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Abstract  
Dental caries is a globally prevalent oral health issue posing 

substantial challenges regarding health outcomes and economic 
burden. Early detection is critical to prevent the progression of the 
disease and ensure effective treatment. This study aims to develop 
a machine learning-based system for classifying dental caries 

severity using X-ray radiographic images. The proposed system 
integrates two prominent feature extraction techniques: Histogram of 
Oriented Gradients (HOG) and Haar Wavelet Transform, applied at 
varying levels (HOG 50×50, HOG 70×70, Haar Level 1, and Haar 
Level 2) to capture both texture and frequency-based features. 

These extracted features are subsequently classified using two 
machine learning algorithms, Support Vector Machines (SVM) and k-
Nearest Neighbors (KNN), across four models: Cubic SVM, 
Quadratic SVM, Weighted KNN, and Fine KNN. A dataset of 347 

dental X-ray images was expanded to 1,388 through augmentation 
techniques and pre-processed into grayscale for consistency. The 
results unveiled that combining Haar Wavelet features with the KNN 
classifier yielded the highest classification accuracy, reaching 
97.99% during training and an AUC of 0.99. These findings 

underscore the potential of combining advanced feature extraction 
methods with robust machine learning algorithms to enhance the 
precision of dental caries detection in clinical practice. This system 
presents a significant step forward in automating diagnostic 

procedures, providing a reliable and efficient tool for early caries 
detection, ultimately contributing to improved patient outcomes.  
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INTRODUCTION  
Dental caries remains one of the most 

prevalent chronic conditions worldwide and 
continues to impose a significant burden on health 
systems through treatment costs, lost productivity, 
and reduced quality of life [1]. Globally, the WHO 

has reported that by 2022, untreated dental caries 
affected 2,029,495,070 individuals, making it one 

of the leading causes of oral disease burden. The 
economic impact of dental caries is substantial, 

with direct and indirect costs contributing to an 
annual expenditure of approximately US$387 
billion in direct costs and US$323 billion in indirect 
costs. The highest prevalence of dental caries is 

in densely populated regions, particularly in 
South-East Asia and the Western Pacific. In 

http://creativecommons.org/licenses/by-sa/4.0/


 

SINERGI Vol. 30, No. 2, June 2026: 319-336 

 

 

320 Y. Jusman et al., Texture features-based automated classification for dental caries … 

 

Indonesia specifically, there are an estimated 
69,024,654 cases of dental caries in permanent 
teeth, representing 3.4% of the global caseload. 
Additionally, the country has approximately 

38,105,664 cases of dental caries in deciduous 
teeth, accounting for 3.5% of the global total [2]. 
These statistics highlight the significant burden of 
dental caries both globally and in Indonesia, 

emphasizing the urgent need for effective oral 
health strategies and interventions. 

Early detection and accurate 
characterization of carious lesions are essential to 
enable minimally invasive interventions and to 

prevent irreversible structural damage. 
Conventional diagnostics, visual-tactile inspection 
supplemented by bitewing, periapical, or 
panoramic radiography, have been widely utilized 

but can miss early, non-cavitated lesions and are 
subject to inter-observer variability and ionizing 
radiation exposure [3, 4, 5]. 

Digital imaging and artificial intelligence (AI) 
advances have catalyzed a transition from 

subjective assessments to quantitative, image-
based decision support [6, 7, 8, 9, 10]. Modern 
pipelines pair image acquisition with 
preprocessing, segmentation [11, 12, 13], feature 

extraction, and supervised learning to detect and 
classify caries by location and severity. These 
pipelines promise greater reproducibility, 
sensitivity to subtle demineralization, and scalable 
screening workflows in both clinic and community 

settings. 
Within this paradigm, machine learning 

(ML) and deep learning (DL) models have been 
applied to radiographs and alternative imaging 

modalities to automate lesion detection, boundary 
delineation, and risk stratification. Classical 
feature-based approaches (e.g., texture and 
shape descriptors) coexist with end-to-end 

convolutional neural networks (CNNs) learn 
hierarchical features directly from pixel data. 
Explainable AI techniques aim to improve clinical 
trust by highlighting image regions that drive 
model predictions [14][15]. 

Despite encouraging results, several 
barriers limit routine deployment. Data scarcity 
and inconsistent labeling standards hinder robust 
training and cross-site generalization [16, 17, 18, 

19]; imaging artifacts and anatomical variability 
complicate segmentation and classification [20, 
21, 22, 23, 24, 25, 26]; and cost or workflow 
constraints can impede adoption of advanced 
modalities. Hence, addressing these challenges is 

central to translating research prototypes into 
dependable preventive and restorative dentistry 
tools. 

Early work in image-based caries 
classification relied on handcrafted features 
engineered to capture intensity, texture, and 
shape variations associated with demineralization. 

Common descriptors include Hu and Zernike 
moment invariants for shape [27, 28, 29], Gray 
Level Co-occurrence Matrix (GLCM) and 
Histogram of Oriented Gradients (HOG) for texture 

and edge structure, and simple first-order 
statistics. These features are typically fed to 
classical classifiers such as Support Vector 
Machines (SVM), K-Nearest Neighbors (KNN), 
and Multilayer Perceptron (MLP), achieving 

competitive accuracies on curated datasets and 
enabling interpretable decision boundaries 
[30][31]. 

The emergence of deep learning has 

shifted the field toward end-to-end representation 
learning. CNN architectures (e.g., AlexNet, 
GoogLeNet, ResNet-50) trained on dental 
radiographs have reported high diagnostic 
performance, while encoder–decoder models 

such as U-Net and its variants support pixel-wise 
segmentation of occlusal and approximal lesions. 
Ensemble strategies that aggregate multiple 
CNNs or combine CNNs with gradient-boosting or 

random-forest heads further improve robustness, 
particularly under class imbalance [32]. In parallel, 
explainability methods (Grad-CAM, saliency 
maps) provide visual rationales that clinicians can 
inspect. 

Beyond X-ray imaging, several non-ionizing 
modalities have been developed to expand 
diagnostic capability, particularly for detecting 
early enamel lesions. Near-infrared (NIR) 

reflectance and hyperspectral imaging provide 
enhanced contrast between sound and 
demineralized tissues without exposing patients to 
radiation [33, 34, 35, 36]. Optical Coherence 

Tomography (OCT) offers high-resolution, depth-
resolved cross-sections [37, 38, 39, 40, 41, 42]. 
Micro-CT serves as a high-resolution reference 
standard for in vitro studies, while emerging 
techniques such as photoacoustic imaging and 

terahertz spectroscopy are under investigation for 
non-destructive, depth-aware analysis [43, 44, 45, 
46, 47]. However, their clinical adoption is 
constrained by operational complexity, specialized 

training requirements, and high costs, limiting 
routine use in primary care [41, 48, 49]. 

