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Abstract Individual classification models for caries detection still face significant challenges, including 

limited accuracy and unstable predictions, which can hinder diagnosis, delay clinical decisions, and 

increase the risks associated with patient care. To overcome these limitations, this study proposes an 

ensemble voting method that combines five deep learning models, such as ResNet-152, MobileNetV2, 

InceptionV3, NASNetMobile, and EfficientNet-B5. This approach aims to enhance the accuracy and stability 

of caries detection by leveraging the complementary strengths of the individual models while mitigating 

their weaknesses. Each model was trained and tested on the same dataset of dental images, categorized 

into caries and regular classes. Their predictions were aggregated using hard and soft voting techniques. 

The ensemble's performance was evaluated using accuracy, precision, recall, and F1-score. The ensemble 

voting demonstrates a notable improvement in classification performance over individual models. Hard 

and soft voting have excellent classification performance and consistently outperform the best individual 

models. The accuracy increased from EfficientNetB5 0.8485 to 0.8864 and 0.8712, representing increases 

of 4.46% and 2.68%, respectively. The precision increased from MobileNetV2 0.8182 to 0.8493 and 0.8551, 

representing increases of 3.81% and 4.52%. For recall, EfficientNetB5 ranked highest among individual 

models with a score of 0.9242. Hard voting increased 1.64% to 0.9394, and soft voting decreased slightly 

by 3.28% to 0.8939. The F1 score of EfficientNetB5 is 0.8592. Hard and soft voting increased 3.83% and 

1.73% to 0.8921 and 0.8741. The proposed ensemble improves the F1-score by 3.83 percentage points 

compared to the best individual model. The ensemble voting method effectively leverages the 

complementary strengths of each deep learning model to improve the stability and accuracy of fast, reliable 

dental caries early detection prediction. 

Keywords Caries detection; Deep learning; Ensemble voting; Hard voting; Soft voting.

I. Introduction  

Teeth are complex organs that play an essential role in 
eating and speaking. The structure of teeth consists of 
several layers. Each layer has a specific function [1]. 
Dental caries, also known as tooth decay or cavities, is 
a common dental issue that impacts the complex 
structures of the teeth. Tooth decay is a condition 
where the tooth structure is damaged from the outer 
surface to the pulp, caused by the accumulation of 
bacteria from food residues. Failure to maintain oral 
hygiene can lead to tooth decay, causing the teeth to 
become brittle, develop cavities, or break [2]. This 
condition is important to pay attention to because 
untreated dental caries can lead to serious problems, 

including severe pain, tooth abscesses, and even gum 
disease [3]. 

Dental caries is diagnosed by reviewing the 
patient's history and using dental instruments for direct 
inspection. Dentists desire automation to simplify 
caries diagnosis, but existing techniques are 
considered inefficient and time-consuming. Deep 
learning in dental health is expected to streamline the 
diagnosis process and reduce the time required. The 
Convolutional Neural Network (CNN) is a deep learning 
technique used for image data. CNN is the most widely 
used algorithm for detecting, grouping, and classifying 
diseases based on related organs in medical images 
[4]. In previous studies, intraoral photographs have 
helped diagnose dental caries. At the same time, deep 
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learning has been applied to distinguish caries from 
normal teeth via CNN-based tooth surface 
segmentation, achieving 83% accuracy [5]. 

Meanwhile, D.L. Doung [6] researched early 
detection of occlusal caries using smartphone images. 
The approach involved contour-finding techniques to 
locate caries lesions using machine learning models 
and CNN. The machine learning model, specifically a 
Support Vector Machine (SVM), achieved 88.76% 
accuracy, 92.31% sensitivity, and 85.21% specificity. 
Therefore, the SVM model was considered more 
optimal for this task. Besides, L. Zheng et al.  [7] 
evaluated and compared three CNN architectures. An 
analysis of the depth of radiographic penetration of 
carious lesions was performed to assist clinical 
diagnosis based on clinical parameters, and the 
dataset was obtained using radiographic images of 
carious lesions. The results showed that the Residual 
Network (ResNet)18 model performed best among the 
Visual Geometry Group (VGG)19 and InceptionV3 
models. 

M. Moral et al. [8] also applied a CNN model to 
radiographic images to detect approximal dental caries 
in bitewing radiographs and categorize them by lesion 
severity. The severity of the lesions was classified 
based on normal, new, and advanced stages. Two 
CNN architectures, namely ResNet and Inception, 
were used in this research. The Inception model 
obtained the highest performance, attaining an 
accuracy of 73.3% on the test dataset. The other 
related study looked at early detection of dental caries 
using individually captured images to compare the 
accuracy of several CNN architectures, namely 
VGG16, VGG19, InceptionV3, and ResNet50, using 
dental images. Five hundred dental images were 
divided into two categories: normal and caries. The test 
results showed that the InceptionV3 architecture 
achieved the highest accuracy, at 99.89%, compared 
to the other architectures [9].  

