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Abstract: Dental professionals identify common dental conditions,
including caries, with panoramic and periapical radiographs, which
dentists typically inspect manually. Manual diagnosis can miss abnormal
teeth because of inexperience or a heavy workload, which motivates the
use of computer vision and data-driven image enhancement. Convolutional
Neural Networks (CNNs), with their multiple convolutional layers, are
recognized for their high classification accuracy and are among the most
effective methods for diagnosing dental abnormalities, although they
require substantial image datasets for adequate training. This study
modifies the output layers of ResNet-50 and MobileNetV2 and proposes a
Lightweight Convolutional Neural Network (LWCNN) to classify
panoramic dental X-rays from the public DENTEX dataset into four
categories. Unsharp filtering, histogram equalization, and image
complement are applied to enhance the images. With the enhanced images,
the LWCNN achieves the highest testing accuracy (96.60%), followed by
MobileNetV2 (96.50%) and ResNet-50 (93.20%), showing that the
LWCNN can successfully aid in the classification of abnormal teeth.
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1. Introduction

In dentistry, abnormal teeth such as carious teeth result from a complex interaction between fermentable
carbohydrates and acid-producing bacteria in dental plaque. Children, teenagers, and elderly people are
more prone to this common disease. Acids in dental plaque affect the dentine and enamel, causing
demineralization and one of its initial symptoms, white spot lesions; when the process persists, small
cavities, known as caries, emerge. Early dental care prevents serious damage to the tooth layers and,
therefore, severe toothache, infection, and tooth loss [1,2,3].

Periapical and panoramic radiographs provide detailed images of the teeth, roots, and surrounding
alveolar bone, which help diagnose dental problems such as abnormal teeth, gum disease, bone loss,
impacted teeth, and broken fragments. However, caries detection on these images is typically performed
manually by dentists, which can lead to errors due to inexperience or high patient volumes, allowing caries
and other severe dental problems to go unnoticed. To address these challenges, automatic systems based on
machine learning and image processing have gained importance for detecting dental problems such as
periodontitis and cysts, although research on these technologies for dental diagnosis remains limited.

In most earlier studies, traditional machine learning-based feature extraction methods have been used
to detect dental diseases [4,5,6], whereas other studies [7,8] have performed segmentation and classification
with deep learning models. Comparatively few studies have applied deep Convolutional Neural Network
(CNN) architectures to dental X-ray images, and applications of deep CNN architectures to the detection
of abnormal teeth remain limited in number and insufficiently explored [9,10,11,12]. In particular, the effect
of image enhancement on the performance of lightweight CNNs for this task has received little attention.
Moreover, most deep learning studies rely on large, computationally expensive networks, whereas
lightweight architectures that can run on modest clinical hardware are rarely evaluated.

In this study, 2,536 panoramic X-ray images are used, and modified output layers are applied to classify
them into four groups: quadrant, quadrant-enumeration, quadrant-enumeration-disease, and unlabeled. The
results reveal that the proposed models, particularly the LWCNN, can contribute significantly to dentists'
diagnostic performance. Based on these results, the LWCNN offers a practical balance between
classification accuracy and computational cost.

The major contributions of this research are:

*The unsharp filter, histogram equalization, and image complement procedures used in this study highlight
the affected areas in the unprocessed dental images.

*The publicly available DENTEX dataset of 2,536 panoramic images (quadrant, quadrant-enumeration,
quadrant-enumeration-disease, and unlabeled) is balanced and enhanced, providing a reproducible
setting for abnormal-teeth classification.

*Pre-trained ResNet-50 and MobileNetV2 models, adapted through transfer learning, and the proposed
lightweight LWCNN are applied to abnormal-teeth classification.