Image processing remains pivotal for 
reliable pipelines across modalities. 
Preprocessing steps (noise reduction, contrast 

enhancement, illumination correction) mitigate 
acquisition variability; segmentation strategies 
span thresholding, active contours, region 
growing, level sets, and CNN-based methods; and 
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post-processing refines lesion masks via 
morphological operations [4, 51, 52, 53, 54, 55]. 
For classical ML, feature selection (e.g., mutual 

information, recursive elimination) curbs 
overfitting and improves generalization. For DL, 
data augmentation, transfer learning, and fine-
tuning from extensive natural-image backbones 
are routine to counter limited labeled data. 

Clinically realistic datasets are 
heterogeneous in sensor type, exposure, and 
patient population, causing a domain shift that 
degrades model performance outside the training 

site. Annotating lesion boundaries is labor-
intensive and subjective, particularly for 
approximal caries with ambiguous edges; weak or 
noisy labels can bias training. Imbalanced class 

distributions (few advanced lesions) complicate 
optimization and inflate apparent accuracy if not 
handled with calibrated metrics. Finally, 
deployment demands calibration, uncertainty 
estimation, and human-AI interaction design to 

prevent automation bias. 
Recent trends address these gaps through 

self-supervised and semi-supervised learning to 
leverage unlabeled images; curriculum and active 

learning to prioritize informative samples for 
expert annotation; and domain adaptation or 
normalization to harmonize data across devices 
and clinics. Lightweight CNNs and on-device 
inference broaden primary care and tele-dentistry 

access, while multimodal fusion integrates 
complementary contrast mechanisms. 
Standardized benchmarks, reporting guidelines, 
and external validation across institutions are 

increasingly recognized as prerequisites for 
clinical translation. 

Accordingly, clinically integrated systems 
will likely combine non-ionizing imaging for 
screening, radiography for confirmatory 

assessment, and AI for triage, severity grading, 
and progression monitoring. Incorporating 
longitudinal data, calibration to real-world 
prevalence, and explainability tailored to dental 

workflows can enhance trust and adoption. As 
datasets grow and evaluation protocols mature, 
image-based ML/DL methods are poised to 
support earlier, more precise caries management 
and to reduce overtreatment through evidence-

guided prevention. 
Radiographic imaging remains fundamental 

to caries diagnosis by enabling detailed 
visualization of dental and bony structures, 

although its accuracy is constrained by image 
quality variability, necessitating advanced imaging 
modalities and more reliable diagnostic tools. 

To address these limitations, biomedical 
researchers have increasingly applied AI and 
image processing algorithms for dental caries. 

Although recent advancements in deep learning, 
particularly CNNs, have demonstrated remarkable 
success in learning complex and hierarchical 
representations directly from raw medical images, 
their effectiveness typically depends on access to 

large, annotated datasets and substantial 
computational resources. Given that this study’s 
dataset consists of 1,388 images after 
augmentation, a traditional machine learning 

approach with handcrafted feature extraction was 
adopted to maintain model interpretability and 
reduce the risk of overfitting.  

The development of machine learning 

applications in dentistry remains necessary to 
improve diagnostic accuracy and support clinical 
decision-making. This study offers a machine 
learning–based solution for classifying dental 
caries through a comparative analysis of feature 

extraction and classification techniques. 
Specifically, two feature extraction methods, 
Histogram of Oriented Gradients (HOG) and Haar 
wavelet, were examined at different levels (HOG 

50×50, HOG 70×70, Haar 1, and Haar 2). The 
extracted features were subsequently classified 
using Support Vector Machine (SVM) and K-
Nearest Neighbors (KNN) with selected models, 
including Cubic SVM, Quadratic SVM, Weighted 

KNN, and Fine KNN.  
This study primarily seeks to identify the 

most effective combination of feature extraction 
and classification methods to obtain a more 

optimal model for image-based dental caries 
diagnosis, thereby supporting automated and 
precise decision-making in modern dentistry. The 
findings are expected to enhance early detection 
and clinical outcomes in dental healthcare. 

 

METHOD 
This study was designed to classify four 

levels of dental care. The classification was based 

on two feature extraction algorithms: HOG (using 
two cell sizes, 50×50 and 70×70) and Haar 
Wavelet (using two levels, 1 and 2). The 
classification methods were SVM (Cubic and 
Quadratic) and KNN (Weighted and Fine). Figure 

1 illustrates the flowchart of the system design.  
 

Data Acquisition 
This study employed 347 X-ray 

radiographic images of patients with dental caries, 
obtained from the Dental and Oral Hospital of 
Universitas Muhammadiyah Yogyakarta. 
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Figure 1. Flowchart of the System Design 

 
All data ethically encoded to ensure 

confidentiality. The X-ray images were 
categorized into four classes based on the 
severity of the caries: 125 images of class 1 (mild 
caries), 94 images of class 2 (moderate caries), 80 

images of class 3 (advanced caries), and 48 
images of class 4 (severe caries). 

This data variability was designed to 
develop an AI model capable of accurately 
detecting dental caries through image processing 

and feature extraction techniques, resulting in a 
more effective X-ray-based diagnostic system 
applicable widely in clinical practice. This class 
distribution reflects the natural imbalance often 

encountered in clinical datasets. 
 

Pre-processing 
During pre-processing, systematic steps 

were carried out to enhance the quality and variety 

of the image data for effective processing and 
classification. The initial step was data 
augmentation, where various flipping techniques 
were applied, including vertical, horizontal, and 

combined vertical-horizontal flips. This 
augmentation aimed to escalate the dataset’s 
diversity without altering the original images’ core 
characteristics, thereby improving the model’s 

performance during training. After augmentation, 
the images remained in their original RGB format; 
hence, an RGB2Gray conversion was performed 

to transform them into grayscale. This step was 

essential to remove irrelevant color information 
and focus on the intensity values that were more 
appropriate for X-ray images.  

Subsequently, the grayscale images were 

resized to a uniform resolution of 223x585 pixels. 
Standardizing the image resolution was crucial to 
address the varying resolutions of the original 
images, which could otherwise cause errors 
during feature extraction. As a result of this pre-

processing pipeline, the dataset expanded to 
1,388 images across four classes, with improved 
variation and image quality, expected to enhance 
the accuracy and effectiveness of the model in 

detecting dental caries. Figure 2 depicts the 
visualizations of the pre-processing stage. 