Saidi et al. [10] utilized color digital imaging 
technology to detect early-stage caries lesions using 
several CNN variants, namely Vgg16, Vgg19, 
InceptionV3, and Resnet50. The results showed that 
the InceptionV3 model had the best performance with 
a training accuracy rate of 99.89% and a validation 
accuracy rate of 98.95%. The InceptionV3 model was 
far superior to the other models. This approach is very 
useful in e-health and IoT, enabling easy and effective 
remote patient care. Al Yassar et al. [11] developed a 
U-Net-based dental segmentation model with 
ResNet50, VGG19, and InceptionV3 backbones to 
improve dental caries classification. Consistent 
segmentation improved the classification performance 
of ResNeXt50, achieving a maximum accuracy of 
79.17%, exceeding that of ResNet-50 and InceptionV3. 

However, this performance improvement was not 
statistically significant, requiring further exploration.  

Furthermore, Fitria et al. [12] compared You Only Look 
Once (YOLO)v5 and YOLOv8 frameworks for detecting 
decayed, missing, and filled teeth using 294 
augmented clinical images. Both models achieved high 
precision, recall, and mAP, with YOLOv8m at 90.6% 
slightly outperforming YOLOv5l at 90.4% but requiring 
longer training time. YOLOv5s, although less accurate, 
was the fastest and most suitable for real-time use. 
Moreover, YOLOv8 showed more stable training 
dynamics. These findings highlight that while both 
frameworks are effective for automated dental caries 
detection, practical deployment must balance accuracy 
and computational efficiency. Despite existing 
techniques achieving high accuracy, they remain 
inadequate for fully addressing dental caries 
classification challenges. Given the variety of 
strategies, such as dataset enhancement and 
parameter optimization, further research is needed to 
evaluate their limitations. Since individual algorithms 
possess distinct strengths, combining them through 
ensemble methods can yield superior performance by 
integrating predictions across models. 

Muhajir et al. [13] showed that an ensemble 
approach combining ResNet152, MobileNetV2, and 
InceptionV3 models achieved the best performance in 
classifying students' facial emotions and confirmed that 
combining several models using the majority voting 
method could improve accuracy compared to using an 
Individual model. Desiani et al. [14] stated that the 
application of the majority voting ensemble method in 
cervical cancer classification, which combines SVM, 
Multi-layer perceptron (MLP), and K-Nearest 
Neighbors (KNN), successfully improved classification 
performance in accuracy by 1.72%, sensitivity by 
0.74%, and specificity by 3.4% compared to the 
average results of an Individual model, thus proving 
that majority voting can provide more reliable results in 
early detection. Previous researchers have conducted 
several studies related to the application of ensemble 
models. Cao-Van K et al. [15], Kumari S et al. [16], Ilyas  
QM et al. [17], Khan AA et al. [18], and Manconi A et 
al. [19] state that ensemble learning has significant 
advantages in improving accuracy, robustness against 
complex data, and effectively handling class 
imbalance. Majority voting can exceed the performance 
of an Individual model; weighted methods produce 
more optimal predictions; and combining with data 
augmentation has proven efficient and improves 
classification performance.  

Furthermore, Alsakar MY et al. [20] and Chandra TB 
et al. [21] declare that ensemble learning in medical 
imaging improves the accuracy and reliability of 
automated diagnosis. Bagging and majority voting 
ensembles have proven superior to single methods and 
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can support early diagnosis more robustly. In addition, 
Kang J et al. [22] and Mienye I et al. [23] agree that the 
ensemble approach to data classification can produce 
better performance than single classification models, 
especially when each classifier has high accuracy and 
provides significant prediction variation. These studies 
prove that ensemble classification strategies can 
improve classification performance.  

Although numerous studies have reported high 
accuracy in dental caries detection, their performance 
remains strongly influenced by image modality, dataset 
characteristics, and model architecture. Research 
based on radiographic images generally achieves 
superior results due to clearer lesion contrast; however, 
such models often demonstrate limited generalizability 
when applied to intraoral photographs, which exhibit 
higher variability in illumination, texture, and acquisition 
conditions. In contrast, deep learning models trained on 
intraoral images frequently face challenges related to 
limited dataset size, class imbalance, and inconsistent 
annotation quality, which can lead to overfitting and 
suboptimal generalization performance. Furthermore, 
most existing studies adopt a single convolutional 
neural network (CNN) architecture, rendering their 
results highly sensitive to architectural bias and 
dataset-specific features. Although individual CNN 
models such as ResNet50 and VGG16 have achieved 
promising accuracies on caries datasets [24],[25], their 
effectiveness is often confined to controlled settings 
with homogeneous image modalities, balanced class 
distributions, and sufficiently large training samples. 
Single-model approaches are particularly vulnerable 
when applied to heterogeneous intraoral images 
affected by artifacts such as saliva reflections, motion 
blur, and inter-patient anatomical variability, as well as 
during cross-dataset evaluation, where performance 
degradation of 10–20% in F1-score has been reported 
[26]. These limitations highlight the necessity of an 
ensemble-based strategy that integrates multiple deep 
learning models through majority (hard) voting or 
weighted aggregation. By leveraging complementary 
feature representations from diverse architectures, 
ensemble methods can mitigate individual model 
biases, reduce variance, and enhance the robustness 
and reliability of classification outcomes, ultimately 
improving key performance metrics such as accuracy, 
precision, and recall for real-world dental caries 
detection systems. 

