recent 

reviews of facial image preprocessing indicate that size standardization, image quality enhancement, and noise 
reduction are commonly applied before the feature extraction process. [22]. Image processing approaches have 

also been applied in image-based skin classification studies to obtain regions that are more relevant to the object 
of analysis [23], [24]. Dataset characteristics are an important consideration because images obtained from 

different sources may vary in lighting, background, pose, camera quality, and color composition. These differences 

may result in different feature distributions. Therefore, preprocessing in this study is not only considered a technical 
stage but also serves to ensure that the information passed to the feature extraction stage remains focused on the 

face. Facial image preprocessing approaches generally include size standardization, noise reduction, and focusing 

on the object region being analyzed. 

The primary dataset consisted of 450 images with an equal number of images across the three classes, while 

the secondary dataset consisted of 927 images distributed into the White, Olive, and Dark Brown classes. The 
primary dataset was first validated to ensure the appropriateness of the skin color labels, while the secondary 

dataset was used as a comparison based on a publicly available source. Both datasets were divided using an 

80:20 ratio through a stratified split to maintain the class proportions in the training and testing data. This design 

enables the model performance to be evaluated across two different data source characteristics. 

    

              (a)     (b)    (c) 

Figure 4. Examples of Image Preprocessing Results : (a) Resizing, (b) ROI, and (c) Normalization 
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2.3 Image Preprocessing 

Preprocessing is performed to standardize the input and reduce the effects of image variations before feature 

extraction. Recent literature on facial image preprocessing identifies normalization, noise reduction, illumination 
adjustment, and augmentation as important steps for improving image consistency. In this study, resizing, Region of 

Interest (ROI) determination, Gaussian Blur, and normalization were performed. Resizing standardizes the image 
dimensions; ROI focuses the analysis on the facial region; Gaussian Blur reduces noise; while normalization helps 

equalize the range of pixel values [25]. Preprocessing produces images that are more focused on the object of 
interest, so that the extracted features are less influenced by non-skin regions. This stage is also consistent with the 

use of ROI approaches in skin and facial image analysis. Color feature extraction aims to transform color 
information in the images into numerical attributes that can be processed by the classifier. In this study, the YCbCr 

color space was used to separate luminance and chrominance components, and each channel was summarized using 

Color Moments. Three statistical measures were used: mean to describe the average value, standard deviation to 
describe the spread of the values, and skewness to describe the asymmetry of the distribution. The use of statistical 

color features as a compact representation is consistent with the application of Color Moments in image classification 
studies. Fig. 4. show Examples of the image preprocessing results, illustrating the transformations applied to the 

input images before feature extraction and classification. 

2.4 Color Feature Extraction 

Color features are used to represent the color distribution characteristics of facial images. YCbCr was selected 
because it separates luminance in the Y channel from chrominance in the Cr and Cb channels [26]. Three Color 

Moments, namely mean, standard deviation, and skewness, were calculated for each channel. Color Moments are 
statistical measures that summarize color distributions and can therefore be used as a feature vector. The mean was 

calculated using Equation (1), the standard deviation using Equation (2), and the skewness using Equation (3). With 

N representing the number of pixels and xᵢ representing the value of the i-th pixel, these three statistical measures 
were calculated for the Y, Cr, and Cb channels [13]. 

 

μ = (1/N) Σᵢ₌₁ᴺ xᵢ      (1)  

σ = √[(1/N) Σᵢ₌₁ᴺ (xᵢ − μ)²]     (2)  

γ = ³√[(1/N) Σᵢ₌₁ᴺ (xᵢ − μ)³]                 (3)  

 
 