 
Feature Extraction  

Feature extraction on dental X-ray images, 

particularly for detecting dental caries, usually 
involves focusing on texture- and gradient-based 
characteristics [56]. This technique highlights 
minor differences in tooth structure that are often 

difficult to detect in raw X-ray images. This study 
experimented with two feature extraction 
techniques, each with two different levels. The 
HOG technique was applied at two levels of cell or 

block size, particularly 5050 (HOG 1) and 7070 
(HOG 2).  
 

  

 

Data Acquisition 

Pre-processing 

HOG 1 HOG 2  HAAR 1 HAAR 2 

Cubic Quadratic Weighted Fine Cubic Quadratic Weighted Fine       
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Oriented Gradients  
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Transform 

 

Classification stage using SVM Classification stage using KNN Classification stage using SVM Classification stage using KNN 



 

p-ISSN: 1410-2331  e-ISSN: 2460-1217 

 

 

Y. Jusman et al., Texture features-based automated classification for dental caries … 323 

 

 Class 1 Class 2 Class 3 Class 4 

 

Original Image 

    

 

Resize 

    

 

Rgb2Gray 

    

 

Flip vertical 

    

 

Flip horizontal 

    

 

Flip vertical-

horizontal 

    

Figure 2. Pre-processing Stages 
 

On the other hand, the Haar Wavelet technique 
was also implemented at two levels: Level 1 
(HAAR 1) and Level 2 (HAAR 2). HOG has been 
widely adopted for capturing local gradient 

directions, making it highly effective for texture 

analysis in dental caries detection. HOG divides 
an image into connected small regions, computes 
the gradient or edge directions for each, and 
generates a histogram of these gradients [57]. 
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It helps identify features like the borders of 
cavities, lesions, and other structural variations in 
the tooth. The HOG 50×50 and HOG 70×70 refer 
to cell sizes, indicating how the image is 

partitioned into cells for feature extraction, with 
50×50 and 70×70 pixel cells. The gradients from 
these cells were aggregated to detect irregularities 
typical of caries. The intensity gradient at each 

pixel in the image was calculated using the Sobel 
filter. Equation (1) represents the gradient in the 
horizontal (𝐺𝑥) and vertical (𝐺𝑦) directions, while 

(2) denotes the magnitude (|𝐺|) and orientation θ 

of the gradient [58]. 
 
  (1) 

 
 

(2) 

 
Haar wavelet transform is another powerful 

method utilized in dental image analysis, known 

for capturing spatial and frequency information 
[59, 60, 61]. In this study, the Haar wavelet 
transform was employed as a feature extraction 
method and applied at Levels 1 and 2. Composing 
an image into wavelet coefficients allows for multi-

resolution analysis, critical in identifying both large 
and small-scale patterns indicative of dental 
caries. Haar wavelet effectively detected fine 
texture variations and helped recognize early-

stage caries, which might not be easily visible in 
standard X-ray images. The computation of the 
Haar wavelet is relatively easy [62]. The definition 
of the mother wavelet function ψ(t) is defined in 

(3). 
 

 

(3) 

The scaling function (father wavelet) is provided in 
(4). 
 

 

(4) 

 
Classification 

This study adopted two classification 

techniques to detect dental caries: SVM and KNN. 
Each method was further explored using specific 
models: Cubic SVM, Quadratic SVM, Weighted 
KNN, and Fine KNN. These methods were 

selected for their effectiveness in medical image 
classification, particularly in detecting subtle 
features in dental X-ray images. The classification 

was applied to the features extracted from the X-
ray images using HOG: HOG 1 and HOG 2, and 
Haar wavelet transform: Haar Level 1 and Haar 
Level 2.  

These feature extraction techniques helped 
capture essential spatial and frequency 
information, making the classification models 
more robust in distinguishing between carious and 

non-carious regions. By leveraging these 
extracted features, the classifiers could accurately 
process the input data and predict the class of 
each image, thereby assisting in the early 
detection and diagnosis of dental caries. 

SVM, the supervised learning approach, 
was applied to binary and multi-class classification 
tasks. It determined the most optimal hyperplane 
with the most significant margin, dividing data 

points of various classes. The optimization 
problem for SVM is expressed in (5) and (6): 
 
Objective Function (Primal Form): 
 

 

(5) 

 
Subject to: 
 

 

(6) 

 
Description: 

• w is the weight vector 

• b indicates the bias 

• 𝜉𝑖 depict slack variables for handling 
misclassification 

• C represents the regularization parameter 

• 𝑦𝑖 denote the class labels (+1 or −1) 
 

Two specific SVM models, Cubic and 
Quadratic, were utilized in this investigation. Cubic 

SVM employed a cubic kernel function, allowing 
the model to handle more complex relationships in 
the data by transforming the input space into a 
higher dimension. This kernel type is beneficial 
when linear separability is insufficient. On the 

other hand, Quadratic SVM applied a quadratic 
kernel function, providing a less complex decision 
boundary than the cubic kernel. It is useful when a 
slightly more flexible boundary is required than 

linear models, but without the c complexity of 
higher-order kernels. 

KNN is a non-parametric method that 
classifies a data point based on the majority vote 
of its 𝑘 nearest neighbors. The distance metric 

(commonly Euclidean) was employed to discover 

the closest neighbors [63] as in (7). 
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(7) 

Description: 

• x is the test data point 
• 𝑥𝑖 signifies a training data point 

• 𝑥𝑖 and 𝑥𝑖𝑗 are feature values 

 
Two models of KNN were utilized: Weighted 

KNN and Fine KNN. Weighted KNN assigned a 
weight to each neighbor based on its distance to 

the query point, allowing closer neighbors to have 
more influence on the classification decision. This 
approach improved accuracy, especially when 
dealing with imbalanced or noisy data. Meanwhile, 

Fine KNN adopted a finer granularity by 
considering fewer neighbors, typically leading to 
more precise classifications where class 
boundaries are closely packed. 
 

RESULTS AND DISCUSSION 
HOG calculated features by computing the 

orientation gradients of an image, followed by the 
construction of histograms representing the 

distribution of these gradients within each cell. 
This method captured the structural properties of 
the image, particularly emphasizing edge 
directions and intensity. The extracted feature 
vector consisted of values between 0 and 1, 

representing the relative presence of gradient 
orientations in each region. In this study, HOG 1 
was computed using a cell size of 50×50, resulting 
in 1,080 features, as presented in Table 1. 