2. Literature review

Studies on the identification of abnormal teeth were clearly limited in the literature and mostly applied
periapical and panoramic imaging. This study addresses these limitations by combining conventional image
enhancement techniques with pre-trained and lightweight deep models. The most relevant studies are
reviewed below. The reviewed studies are grouped according to their use of traditional image processing,
machine learning, and deep learning techniques.
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A multi-step framework that included dental instance detection, healthy instance filtering, and abnormal
instance classification achieved an F1 score of 0.76 for the multi-label classification of dental diseases [9].
Another study used a unified CNN-based method for detecting teeth and segmenting cavities, achieving
over 90% precision and recall [10]. The fusion of handcrafted features with deep learning architectures was
shown to enhance the detection of specific dental structures, such as maxillary incisors and canines,
improving diagnostic performance by approximately 1.7% [11]. YOLO-v6 achieved a mean average
precision of 70.76% in detecting various dental diseases, showing the potential of real-time object detection
in clinical settings [12]. Geetha et al. [6] used back-propagation neural networks, window-based adaptive
thresholds, and Laplacian filtering to process dental X-ray images; using several statistical features, the
network identified caries with a success rate of 97.1% on 105 periapical X-ray images. Prajapati et al. [13]
applied transfer learning with a pre-trained VGG16 model to 251 periapical dental X-rays and achieved
88.46% accuracy across three classes. These studies showed that deep detection and classification
frameworks could handle the multi-label nature of dental findings in panoramic images.

The automated caries detection system developed by Singh and Sehgal [14] was based on the Radon
Transformation (RT) and Discrete Cosine Transformation (DCT), with Principal Component Analysis
(PCA) used for feature extraction; with a Random Forest classifier, the model achieved an accuracy of 86%.
Casalegno et al. [15] proposed a method for identifying dental cavities in images obtained through near-
infrared transillumination (TI) imaging, and their convolutional neural network achieved receiver operating
characteristic (ROC) areas of 83.6% for occlusal lesions and 85.6% for proximal lesions. Cantu et al. [7]
identified caries lesions in 3,686 bitewing radiographs using a U-Net convolutional neural network, which
achieved an accuracy of 80%.

Son et al. [16] proposed a hybrid strategy comprising segmentation, classification, and decision-making
steps. Segmentation was based on semi-supervised fuzzy clustering, and a new graph-based clustering
technique was used for classification; the approach achieved 90% performance across five different caries
classes. Lakshmi and Chitra [17] used 1,700 panoramic dental X-rays to identify cavities and compared a
deep CNN architecture with conventional segmentation methods; the graph cut and deep CNN approach
achieved a 98.6% success rate. Na'am et al. [18] aimed to improve the clarity of panoramic dental X-ray
images so that specialists could identify caries more easily. In addition to common image processing
methods such as cropping, morphological erosion, and morphological dilation, they developed multiple
morphological gradient algorithms, and the enhanced pre-processing made caries easier to detect. Oprea et
al. [19] classified the type of caries in dental radiographs after assessing the size of the lesion. Edge
detection was used to segment the dentition, after which the number of caries pixels (dark areas) was
measured and lesions were categorized by size.

Obuchowicz et al. [5] compared texture feature mapping techniques for caries detection, using
Histogram Stretching (HSTR) to pre-process the original images. The energy parameter provided the most
valuable information, and the entropy parameter visualized caries-affected areas well. Lee et al. [20] used
the GoogLeNet Inception v3 CNN architecture to identify caries in periapical dental X-ray images. Their
dataset of 3,000 periapical images was split into 2,400 training and 600 testing images, and the premolar,
molar, and combined premolar and molar caries models achieved accuracies of 89%, 88%, and 82%,
respectively. Na'am et al. [21] aimed to enhance X-ray image quality to help specialists identify proximal
caries. They compiled a collection of dental X-ray images that included 27 teeth with proximal caries and
used a multiple morphological gradient approach to produce clear images of object edges; the findings
suggested that the model could accurately characterize proximal caries and their stages of progression. Leo
and Reddy [22] presented a hybrid model combining deep neural network and artificial neural network
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approaches. Using 300 training and 180 testing dental X-ray images, the method achieved a 96% success
rate in classifying abnormal teeth.

Majanga and Viriri [23] created a system based on deep learning and morphological techniques. During
pre-processing, thresholding with Gaussian blur filters was used to identify the borders of teeth, and features
derived from deep learning were then used to classify dental images as caries or non-caries based on a
predetermined threshold. Using data augmentation on periapical dental X-ray scans, they obtained 11,114
tooth images, and the proposed caries detection model achieved a 97% success rate. Vinayahalingam et al.
[24] assessed the classification performance of deep learning on panoramic X-ray images. A CNN was
trained on 400 cropped panoramic images and tested on 100, and the MobileNetV2 architecture achieved
an accuracy of 87%.