Table 3. Examples of Color Feature Extraction Results for Each Class 

Class Feature Value 

Kuning Langsat 

Y Mean 141,5838 

Y Std 47,6512 

Y Skew −0,6682 
Cr Mean 144,6036 

Cr Std 7,7620 

Cr Skew −0,0940 
Cb Mean 116,4071 

Cb Std 5,8782 
Cb Skew 0,9473 

Sawo Matang 

Y Mean 131,6843 
Y Std 54,5324 

Y Skew −0,3612 
Cr Mean 143,9040 
Cr Std 10,4764 

Cr Skew −0,1698 
Cb Mean 115,2166 
Cb Std 9,4499 
Cb Skew 0,5787 

Coklat Gelap 

Y Mean 65,1488 
Y Std 51,3386 
Y Skew 0,5543 
Cr Mean 135,3968 
Cr Std 7,5107 

Cr Skew 1,3410 
Cb Mean 127,5548 
Cb Std 5,3756 
Cb Skew 1,5771 

These results show that each image produces nine color features. The differences in statistical values among the 
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classes indicate that the color distributions in the Y, Cr, and Cb channels have characteristics that can be used to 

distinguish between classes. GLCM is used to represent the spatial relationships between pixels based on their 
grayscale levels. The resulting matrix is then summarized into contrast, correlation, energy, and homogeneity. These 

four measures provide different information regarding local variation, pixel relationship regularity, distribution 
concentration, and texture uniformity. The use of GLCM in combination with color features has been applied in 

several image classification studies, making this approach relevant as a complement to color information.  Color 
Moments were selected because these features summarize the distribution of pixel values using first-, second-, and 

third-order statistics. The mean provides an overview of the average channel value, the standard deviation 

describes the dispersion of values around the mean, while skewness describes the asymmetry of the distribution. 
These three statistical measures were calculated for the Y, Cr, and Cb channels, resulting in nine color attributes. In 

the context of this study, these nine attributes were used to capture skin tone and color distribution information within 
the classification feature space. 

The extraction results show differences in characteristics among the classes. In the Kuning Langsat class, the mean 
value of the Y channel is higher than that of the Coklat Gelap class, while the skewness values in several channels 

also show different patterns. These differences are not used as a single classification rule but serve as numerical 
information that is learned together with the texture features. Thus, Color Moments function as a statistical summary 

of color information rather than as a direct class determinant.  Table 3. show the examples of color feature 

extraction results for each class. 

2.5 Texture Feature Extraction 

GLCM-based studies on skin images have shown that contrast, correlation, energy, and homogeneity can be used 
as texture features. The combination of texture and color features has also been applied in image classification. In 

this study, the images were converted to grayscale, and the GLCM was constructed using a distance of one pixel 
and four orientations, namely 0°, 45°, 90°, and 135°. Four parameters were calculated for each orientation, 

resulting in 16 texture features [26].  Table 4 presents examples of the GLCM-based texture feature extraction 
results obtained from the preprocessed images. 

 
Contrast = ΣᵢΣⱼ (i − j)² P(i,j)     (4) 

Correlation = ΣᵢΣⱼ [(i−μᵢ)(j−μⱼ)P(i,j)]/(σᵢσⱼ)   (5)  

Energy = ΣᵢΣⱼ P(i,j)²       (6)  

Homogeneity = ΣᵢΣⱼ P(i,j)/(1 + |i − j|)     (7)  

 

Table 4. Texture Feature Extraction Results 

Angle Distance Contrast Correlation Energy Homogeneity 

0° 1 0,883 0,979 0,030 0,805 
45° 1 1,665 0,960 0,024 0,743 
90° 1 1,050 0,975 0,029 0,791 
135° 1 1,618 0,961 0,024 0,743 

Hybrid feature construction was performed after the color and texture features had been obtained separately. 

The color features produced nine attributes, while GLCM produced 16 attributes from four orientations. The two 
feature groups were then horizontally concatenated, resulting in a representation of 25 attributes for each image. 

The combination of multiple feature groups was intended to preserve complementary information before the 
classification process and is consistent with the hybrid feature approach used in image classification studies.  In 

texture extraction, the preprocessed images were converted to grayscale so that the relationships between pixels 

could be analyzed based on grayscale levels. The GLCM was constructed using a distance of one pixel and four 
orientations, namely 0°, 45°, 90°, and 135°. The use of multiple orientations was intended to ensure that spatial 

relationship information was not dependent on a single direction. Contrast, correlation, energy, and homogeneity 

were calculated from each matrix, resulting in 16 texture features. 