Meanwhile, HOG 2, using a cell size of 70×70, 
generated 504 features, as displayed in Table 2. 
The Haar Wavelet Transform, on the other hand, 
decomposed an image into its high-frequency 

(detail) and low-frequency (approximation) 
components over multiple levels. This multi-scale 
decomposition captured both local and global 
image information. This research applied Haar 
Wavelet at Levels 1 and 2, with each level 

producing six feature values, as depicted in Table 
3 and Table 4. 

The results presented in Table 1 provide a 
detailed comparison of texture feature extraction 
values across four different classes, allowing for 

an in-depth evaluation of the variations in each 
feature. The differences in mean values for each 
feature indicate varying degrees of separation 
between the classes. Feature 1 generated only 
minor variations between the classes, with Class 

4 exhibiting the highest mean value (0.150) and 
Class 1 having the lowest (0.141), while the 
standard deviations remained consistent across 
all classes. Similarly, Features 2 and 3 displayed 

minimal differences, with Class 4 maintaining a 
slightly higher mean than the other classes. These 
consistent standard deviations across the classes 
for Features 1 through 3 suggest that, despite 

some variations, these features may not provide 
significant discriminatory power for classifying the 
data. 

However, more significant differences 
became apparent as the study progressed 

through the features. Feature 5 possessed the 
highest variation, where Class 1 recorded a 
notably higher mean (0.201) compared to the 
lower mean in Class 3 (0.168). This pattern 

continued with Feature 10, where the mean values 
rose significantly from Class 1 (0.167) to Class 4 
(0.187), demonstrating a more precise 
differentiation between the classes. These 
features are characterized by more pronounced 

mean values and standard deviation variations. 
This increased variance suggests they may 

be more pivotal in distinguishing between the 
different caries of classes. The final feature 

(Feature 1,080) also exhibited similar trends, with 
Class 4 showing the highest mean (0.173) and 
Class 1 the lowest (0.161), though the differences 
were less substantial. Overall, features with higher 
variability, such as Features 5 and 10, may offer 

stronger predictive capabilities for classification 
tasks, whereas features with minimal variation 
were likely to be less influential. 

 

 

Table 1. Texture Feature Extraction Results by HOG 1 

Features 
 Class 1 Class 2  Class 3  Class 4  

Average ± St Dev 

1 0.141 ± 0.061 0.149 ± 0.061 0.144 ± 0.065 0.150 ± 0.060 

2 0.129 ± 0.059 0.136 ± 0.058 0.132 ± 0.060 0.137 ± 0.057 

3 0.130 ± 0.053 0.137 ± 0.053 0.128 ± 0.051 0.133 ± 0.051 

4 0.155 ± 0.068 0.155 ± 0.062 0.138 ± 0.056 0.141 ± 0.056 

5 0.201 ± 0.107 0.194 ± 0.095 0.168 ± 0.064 0.171 ± 0.059 

6 0.157 ± 0.065 0.158 ± 0.060 0.162 ± 0.062 0.163 ± 0.063 

7 0.132 ± 0.053 0.140 ± 0.054 0.158 ± 0.057 0.161 ± 0.056 

8 0.129 ± 0.057 0.143 ± 0.060 0.155 ± 0.059 0.157 ± 0.058 

… … ± … … ± … … ± … … ± … 

1080 0.161 ± 0.059 0.164 ± 0.065  0.167 ± 0.055 0.173 ± 0.054 
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Table 2. Texture Feature Extraction Results by HOG 2  

Features 
 Class 1 Class 2  Class 3  Class 4  

Average ± St Dev 

1 0.144 ± 0.060 0.151 ± 0.058 0.155 ± 0.057 0.164 ± 0.052 

2 0.134 ± 0.060 0.139 ± 0.056 0.141 ± 0.052 0.147 ± 0.048 

3 0.131 ± 0.052 0.134 ± 0.050 0.134 ± 0.042 0.139 ± 0.044 

4 0.149 ± 0.059 0.148 ± 0.053 0.143 ± 0.045 0.145 ± 0.050 

5 0.191 ± 0.100 0.181 ± 0.078 0.171 ± 0.051 0.169 ± 0.051 

6 0.151 ± 0.057 0.154 ± 0.052 0.167 ± 0.050 0.167 ± 0.052 

7 0.134 ± 0.051 0.143 ± 0.050 0.163 ± 0.048 0.162 ± 0.048 

8 0.135 ± 0.058 0.147 ± 0.058 0.164 ± 0.050 0.163 ± 0.050 

… … ± … … ± … … ± … … ± … 

504 0.162 ± 0.056 0.167 ± 0.061  0.173 ± 0.049 0.177 ± 0.049 

 

Table 3. Texture Feature Extraction Results by Haar Level 1 

Features Class 1 Class 2 Class 3 Class 4 

 Average ± St Dev 

Eh 0.465 ± 0.133 0.412 ± 0.105 0.331 ± 0.076 0.280 ± 0.098 

Ev 0.118 ± 0.035 0.113 ± 0.035 0.077 ± 0.022 0.068 ± 0.025 

Ed 0.030 ± 0.012 0.025 ± 0.011 0.020 ± 0.008 0.015 ± 0.007 

stdCh 17.400 ± 3.220 16.800 ± 2.260 15.100 ± 1.550 14.100 ± 2.320 

stdCv 8.750 ± 1.650 8.780 ± 1.420 7.260 ± 0.968 6.910 ± 1.130 

stdCd 4.380 ± 1.010 4.070 ± 0.943 3.620 ± 0.669 3.250 ± 0.705 

 

Table 4. Texture Feature Extraction Results by Haar Level 2 
Features Class 1 Class 2 Class 3 Class 4 

 Average ± St Dev 

Eh 0.901 ± 0.244 0.412 ± 0.105 0.331 ± 0.076 0.280 ± 0.098 

Ev 0.227 ± 0.056 0.113 ± 0.035 0.077 ± 0.022 0.068 ± 0.025 

Ed 0.083 ± 0.028 0.025 ± 0.011 0.020 ± 0.008 0.015 ± 0.007 

stdCh 48.200 ± 8.670 16.800 ± 2.260 15.100 ± 1.550 14.100 ± 2.320 

stdCv 24.300 ± 3.980 8.780 ± 1.420 7.260 ± 0.968 6.910 ± 1.130 

stdCd 14.600 ± 2.990 4.070 ± 0.943 3.620 ± 0.669 3.250 ± 0.705 

The analysis of texture feature extraction 
results revealed critical insights into the 
effectiveness of various features for classifying 

dental caries based on X-ray images. The HOG 
method applied to these images produced varying 
degrees of separability across the four classes of 
dental caries. Specifically, comparing feature 
values (mean ± standard deviation) across the 

classes demonstrated that some features 
provided more significant differentiation, while 
others depicted minimal variation. This 
observation is crucial for determining which 

features hold the most discriminative power in the 
classification. 