The rest of the paper is organized as follows: Section 3 presents the materials and methods, Section 4
presents the experimental results and their analysis, Section 5 discusses the results in relation to the state of
the art, and Section 6 concludes the paper.

3. Materials and methods

3.1. Methods

This section describes the proposed framework for classifying the DENTEX dataset [25,26], which
consists of panoramic dental X-rays acquired at three institutions under standard clinical settings but with
different imaging protocols and equipment, so image quality varies with clinical practice. The dataset is
publicly available and anonymized, which protects patient privacy and confidentiality, and it comprises
panoramic images of patients aged 12 years and older. The proposed CNN-based X-ray image classifiers
are implemented in Python 3 on a Windows 10 computer equipped with an AMD Ryzen 5 3550H CPU
(2.10 GHz) with Radeon Vega Mobile Graphics and 16 GB of DDR4 RAM. Two pre-trained models,
ResNet-50 and MobileNetV2, and the proposed LWCNN are used, and all images are resized to 224x224x3
for the three models. The DENTEX annotations are organized hierarchically into quadrant, quadrant-
enumeration, and quadrant-enumeration-diagnosis subsets, together with unlabeled images, and these four
subsets are used as the four classes in this study [25,26].

3.2. Balanced dataset

A significant disparity is observed in the number of images in the four classes (quadrant, quadrant-
enumeration, quadrant-enumeration-disease, and unlabeled). Because unequal class sizes can bias a model
towards the larger classes and reduce the accuracy of the findings, the classes are balanced, and some poor-
quality images are removed. After balancing, the dataset comprises 2,536 images, with 634 images per
class. The data are split 80:20 into training and testing sets, giving 507 training images and 127 testing
images per class. Figure 1 shows sample images before and after preprocessing. Balancing ensures that
each class contributes equally to training and evaluation, so that the reported accuracy is not dominated by
the largest class.
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Figure 1: Sample images (a) before and (b) after preprocessing.

3.3. Proposed LWCNN model

The proposed LWCNN employs five hidden layers [27], each comprising convolution, batch
normalization, Leaky ReLU, and max pooling to address weight scattering and extract significant features
from the images. The architecture is depicted in Figure 2, and Table 1 provides further details. Leaky ReL U,
with a negative slope of 0.01, avoids inactive neurons, while the decreasing number of filters in the last two
layers (16 and 8) keeps the model lightweight. A fully connected layer with four outputs, followed by a
softmax layer, produces the final class probabilities.
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Figure 2: LWCNN architecture

Table 1: Architecture of the proposed LWCNN model

Name of layer Dimension # of Filter Padding Stride
Input 224x224x3

Convl 3x3 8 Same

Batch normalization

Leaky Relu 0.01 1

Max pooling 2x2 2
Conv2 3x3 16 Same

Batch normalization

Leaky Relu 0.01

Max pooling 2x2 2
Conv3 3x3 32 Same

Batch normalization

Leaky Relu 0.01

Max pooling 2x2 2
Conv4 3x3 16 Same

Batch normalization

Leaky Relu 0.01

Max pooling 2x2 2
Conv5 3x3 8 Same

Batch normalization

Leaky Relu 0.01

Max pooling 2x2 2
Fully connected 4

Softmax Classification Oorlor2or3
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3.4. Analysis of DENTEX images

Two scenarios are considered in this study. In the first scenario (S1), all dataset images are resized from
their original sizes to 224x224x3 to fit the LWCNN, ResNet-50, and MobileNetV2 models, as illustrated
in Figure 3; because the original images vary in size, resizing them to the same dimensions is necessary to
obtain consistent results. In this scenario, no image enhancement is applied, so the models learn directly
from the raw radiographs.

Dataset Preprocessing Split data CNN Output

+ Quadrant * Resize (224x224x3) + Training: 80% * ResNet-50 *Classes0|1]2]3
* Quadrant-enumeration + Testing: 20% * MobileNet\2

» Quadrant-enumeration- « LWCNN

disease
= Unlabeled

Figure 3: Scenario 1 (S1): training of the three models with the original dataset.

In the second scenario (S2), as illustrated in Figure 4, a new version of the dataset [25,26] is created
from the same images after enhancing them with unsharp filtering, histogram equalization, and image
complement, which gives the images more depth. These image-editing methods are described below. The
three models are then retrained on the enhanced dataset.