The example results show that the contrast values vary across orientations, while the correlation values are 
relatively high in all directions. Energy and homogeneity provide information regarding the regularity and 

uniformity of patterns in the analyzed region. These results indicate that GLCM provides information that differs 
from Color Moments. While color features primarily summarize intensity distributions across color channels, GLCM 

features describe local spatial relationships. This difference in the nature of the information provides the basis for 

combining the two feature groups. 
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2.6 Hybrid Feature Construction 

The nine color features and 16 texture features were combined to form 25 hybrid features. The resulting features 
were normalized using StandardScaler. [27]. KNN was then applied using the Euclidean distance metric. The K 
values tested were 3, 5, 7, and 9. The model determined the class based on the majority label among the nearest 
neighbors. 

 

Figure 5. Visualization of Hybrid Feature Construction 

F_hybrid = [F_color | F_texture]     (8) 

Table 5. Hybrid Feature Composition 

Feature Type Method Number 

Color Features Color Moments–YCbCr 9 

Texture Features GLCM 16 

Total Hybrid Features Concatenation 25 

The hybrid feature construction resulted in 25 numerical attributes, consisting of nine color features and 16 
texture features. This stage ends with the formation of the feature representation, while KNN classification is 
described separately in the following subsection. Before calculating the distance, all feature attributes were 
standardized using StandardScaler so that features with different scales would not dominate the calculation. The 
selection of a scaling technique can affect classifier performance; therefore, the standardization process needs to 
be applied consistently to the training and testing data. After standardization, KNN determines the class based on 
the proximity of the test data to the training data. Euclidean Distance was used as the distance measure because it 
is one of the commonly applied distance measures in KNN. The K value was determined by comparing several 
configurations, while the use of KNN for classification and recommendation tasks has also been applied in previous 
studies. 

Hybrid feature construction is the stage of combining feature representations, not the classification stage. The 
nine color features and 16 texture features are concatenated sequentially into a single vector containing 25 

attributes. Mathematically, the combination can be expressed as 𝐹hybrid = [𝐹color ∣ 𝐹texture]. This process preserves 

all attributes obtained from the two feature extraction methods, allowing color and texture information to be 
available simultaneously during the classification stage. Fig 5. show visualization of hybrid feature construction 
visualization of hybrid feature construction and Table 5 show the hybrid feature composition. 

This composition provides a clear division between the sources of information in the final vector. The first nine 
attributes are derived from Color Moments in the YCbCr color space, while the following 16 attributes are derived 
from GLCM. Once the vector is formed, standardization is then performed as a preparation for distance 
measurement. This separation of stages is important so that the formation of the feature representation can be 
analyzed independently before the class decision is determined by KNN. 

2.7 K-Nearest Neighbor Classification 

KNN is a proximity-based classification method that determines the class of test data based on the majority label 

among a specified number of nearest neighbors in the training data. In this study, the hybrid features were first 
normalized using StandardScaler so that differences in feature scales would not dominate the distance calculation. 

Studies on feature scaling have shown that the choice of normalization technique can affect classification 

performance [18]. 
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z = (x − μ_train) / σ_train         (9) 

The distance between data points was calculated using Euclidean Distance. The use of Euclidean Distance in KNN 

has also been applied in KNN-based classification studies involving distance comparisons [9]. 

d(X,Y) = √[Σᵢ₌₁ⁿ (Xᵢ − Yᵢ)²]     (10) 
 

The K values tested were 3, 5, 7, and 9. After the distances were sorted from the smallest to the largest, the 
labels of the K nearest neighbors were counted, and the class with the highest number of votes was selected as the 

prediction. KNN has also been used in recommendation-based and image classification studies. Recent studies have 
discussed facial image preprocessing involving normalization, noise reduction, and image standardization. ROI 

approaches and color analysis in images have also been applied in machine learning-based studies. Research on 

skin type classification using image processing and deep learning has shown that image quality and feature 
representation can affect classification results. Random Forest-based research on skin tone and color 

recommendation has also demonstrated the use of automated classification for facial images [28]. 