Features 5 and 10 exhibited substantial 
differences in mean values between the classes, 
with Class 1 consistently showcasing higher 

values than the other classes. These features 
depicted high variability (standard deviation) in 
Class 1, indicating that these texture features 
could capture critical details regarding the 

structural differences in dental caries severity. The 
higher variability suggests that Class 1 may 
encompass a broader range of caries severities or 
dental textures. Conversely, Features 2 and 3 

displayed minor differences, with relatively small 
standard deviations, suggesting that these 

features did not contribute substantially to the 
differentiation between caries classes. This 
outcome aligns with previous research identifying 

certain texture features as more informative for 
medical image analysis, particularly in 
differentiating between subtle variations in tissue 
or structural anomalies [64]. 

The texture feature extraction results using 

HOG 2, presented in Table 2, highlight varying 
degrees of class separability across the four 
dental caries classes. Features 1 to 3 portrayed 
limited differentiation between the classes, with 

slight differences in mean values and low 
variability (standard deviation). In Feature 1, Class 
4 generated the highest mean (0.164 ± 0.052), 
while Class 1 had the lowest (0.144 ± 0.060), but 
the overall variation across all classes was 

minimal. Similarly, Features 2 and 3 exhibited 
marginal differences in mean values, suggesting 
that these features may not significantly contribute 
to distinguishing between caries classes.  

Features 5 and 10 demonstrated more 
substantial variations, signifying their potential to 
enhance class separability. Feature 5 identified a 
notable difference between Class 1 (0.191 ± 

0.100) and Class 4 (0.169 ± 0.051), with a higher 
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standard deviation in Class 1, suggesting greater 
variability in this class. 

Feature 10 further amplified this trend, with 

Class 4 having the highest mean (0.195 ± 0.043) 
and Class 1 the lowest (0.172 ± 0.058), signifying 
that this feature is particularly useful for 
distinguishing between the classes. These results 
suggest that while early features offer limited 

separation, later features, such as Features 5 and 
10, have been more effective in improving 
classification accuracy in dental caries detection. 

The analysis of texture features extracted 

using the HOG 2 method across different dental 
caries classes revealed insights into how these 
features have contributed to classification. From 
the presented results, Features 1 to 3 

demonstrated minimal variability between classes, 
indicating limited effectiveness in distinguishing 
different severities of dental caries. It is consistent 
with findings from other medical imaging studies 
showing that early features in gradient-based 

extraction, like HOG, may not always capture 
sufficient detail for robust classification, especially 
when subtle variations between classes [65][66]. 

However, Features 5 and 10 presented 

notable differences in their mean values, with 
Class 1 generating significantly higher values than 
the other classes. It suggests that these features 
could capture more critical texture details, 
potentially related to the structural changes in 

caries progression, aligning with previous 
research on the effectiveness of HOG in medical 
image classification. Studies, such as those 
conducted by Jia et al., indicate that using HOG 

with advanced classifiers like SVM could 
significantly escalate accuracy in medical 
diagnosis by capturing more intricate edge and 
gradient information from the images [57]. 

The results from Table 3 demonstrate 

notable differences in the texture features 
extracted using Haar Level 1 across the four 
dental caries classes. Eh, Ev, and Ed consistently 
depicted decreasing values from Class 1 to Class 

4, with Class 1 exhibiting the highest mean values 
across these features. Eh ranged from 0.465 ± 
0.133 in Class 1 to 0.280 ± 0.098 in Class 4, 
indicating a clear differentiation between the 
classes. Similarly, Ev and Ed followed this trend, 

reflecting their ability to capture structural 
variations in the dental X-ray images. These 
results imply that these features were particularly 
effective in distinguishing between higher and 

lower severity levels of dental caries. 
Several features, particularly stdCh, stdCv, 

and stdCd, further supported this differentiation, 

with Class 1 consistently showing higher mean 
values than Class 4. stdCh yielded a mean of 
17.400 ± 3.220 in Class 1, while Class 4 recorded 

14.100 ± 2.320, implying greater variability in 
texture in the higher classes. The similar patterns 
observed in stdCv and stdCd reinforced the 
importance of these features in class separation. 
Overall, the extracted features could provide a 

strong foundation for distinguishing between the 
different severity levels of dental caries, with clear 
separability between Class 1 and Class 4, 
supporting their adoption in machine learning 

models for automated classification. Analyzing the 
texture features extracted using Haar Level 1 
revealed essential insights into their role in 
distinguishing between different dental caries 

classes. Features such as Eh, Ev, and Ed 
depicted a consistent decline in mean values from 
Class 1 to Class 4, suggesting that these features 
could capture critical structural differences in 
dental X-ray images. Specifically, Eh 

demonstrated the highest variation between the 
classes, with Class 1 exhibiting a mean of 0.465 ± 
0.133, while Class 4 produced a significantly lower 
value of 0.280 ± 0.098. This variation indicates 

that Eh effectively captured texture changes 
related to caries severity, making it a valuable 
feature for classification. Studies have unveiled 
that wavelet-based features like Eh are crucial in 
identifying texture variations in medical [59], [60]. 

StdCh, stdCv, and stdCd also disclosed 
notable differences across the classes, 
particularly in Class 1, which consistently 
exhibited higher mean values than Class 4. stdCh 

in Class 1 (17.400 ± 3.220) was substantially 
higher than in Class 4 (14.100 ± 2.320), indicating 
that horizontal texture variation was more 
pronounced in more severe caries cases. This 
trend continued with stdCv and stdCd, highlighting 

the significance of standard deviation-based 
features in capturing subtle texture variations. 

The results presented in Table 4 highlight 
significant differences in the texture features 

extracted using Haar Level 2 across the four 
dental caries classes. Eh demonstrated the most 
pronounced variation, with Class 1 displaying the 
highest mean value (0.901 ± 0.244) and Class 4 
the lowest (0.280 ± 0.098). Similarly, Ev and Ed 

consistently declined in mean values from Class 1 
to Class 4, suggesting that these features 
effectively captured the structural variations in the 
X-ray images. This pattern underscores that Eh, 

Ev, and Ed were useful in distinguishing between 
classes, especially Class 1 and 4. 

 



 

SINERGI Vol. 30, No. 2, June 2026: 319-336 

 

 

328 Y. Jusman et al., Texture features-based automated classification for dental caries … 

 

Table 4 discloses that Haar Level 2 
features captured meaningful distinctions across 
the four dental caries classes. Features such as 
Eh, Ev, and Ed consistently declined from Class 1 

to Class 4, with Eh ranging from 0.901 ± 0.244 
(Class 1) to 0.280 ± 0.098 (Class 4), indicating 
strong discriminative capacity. 