3.4.1. Unsharp filter

The unsharp filter is a basic sharpening tool that enhances edges (and other high-frequency components
of an image) by subtracting an unsharp, or smoothed, version of the original image. Unsharp filtering is
frequently used in the printing and graphics industries to produce sharper edges. Using Eq. (1), unsharp
masking creates an edge image g(x, y) from an input image f(x, y). The degree of sharpening depends on
the amount of smoothing applied to the original image.

(x,y) = f(x,y) = fsmooth(x,y) (M

3.4.2. Histogram equalization [27]

The second process adjusts the intensities of the DENTEX images to enhance contrast, as shown in
Figure 4. Histogram equalization often improves the overall contrast of images whose data are represented
by a narrow range of intensity values. It can improve detail in over- or under-exposed images and the
visibility of bone structures in DENTEX images. By spreading the intensities across the full range, it
distributes the histogram more evenly, so that areas with low local contrast gain higher contrast and densely
packed intensity values that have reduced visual contrast are spread out. In this study, it is applied after
unsharp filtering, so that the sharpened edges also benefit from the improved contrast.
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3.4.3. Complement image

The image complement is the last stage of the DENTEX image enhancement process. In a binary image,
it turns zeros into ones and ones into zeros [28]; in a grayscale or color image, each pixel value is subtracted
from the maximum pixel value allowed by the data type (or from 1.0 for double-precision images), and the
difference becomes the pixel value of the output image. As a result, dark areas become lighter and bright
areas become darker, and in color images red becomes cyan, green becomes magenta, and blue becomes
yellow. When the models are trained on these enhanced images, as shown in Figure 4, the results improve
substantially compared with the first scenario. Combining the three enhancement methods emphasizes tooth
boundaries and lesion regions that are difficult to distinguish in the original radiographs.

disease
* Unlabeled

+ Complement

Dataset Preprocessing Split data CNN QOutput

* Quadrant * Resize * Training: 80% * ResNet-50 *Classes0([1]2]3
* Quadrant-enumeration * Unsharp filter » Testing: 20% * MobileNetV2

* Quadrant-enumeration- * Histogram eq. * LWCNN

Figure 4: Scenario 2 (S2): training of the three models with the enhanced dataset.

3.5. Training stage

The training stage is implemented in Python 3 and consists of the following steps:

1-Defining libraries: the libraries required for training, feature extraction, classification, testing, and result
extraction are defined; the most important are Keras and TensorFlow.

2-Loading the images: “ImageDataGenerator” is used to load and manage the images from Google Drive.
3-Checking the data: “flow_from_directory” is used to check and count the number of images in each class.

4-Creating the network model: the model comprises input, hidden, and output layers.

4. Experimental results

This section presents the training outcomes of the LWCNN, ResNet-50, and MobileNetV2 models. As
shown in Figures 5, 6, and 7, the models are trained for 20 epochs, meaning that each dataset is processed
20 times during training. Table 2 presents the results for scenarios S1 and S2. The training and validation
curves of each model are shown for both scenarios.
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Figure 6: Training and validation accuracy and loss of MobileNetV2 in S1 (top) and S2 (bottom).
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Figure 7: Training and validation accuracy and loss of the LWCNN in S1 (top) and S2 (bottom).
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The performance measure used in this study is accuracy, the most widely used classification metric,
computed for both training and testing as follows [29]: Training accuracy is computed on the training set
and testing accuracy on the held-out 20% test set.

TN+ TP

TP+ FP+TN+ FN

Accuracy =

€y

Table 2: Training (AC-Tr.) and testing (AC-Te.) accuracy (%) in Scenario 1 (S1) and Scenario 2 (S2).

(S1) (S2) (S1) (S2)
Model AC-Tr. AC-Tr. AC-Te. AC-Te.
ResNet-50 38.56 99.80 34.06 93.20
MobileNetV 62.13 99.60 22.83 96.50
2
LWCNN 63.91 99.90 26.38 96.60

Table 2 shows clear differences in the performance of the three deep learning models, ResNet-50,
MobileNetV2, and the proposed LWCNN, across the two experimental scenarios. In the first scenario (S1),
in which the original images are only resized to 224x224x3, the LWCNN achieves the highest training
accuracy (63.91%), outperforming ResNet-50 and MobileNetV2. In testing, however, the LWCNN's
accuracy falls to 26.38%, while ResNet-50 and MobileNetV2 achieve 34.06% and 22.83%, respectively.
In the second scenario (S2), in which the images are enhanced, the training accuracies of ResNet-50,
MobileNetV2, and the LWCNN rise to 99.80%, 99.60%, and 99.90%, respectively, showing the
effectiveness of the image enhancement approach. In testing, the LWCNN and MobileNetV2 maintain high
performance, achieving 96.60% and 96.50% accuracy, respectively, and ResNet-50 improves substantially
to 93.20% from its S1 performance. The large gap between training and testing accuracy in S1 indicates
that the models overfit the unprocessed images, whereas in S2 the gap narrows considerably, indicating
better generalization.