KNN determines the class of test data based on its proximity to the training data. Since the hybrid vector 

contains attributes with different scales, StandardScaler was used, with the mean and standard deviation 
parameters calculated from the training data. This transformation is presented in Equation (9) and aims to prevent 

attributes with larger value ranges from dominating the distance calculation. After standardization, the Euclidean 
distance was calculated between the test data and training data. A smaller distance indicates greater proximity in 

the feature space. 

Four K configurations were tested, namely 3, 5, 7, and 9. For each configuration, the distances were sorted in 
ascending order, and the labels of the K nearest neighbors were used in the majority voting process. The best K 

value was determined based on the accuracy obtained on the test data. Testing multiple K values is necessary 
because the number of neighbors can influence the model's decision: smaller K values place greater emphasis on 

the nearest neighbors, whereas larger K values involve more data points in the decision-making process. 

2.8 Testing Scenarios and Parameters 

The evaluation was conducted under two scenarios, namely the primary dataset and the secondary dataset. Each 
scenario used the same training and testing data split so that differences in the results primarily reflected the 

characteristics of the datasets. The K values tested were 3, 5, 7, and 9. Each K value was evaluated using accuracy, 
precision, recall, and F1-score so that the best configuration could be determined based on overall performance. 

In the classification process, the features from the training data were used as the basis for building the KNN model, 
while the test data were used to measure its generalization ability. StandardScaler was fitted using the training 

data and then applied to the test data to avoid differences in feature scaling between the two data groups. This 
evaluation procedure follows the principle of model evaluation, which separates the learning and testing processes 

to minimize measurement bias. Table 6 present the research parameters. 

 

Table 6. Research Parameters 

Parameter Value 

Classification Method K-Nearest Neighbor (KNN) 

Distance Measurement Method Euclidean Distance 

K Values Tested 3, 5, 7, 9 

Input Data 25 Hybrid Features 

Output Data Facial skin color classes 

2.9 Model Evaluation 

The model was evaluated using accuracy, precision, recall, and F1-score. Accuracy was used to measure the 
proportion of correct predictions among all test data. Precision indicates the correctness of predictions for a 
particular class, recall indicates the model's ability to identify data that truly belong to a particular class, while F1-
score provides a combined measure of precision and recall. Per-class evaluation was performed so that model 
performance was not assessed solely based on overall accuracy [9] [17]. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
              (11) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
        (12) 
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𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
              (13) 

               F1 = 2 × (Precision × Recall) / (Precision + Recall)  (14) 

Testing was conducted for each K value across the two dataset scenarios. The best K value was determined 
based on the highest accuracy and was subsequently used for per-class performance evaluation and comparison 
of performance between the datasets. 

 

3. Result and Discussions 

3.1 K Value Testing Results 

K value testing was conducted to determine the effect of the number of neighbors on classification performance. 
On the secondary dataset, K = 3 achieved an accuracy of 87.43%, while K = 5, 7, and 9 achieved accuracies of 

86.10%, 84.19%, and 82.48%, respectively. On the primary dataset, K = 3 achieved an accuracy of 90.61%, 
while K = 5, 7, and 9 achieved accuracies of 89.20%, 85.92%, and 83.57%, respectively. Table 7 present the 

testing results on the secondary dataset based on different K values. 

Table 7. Testing Results on the Secondary Dataset Based on Different K Values 

K Secondary Accuracy Precision Recall 

3 87,43% 88% 87% 
5 86,10% 88% 86% 
7 84,19% 86% 84% 
9 82,48% 84% 82% 

 

K = 3 achieved the highest accuracy on both datasets. The decrease in performance as the K value increased 
indicates that, given the characteristics of the data in this study, using the three nearest neighbors provided more 
appropriate classification decisions than using a larger number of neighbors. Therefore, K = 3 was subsequently 
used as the optimal parameter for evaluating both scenarios. Table 8 present the testing results on the primary 
dataset based on different K values. 