Similarly, stdCh, stdCv, and stdCd followed 

the same pattern, reinforcing their relevance for 
class separation. stdCh decreased markedly from 
48.200 ± 8.670 (Class 1) to 14.100 ± 2.320 (Class 
4). These trends signify that structural degradation 
associated with caries progression could be well-

captured by Haar-derived features.  
These findings align with prior studies 

emphasizing texture- and frequency-based 
descriptors for medical image classification 

[60][67] where gradient and edge patterns have 
proven effective in identifying pathological 
changes. The consistent separability, particularly 
between early (Class 1) and advanced stages 
(Class 4), highlights the suitability of Haar Level 2 

features for enhancing multi-class caries 
detection.  

The texture features extracted using Haar 
Level 2 demonstrated strong potential for 

improving dental caries classification. The 
consistent differences observed between Class 1 
and Class 4 across multiple features, particularly 
Eh, stdCh, and stdCv, signify that these features 
could effectively capture critical variations in the X-

ray images. 
Table 5 presents the classification 

accuracy for various machine learning models 
applied to X-ray dental caries classification, 

including SVM (Cubic and Quadratic) and K-NN 
(Weighted and Fine). These models utilized 
different feature extraction algorithms, i.e., HOG 1, 
HOG 2, Haar Wavelet Level 1, and Level 2. These 

models were evaluated over ten runs, with the 
average accuracy and standard deviation 
provided for each combination of classifier and 
feature extraction method. 

The results of the HOG 1 and HOG 2 

features revealed that Cubic SVM consistently 
outperformed Quadratic SVM, achieving an 
average accuracy of 75.28% for HOG 1 and 
77.60% for HOG 2. This outcome suggests that 

the cubic kernel could better capture the 
underlying patterns in the dental X-ray images, 
particularly when utilizing a higher feature 
extraction level, such as HOG 2. On the other 
hand, the K-NN classifiers, particularly Weighted 

K-NN, exhibited lower performance when paired 
with the HOG features, with average accuracies of 
71.09% for HOG 1 and 72.21% for HOG 2. It 
implies that, although HOG provided informative 

features, the complexity inherent in dental X-ray 
images required a classifier to model nonlinear 
decision boundaries effectively, which the SVM 
appeared to handle better than K-NN. 

The comparative training results using Haar 
Wavelet features at Level 1 and 2 revealed clear 
performance trends across SVM and K-NN 
classifiers (Table 5). The analysis uncovered that 

the depth of wavelet decomposition and the choice 
of classification algorithm significantly affected the 
accuracy and stability of dental caries 
classification models. 

For Haar Level 1, the highest training 

accuracy was achieved using the Fine K-NN 
classifier, with an average of 94.80% (±0.47), 
followed by Weighted K-NN at 93.34% (±1.17). In 
contrast, the SVM classifiers with Cubic and 

Quadratic kernels yielded considerably lower 
accuracies, 77.19% and 66.65%, respectively, 
with slightly higher variability. It indicates that the 
textural features extracted at Level 1 were more 
effectively exploited by non-parametric classifiers 

like K-NN, sensitive to localized patterns, than 
SVM, which relies on global decision boundaries. 
A similar trend was observed for Haar Level 2, 
where K-NN again outperformed SVM by a wide 

margin. Fine K-NN reached the highest overall 
training accuracy of 97.99% (±0.58), while 
Weighted K-NN achieved 96.65% (±0.56). 
Although SVM classifiers improved performance 
with Haar Level 2 features, rising to 81.39% 

(Cubic) and 76.30% (Quadratic), they still lagged 
the K-NN models in accuracy and consistency. 

These results strongly hint that Haar Level 
1 and 2 features were more compatible with K-NN 

classifiers. The localized nature of K-NN allows it 
to take better advantage of detailed texture 
variations captured by Haar decomposition, 
especially at deeper levels. In contrast, SVM 

classifiers may struggle with handcrafted features, 
particularly in multi-class classification tasks, 
unless further tuning or kernel optimization is 
applied. 

In conclusion, integrating Haar wavelet-

based features with K-NN classifiers offered a 
more effective and stable solution for dental caries 
classification from radiographic images. It 
highlights the significance of aligning feature 

characteristics with classifier architecture to 
maximize diagnostic accuracy and robustness. 

These findings advocate for a strategic 
alignment of feature extraction depth and classifier 
capabilities to maximize the diagnostic potential of 

machine learning models in healthcare 
applications, ultimately contributing to more 
effective and reliable caries detection. 
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Table 5. Comparison of Training Results for HOG and Haar Wavelet Features   

Run 

HOG 1 HOG 2 Haar 1 Haar 2 
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Accuracy (%) 

1 75.7 73.9 71.2 73.4 77.3 76.6 72.0 73.7 78.0  67.5  92.3  94.5 80.7 76.2  96.5  96.8 

2 75.1 74.0 71.6 74.9 77.8 76.1 72.5 74.1 78.4  67.9  93.3  95.1 80.3 75.9  95.9  98.6 

3 74.1 72.9 71.3 74.3 77.5 75.7 72.5 74.5 75.9  67.0  92.9  94.2 81.8 76.4  96.9  98.4 

4 76.2 72.9 71.0 74.4 77.9 76.7 73.0 74.7 77.1  66.5  93.8  94.4 81.6 77.1  95.8  97.8 

5 74.8 72.6 70.9 74.3 78.1 75.7 72.3 73.4 76.0  66.0  95.9  94.8 81.7 75.9  97.0  97.9 

6 75.6 74.0 69.7 74.7 77.8 76.4 73.3 75.3 77.1  65.7  91.9  94.4 82.3 76.9  96.0  97.9 

7 75.4 73.1 71.3 73.3 77.1 76.3 70.9 74.1 77.9  66.3  94.4  95.1 82.5 76.6  97.4  97.3 

8 75.6 74.3 70.7 73.9 78.1 76.3 72.0 74.4 77.1  67.0  92.3  95.8 81.3 75.9  97.0  98.3 

9 75.3 74.2 71.5 74.5 77.5 76.2 71.8 74.5 77.0  66.8  93.3  95.0 81.1 75.4  97.1   98.3 

10 75.0 73.7 71.7 74.4 76.9 75.5 71.8 73.4 77.4  65.8 93.3  94.7 80.6 76.7  96.9  98.6 