These results highlight the importance of carefully selecting and optimizing preprocessing techniques
in deep learning tasks, as they significantly affect the models' ability to generalize. The contrasting
outcomes of the two scenarios underscore the need for comprehensive evaluation and careful model
selection to address the specific challenges of this problem domain. In particular, the LWCNN achieves the
best testing accuracy with far fewer parameters than ResNet-50 and MobileNetV2, which makes it attractive
for deployment on modest clinical hardware.

5. Discussion

Table 3 provides an overview of deep learning-based approaches applied to dental X-ray images in
studies published from 2020 to 2024, summarizing their methods, network architectures, dataset sizes, and
input dimensions. The approaches range from simpler methods, such as k-means clustering and basic CNNss,
to more sophisticated architectures, including U-Net, EfficientNet-B5, GLCM-based features with AlexNet,
and detection frameworks. Dataset sizes vary widely, from 105 to 11,114 X-ray images, and the reported
performance ranges from 70.76% to 98.70%, depending on the task and metric. The proposed approach
achieves training accuracies of 99.80%, 99.60%, and 99.90% with ResNet-50, MobileNetV2, and the
LWCNN, respectively, and testing accuracies of 93.20%, 96.50%, and 96.60%. Because the compared
studies use different datasets, tasks, and metrics, these values are not directly comparable, but they illustrate
the continuing improvement of deep learning-based dental X-ray analysis, a crucial task in medical imaging
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and diagnosis. Furthermore, many of the compared studies address caries detection on periapical or
bitewing images, whereas this study classifies panoramic images from a public benchmark dataset.

Table 3: Comparison with the relevant state of the art

Reference / Method Number of Dim Reported

Year X-rays performance
(%)
[4]/2020 k-means - None 92.00
[6] /2020 CNN 105 None 97.10
[71/2020 CNN, U-Net, EfficientNet-B5 3,686 512x416 80.00
[17]/2020 CNN, GLCM, and AlexNet 1,700 None 98.60
[22]/2021 HNN and CNN 480 None 96.00
[23]/2021 CNN 11,114 None 97.00
[24]/2021 CNN and MobileNetV2 500 256x256 87.00
[9]/2023 Faster R-CNN, U-Net, and - 80x80 76.00

VGG16

[10]/2023 CNN 968 None 95.40
[12]/2023 CNN 664 416x416 70.76
[11]/2024 CNN - 2x2 and 3x3 98.70
ResNet-50 99.80
Proposed MobileNetV2 and 99.60
model LWCNN 99.90

6. Conclusion

Deep convolutional neural networks (CNNs) are commonly used to examine images of abnormal teeth.
This study adapts two pre-trained CNN models (ResNet-50 and MobileNetV2) by reducing their output
layers from 1,000 to 4 classes and proposes a new lightweight convolutional neural network (LWCNN).
The models are evaluated in two scenarios without data augmentation. In the first scenario (S1), only the
original images are used, and the training accuracies of ResNet-50, MobileNetV2, and the LWCNN are
38.56%, 62.13%, and 63.91%, with testing accuracies of 34.06%, 22.83%, and 26.38%, respectively. In the
second scenario (S2), the enhanced images are used, and the training accuracies are 99.80%, 99.60%, and
99.90%, with testing accuracies of 93.20%, 96.50%, and 96.60%, respectively. These findings show that
preprocessing the dataset with image enhancement substantially improves classification performance.
Future research could develop more efficient techniques and incorporate additional clinically validated
datasets, and a comprehensive system could be built to speed up analysis and help practitioners identify
abnormal teeth early. The LWCNN achieves the best testing accuracy in S2 while remaining
computationally light, which makes it suitable for practical clinical use.
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