 
Table 8. Testing Results on the Primary Dataset Based on Different K Values 

K Primary Accuracy Precision Recall 

3 90,61% 91% 91% 

5 89,20% 89% 89% 

7 85,92% 86% 86% 

9 83,57% 85% 83% 

3.2 Accuracy Comparasion Between Dataset Scenarios 

The primary dataset achieved an accuracy of 90.61%, which was higher than the secondary dataset at 87.43%. 

This difference may be associated with variations in data source characteristics, image quality, lighting conditions, 
and object diversity. These results indicate that the same model can produce different performance when the 

characteristics of the data distribution change. Confusion matrix analysis was used to identify the classes that were 
most frequently classified correctly and those that were still misclassified. In the three-class classification, the matrix 

shows the number of predictions for each combination of actual and predicted labels. Per-class analysis is necessary 
because overall accuracy may conceal differences in performance among classes. Table 9 present performance 

comparison based on dataset scenarios. 

Table 9. Performance Comparison Based on Dataset Scenarios 

Dataset Best K Accuracy Precision Recall 

Secondary 3 87,43% 88% 87% 

Primary 3 90,61% 91% 91% 

3.3 Confusion Matrix and Per-Class Evaluation 

The confusion matrix was used to examine the relationship between actual and predicted labels. From the matrix, 
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accuracy, precision, recall, and F1-score can be calculated. Classification evaluation literature emphasizes that a 

confusion matrix helps identify errors in each class rather than evaluating overall performance alone. Per-class 
evaluation was conducted using the KNN model with K = 3. On the secondary dataset, the highest precision was 

achieved by the Dark Brown class at 93%, while the Olive class had a precision of 84%. On the primary dataset, 
the Coklat Gelap class achieved a precision of 100%, while the highest recall was obtained by the Sawo Matang 

class at 92%. 

       

(a)                          (b) 
Figure 6. Confusion Matrix: (a) Secondary Dataset and (b) Primary Dataset 

 

Table 10. Per-Class Evaluation on Both Datasets 

Dataset Class Precision Recall F1-Score 

Secondary Olive 84% 87% 86% 
 White 88% 88% 88% 
 Dark Brown 93% 88% 90% 

 Rata-rata 88% 87% 87% 
Primary Coklat Gelap 100% 89% 94% 
 Kuning Langsat 88% 91% 89% 
 Sawo Matang 86% 92% 89% 
 Rata-rata 91% 91% 91% 

The evaluation results show that the model has a relatively good ability to recognize each class. In the primary 

dataset, a precision of 100% for the Coklat Gelap class indicates that all images predicted as this class 
corresponded to the actual labels. Meanwhile, a recall of 92% for the Sawo Matang class indicates that most 

images belonging to this class were correctly recognized by the model. In the secondary dataset, the highest F1-
score was achieved by the Dark Brown class at 90%. Fig. 6. Displays the confusion matrices of the classification 

model on the primary and secondary datasets. Table 10 presents the per-class performance of the classification 

model on both datasets, including precision, recall, and F1-score. 

3.4 Comparison With Previous Studies 

In previous studies, the use of GLCM and KNN achieved an accuracy of 75.65%. This study achieved accuracies of 

87.43% on the secondary dataset and 90.61% on the primary dataset. These differences indicate that the addition 
of color features through Color Moments in the YCbCr color space can provide additional information that 

complements the texture features obtained from GLCM. However, this comparison should be interpreted while 

considering differences in experimental settings and data characteristics. 