Ave 75.28 73.56 71.09 74.21 77.60 76.15 72.21 74.21 77.19 66.65 93.34 94.80 81.39 76.30 96.65 97.99 

St 

Dev 

0.58 0.62 0.58 0.52 0.41 0.40 0.68 0.60 0.80 0.73 1.17 0.47 0.73 0.53 0.56 0.58 

The testing results presented in Table 6 and 
Table 7 illustrate the comparative performance of 
various classification models using HOG and Haar 

wavelet feature extraction methods on different 
levels of dental caries severity. The metrics 
employed for evaluation included accuracy, 
precision, recall, specificity, and F1-score, 
providing a holistic overview of the performance of 

each model at multiple levels. 
The comparative evaluation of HOG and 

Haar Wavelet Transform features revealed a 
consistent performance advantage favoring Haar-

based descriptors across all classification models. 
While HOG 1 and HOG 2 features achieved 
moderate accuracy, ranging from 71% to 77%, 
Haar features, notably Haar Level 1, 

demonstrated superior classification capability, 
attaining the highest accuracy of 87.88% with the 
Weighted KNN classifier. This significant 
difference could be attributed to Haar’s multi-
resolution analysis, which effectively captured 

local and global texture variations, making it more 
suitable for detecting the nuanced structural 
changes in dental radiographic images. In 
contrast, HOG features emphasize edge 

orientation, which may not fully represent the 
frequency-based characteristics crucial in 
identifying early and advanced caries.  

The testing performance of HOG Level 1 
and Level 2 features indicates that SVM classifiers 

consistently outperformed K-NN in accuracy and 
stability. For HOG Level 1, Quadratic SVM 
achieved the highest accuracy of 77.09% ± 3.15, 
with balanced precision (74.85%) and recall 

(74.88%), while Cubic SVM produced similar 
results with slightly lower variability.  

In contrast, Weighted KNN generated the 
lowest accuracy (71.67% ± 6.13) and F1-score 
(62.31% ± 7.23), indicating poor and unstable 

classification. Although Fine KNN achieved a 
comparable accuracy of 77.15%, its precision and 
recall were lower than those of SVM. A similar 
trend was observed for HOG Level 2, where 
Quadratic SVM attained the most outstanding 

overall performance with 77.55% ± 1.42 accuracy 
and the highest specificity (80.34%), followed by 
Cubic SVM with an F1-score of 76.11%. K-NN 
models again performed less effectively, with 

Weighted KNN recording low recall and unstable 
specificity (0.77 ± 0.11). These results suggest 
that SVM models could generalize more from 
HOG-based features representing global gradient 

orientation patterns. At the same time, K-NN was 
more sensitive to local noise and less effective in 
capturing meaningful texture variation in 
radiographic data. Thus, SVM was the preferred 
classifier for HOG feature-based dental caries 

classification. 
The results from Haar Level 1 and 2 feature 

extraction highlight the strong performance of 
frequency-based features in enhancing 

classification accuracy. Weighted K-NN with Haar 
Level 1 acquired the highest average accuracy 
(87.88%) and specificity (90.72%), indicating its 
effectiveness in distinguishing caries from non-
caries cases. Quadratic SVM also depicted robust 

performance across both Haar levels, with an 
accuracy of 81.81% for Level 1 and 84.23% for 
Level 2, supported by high recall and specificity. 
These findings underscore the discriminative 

strength of Haar features in supporting reliable 
caries classification across varying severity levels. 
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Table 6. Classification Testing Performance using HOG Features 
Feature 
Types 

Classifier 
Accuracy 

(%) 
Precision 

(%) 
Recall 

(%) 
Specificity 

(%) 
F1-score 

(%) 

HOG 1 Cubic SVM 77.04 ± 2.14 74.15 ± 3.84 74.37 ± 6.12 79.47 ± 3.26 74.05 ± 2.32 
HOG 1 Quadratic SVM 77.09 ± 3.15 74.85 ± 5.91 74.88 ± 5.93 79.27 ± 5.12 74.62 ± 3.38 
HOG 1 Fine KNN 77.15 ± 4.07 74.77 ± 9.16 74.67 ± 8.33 79.87 ± 7.61 74.19 ± 4.42 
HOG 1 Weighted KNN 71.67 ± 6.13 64.74 ± 16.33 63.09 ± 10.54 78.34 ± 11.72 62.31 ± 7.23 

HOG 2 Cubic SVM 77.17 ± 4.21 76.05 ± 3.41 76.87 ± 9.22 78.07 ± 3.21 76.11 ± 4.34 
HOG 2 Quadratic SVM 77.55 ± 1.42 73.90 ± 2.29 74.06 ± 4.61 80.34 ± 1.87 73.87 ± 1.57 
HOG 2 Fine KNN 75.05 ± 5.29 71.69 ± 9.38 71.67 ± 8.99 78.31 ± 7.65 71.17 ± 5.83 
HOG 2 Weighted KNN 72.69 ± 4.49 70.38 ± 12.45 69.16 ± 6.37 0.77 ± 0.11 69.00 ± 4.83 

 

Table 7. Classification Testing Performance using Haar Wavelet Features 
Feature 
Types 

Classifier 
Accuracy 

(%) 
Precision 

(%) 
Recall 

(%) 
Specificity 

(%) 
F1-score 

(%) 

Haar 1 Cubic SVM 79.70 ± 2.25 74.29 ± 18.18 72.69 ± 18.95 85.93 ± 10.28 70.53 ± 2.88 

Haar 1 Quadratic SVM 81.81 ± 7.79 74.58 ± 18.16 77.49 ± 14.51 85.43 ± 10.84 74.43 ± 10.07 

Haar 1 Fine KNN 85.90 ± 1.05 81.76 ± 11.50 79.77 ± 14.09 90.38 ± 6.92 79.30 ± 1.42 

Haar 1 Weighted KNN 87.88 ± 3.45 82.85 ± 11.96 84.38 ± 12.76 90.72 ± 7.13 82.37 ± 4.79 

Haar 2 Cubic SVM 81.13 ± 2.79 76.01 ± 13.33 77.77 ± 15.48 85.09 ± 9.54 74.97 ± 3.45 

Haar 2 Quadratic SVM 84.23 ± 1.58 77.96 ± 13.76 82.06 ± 10.30 86.63 ± 8.67 78.61 ± 1.99 

Haar 2 Fine KNN 82.00 ± 3.45 75.78 ± 12.54 76.06 ± 14.38 86.68 ± 8.01 74.27 ± 4.56 

Haar 2 Weighted KNN 82.17 ± 4.75 74.59 ± 14.27 76.74 ± 16.98 87.07 ± 8.55 72.80 ± 6.70 

 
The clinical implications of these findings 

are substantial. In particular, the combination of 
Haar Level 1 features with the Weighted KNN 

classifier not only offered the highest classification 
accuracy but also balanced sensitivity (84.38%) 
and specificity (90.72%), which is critical for 
minimizing both false negatives and false 
positives in medical diagnosis. This level of 

performance implies strong potential for clinical 
deployment, especially in supporting general 
dentists in identifying severe caries cases that 
require urgent intervention. Haar features also 

exhibited higher recall, specificity, and F1-score 
across most models, suggesting better class 
discrimination and robustness. This superior 
performance was likely due to Haar’s ability to 

capture localized frequency patterns, making it 
more effective than HOG for medical image 
textures. Overall, when optimized with Haar-
based features, the proposed system could serve 
as a practical assistive tool in early caries 

detection, offering reliability, interpretability, and 
real-world applicability. 