 
Table 11. Comparison of Results with Previous Studies 

Study Method Features Class Accuracy 

Syahputra dkk. (2025) KNN GLCM 3 75,65% 
This study - Secondary KNN Color Moments (YCbCr)+GLCM 3 87,43% 

This study - Primary KNN Color Moments (YCbCr)+GLCM 3 90,61% 

3.5 Discussion 

The results show that the combination of color and texture features can provide a sufficiently informative 
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representation for distinguishing three skin color categories. The use of YCbCr helps separate luminance and 

chrominance information, while Color Moments summarize the statistical distribution across the three channels. These 
findings are consistent with studies that use YCbCr for skin analysis, as well as studies that employ color statistics as 

features.  GLCM provides additional information regarding local patterns through contrast, correlation, energy, 
and homogeneity. GLCM-based approaches for skin images have also been employed in previous studies, while 

the combination of color and texture features has demonstrated benefits in image classification. Therefore, the 
hybrid features used in this study do not rely solely on color intensity but also consider the local structure of the 

image. The higher performance of the primary dataset compared with the secondary dataset indicates that data 

quality and distribution affect classification results. Lighting conditions, camera variations, pose, background, and 
class composition may lead to differences in feature distributions. Studies on facial image preprocessing have also 

emphasized that normalization, noise reduction, and image standardization are important for maintaining input 
quality. 

The results of this study also differ in approach from studies that use CNNs for skin tone classification and color 
recommendation. Deep learning approaches can learn representations directly from images but generally require 

larger datasets and greater computational resources. CNN-based studies on skin tone classification have 
demonstrated the potential of this approach for color recommendation. In contrast, this study employs hybrid 

features and KNN so that the relationship between feature characteristics and classification results can be analyzed 

more directly.  Overall, K = 3 was the best-performing configuration for both datasets. These results indicate that 
a simple model can achieve good performance when the feature representation contains relevant information. This 

finding is consistent with previous KNN studies showing that the selection of the K value and distance metric can 
affect classification performance, while the use of KNN for recommendation based on object characteristics has also 

been applied in other studies.  In terms of feature characteristics, Color Moments provide a statistical summary of 
the three YCbCr channels, while GLCM provides information about texture patterns. The combination of these two 

approaches ensures that the image representation does not rely solely on intensity or chrominance but also considers 
local relationships between pixels. This approach is consistent with studies demonstrating the benefits of combining 

color and texture features for image classification. The difference in performance between the primary and 

secondary datasets should also be understood as part of the research findings, rather than merely as a difference 
in accuracy values. Datasets with different acquisition conditions, camera quality, lighting conditions, and subject 

characteristics may produce different feature distributions.  

Therefore, testing on two data sources provides additional information regarding the consistency of the method 

and helps identify the conditions under which the model performs classification more easily or with greater difficulty.  
From an implementation perspective, the use of KNN offers the advantage that classification can be performed 

based on feature similarity without requiring a complex model training process. However, KNN remains sensitive to 
feature scaling and data distribution. Therefore, feature standardization and K value selection are important 

components of the experimental design. This is consistent with studies showing that scaling can affect classification 

performance and that different distance configurations can produce different results in KNN. Accuracy represents 
the proportion of correct predictions among all data, while precision indicates the correctness of predictions when 

the model assigns a particular class label. Recall represents the model’s ability to identify data that actually belong 
to a given class, while F1-score is a combined measure of precision and recall. The use of these multiple evaluation 

metrics provides a more comprehensive view of model performance than using accuracy alone. 

4. Conclusion 

This study developed a facial skin color classification system using hybrid features consisting of nine color features 
extracted using Color Moments in the YCbCr color space and 16 texture features extracted using GLCM, resulting 
in a total of 25 features. These features were used as inputs to the KNN method with Euclidean Distance. Testing 
with K values of 3, 5, 7, and 9 showed that K = 3 provided the best performance in both dataset scenarios. The 
primary dataset achieved an accuracy of 90.61%, with average precision, recall, and F1-score values of 91%, 
while the secondary dataset achieved an accuracy of 87.43%, with precision of 88%, recall of 87%, and F1-score 
of 87%. The differences in results between the datasets indicate that data characteristics affect classification 
performance. The primary dataset achieved higher performance, while the secondary dataset had greater data 
variation. Future studies may expand the number and diversity of images, compare KNN with other methods such 
as SVM or Random Forest, and evaluate additional features such as LBP or HOG. 
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