The analysis of Area Under Curve (AUC) 
values provided critical insight into the 

effectiveness of the proposed feature extraction 
methods and classifiers for dental caries 
detection, presented in Table 8. The AUC values 
approached 1, as observed consistently with Haar 
Level 1 and 2 features across multiple models, 

including Cubic SVM and Quadratic SVM. 
Weighted and Fine K-NN depicted excellent 
discriminatory capability between the four caries 
cases. These results demonstrated that Haar 

features effectively captured relevant and fine-

grained features from dental X-ray images, 
enabling high classification accuracy and precise 
risk stratification of caries severity levels. 

A high AUC reflects the model’s ability to 
balance true positive rate (TPR) and false positive 
rate (FPR), essential for reducing misdiagnosis in 
clinical settings. Classifiers paired with texture 
information extracted by Haar wavelet achieved 

AUC values approaching 1.0, underscoring their 
effectiveness in balancing true positive and false 
positive rates, supporting early and accurate 
caries detection, and are an essential requirement 

for clinical diagnostic applications. 
Several previous studies have explored the 

classification of dental caries using various 
machine learning and deep learning techniques, 

often with varying dataset sizes and class 
structures [67]. From a critical perspective (Table 
9), while the study by Geetha et al. achieved the 
highest classification accuracy (97.1%) and an 
AUC of 0.98, its reliability is limited by the relatively 

small dataset (105 images) and binary class 
setting, which inherently simplifies the 
classification task and raises concerns of 
overfitting [31].  

Lee et al. applied a multi-class approach for 
three caries progression categories, but 
performance was limited by a small dataset of only 
50 images [67], resulting in 83.25% sensitivity and 
a 79.46% F1-score. In contrast, Imak et al. 

showed that deep learning models trained on a 
larger dataset of 340 images with two classes 
achieved up to 96.19% accuracy, highlighting the 
importance of sufficient data volume for better 

model performance [5]. 
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Table 8. Comparison of Area Under Curve Classification Results  
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Table 9. Comparison of Previous Dental Caries Classification Results 

Study/Author Dataset Method Performance Metric 

Geetha et al. (2020) 

[31] 

 

105 images (intraoral) 

Two classes (normal and 

caries) 

 

Statistical feature extraction and 

Neural Network 

 

Accuracy of 97.1% and 

ROC area of 0.98 

 

Lee et al. (2021) [67] 

 

50 images (periapical) 

Three classes (initial, moderate, 

and extensive) 

 

U-Net for caries segmentation and U-Net for 

structure segmentation 

CNN model 

 

Sensitivity of 83.25% and F1 

Score of 79.46% 

 

Imak et al. (2022) [5] 

 

340 images (periapical) 

Two classes (Caries and non-

Caries) 

 

Multi-Input deep CNN ensemble (MI-

DCNNE) with Softmax layers 

SqueezeNet model 

Xception model 

 

Accuracy of 96.19% 

86.28% 

80.25% 

 

This study 
347 images (periapical) 

Four classes (I, II, III, and IV) 

Combination Haar Level 1 Wavelet and 

Weighted KNN models 

Sensitivity Specificity of 84.38% 

and 90.72% 

Accuracy of 88% 

ROC area of 0.99 

 

In contrast, the present study stands out for 

its balanced and realistic performance across 
multiple metrics. Utilizing the most extensive 
dataset (347 periapical images) and the most 
complex classification scheme (four caries 
classes), it attained a commendable accuracy of 

88%, sensitivity of 84.38%, specificity of 90.72%, 

and an outstanding AUC of 0.99. The results 
indicate the effectiveness of the proposed 
approach, combining robust feature extraction 
techniques (Haar Wavelet Transform) and well-
established classifiers (KNN). The comparative 
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advantage lies in the model’s ability to balance 
complexity and performance using interpretable, 
computationally efficient methods suitable for 
clinical applications where computational 

resources may be constrained. 
The findings confirmed that features 

derived from Haar wavelets provided a reliable 
and scalable foundation for dental caries detection 

when paired with classical machine learning 
models such as SVM and K-NN. Nonetheless, 
while these models offered strong quantitative 
performance, their interpretability remained limited 
compared to deep learning-based systems. 

Traditional machine learning models lacked the 
intuitive visual interpretability of modern deep 
learning methods. Although Haar and HOG 
features were explainable to a certain degree, they 

did not directly visualize the decision-making. 
Hence, future work should integrate visualization 
tools such as saliency maps or Gradient-weighted 
Class Activation Mapping (Grad-CAM) to bridge 
this interpretability gap and enhance the clinical 

transparency of the system. 
 

CONCLUSION 
This study presented a machine learning-

based approach for classifying the severity of 
dental caries using periapical X-ray images. The 
system effectively differentiated between four 
caries stages by combining texture-based 
features, extracted through HOG and Haar 

Wavelet Transform, with SVM and K-NN 
classifiers. The best training performance was 
achieved using Haar features with Fine KNN 
(97.99%), while the most reliable testing result 

was obtained from Haar features with Weighted 
KNN, reaching 88% accuracy, 84.38% sensitivity, 
90.72% specificity, and an AUC of 0.99. These 
findings demonstrated that Haar Wavelet features, 

particularly at lower decomposition levels, 
provided strong discriminative power when paired 
with distance-based classifiers like K-NN. 

The results confirmed the potential of the 
proposed method for supporting early and 

accurate detection of dental caries. Its strong 
generalization performance highlights its 
suitability for clinical decision-support 
applications. Future work should explore hybrid 

models integrating handcrafted features with deep 
learning architectures to enhance diagnostic 
robustness and adaptability to larger, more 
diverse datasets.  
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