Given the urgent need for a more robust, accurate, 
and generalizable method for the early detection of 
dental caries, this study focuses on developing a CNN-
based image classification system. The proposed 
approach explores ensemble methods to integrate the 
advantages of various CNN architectures and 
significantly improve detection and classification 
performance, accuracy, and stability. This method 

integrated predictions from five Individual CNN models, 
ResNet152, MobileNetV2, InceptionV3, NasNet 
Mobile, and EfficientNetB5, which were selected based 
on their architectural advantages. ResNet152 can build 
intense CNN models with 152 layers without 
experiencing performance degradation due to 
vanishing gradients, residual learning, and identity 
shortcut connections. Enables more complex and 
representative feature extraction from image data [27]. 

MobileNetV2 is a lightweight and efficient deep learning 
architecture, specifically designed for resource-
constrained devices such as smartphones and laptops. 
With its inverted residual and linear bottleneck 
innovations, this model can maintain high accuracy 
while accelerating training and inference. MobileNetV2 
is also effective with limited training data. It can be fine-
tuned for various classification tasks, making it ideal for 
medical and diagnostic applications that require 
efficient computation and accurate results [28]. 
InceptionV3 has a significant advantage in handling 
features on various scales and hierarchical structures 
in images, making it very effective for medical image 
analysis and complex classification tasks. Its 
architecture, which uses inception modules, enables 
parallel, multi-scale feature extraction, improving the 
model's ability to recognize subtle and coarse patterns. 
Although this model is relatively complex and requires 
considerable computational resources, InceptionV3 
still provides a good balance between high accuracy 
and the ability to handle variations in object size in 
images, making it suitable for applications that require 
detailed and diverse feature recognition [29].  

NasNet-Mobile excels because it uses Neural 
Architecture Search (NAS) to automatically find the 
optimal network architecture, resulting in high 
performance with computational efficiency suitable for 
mobile devices. This model can be fine-tuned for 
specific tasks such as disease recognition [30]. 
EfficientNetB5 is a CNN model that uses a structured 
scaling method to simultaneously increase width, 
depth, and image resolution, resulting in high 
performance with computational efficiency. This model 
is effective for disease detection. As a pre-trained 
model, EfficientNet-B5 easily adapts to specific tasks 
with fast training and optimal results [31]. Combining 
these five models is expected to improve the accuracy, 
reliability, and effectiveness of caries prediction based 
on clinical images. Thus, this research provides 
scientific and practical contributions to the development 
of modern diagnostic technology that is fast, accurate, 
and efficient. 

To address the limitations of individual CNN-based 
classifiers, this study employs an ensemble approach 
by integrating five CNN architectures: ResNet152, 
MobileNetV2, InceptionV3, NASNetMobile, and 
EfficientNetB5. These models were deliberately 
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selected to represent diverse architectural 
characteristics and learning strategies. ResNet152 
offers very deep residual learning capable of extracting 
complex hierarchical features, while MobileNetV2 and 
NASNetMobile provide lightweight architectures 
optimized for computational efficiency and stability. 
InceptionV3 excels at multi-scale feature extraction, 
which is crucial for identifying caries patterns of varying 
sizes, and EfficientNetB5 employs compound scaling 
to achieve high accuracy at a balanced computational 
cost. 

The combination of these architectures is expected 
to enhance classification robustness by leveraging 
complementary strengths while mitigating individual 
weaknesses, such as overfitting or class bias. 
Furthermore, selecting five models ensures sufficient 
architectural diversity while maintaining computational 
feasibility and enables majority-based decision-making 
without tie-breaking in hard voting. This strategic 
design aims to improve accuracy, stability, and 
generalization capability in intraoral dental caries 
detection. By integrating heterogeneous architectures 
ranging from deep residual networks to efficient mobile 
designs, the ensemble leverages diverse inductive 
biases, decision boundaries, and feature-extraction 
strategies to mitigate overfitting and enhance 
robustness. 

 

II. Method  

Fig.1 illustrates the study's workflow, which involved 
Pre-processing clinical dental images, developing 
individual models and an ensemble Method, and 
analyzing the results. Each step is detailed in the 
following subsection.  

A. Dataset Collection 

This stage involves collecting a high-quality, 
representative dataset of clinical dental images, 
sourced from previous research. The dataset was 
obtained from two main sources: clinical intraoral 
dental images collected through direct patient 
examinations at the Dental and Oral Hospital of Aceh, 
and a publicly documented dataset developed by Fitria 

et al.[11], [32] for use in model training and testing. The 
combined dataset was curated to ensure consistent 
labeling and image quality before being used for model 
training and evaluation. The dataset used in this study 
consists of clinical dental images grouped into two 
classes, namely caries and non-caries. This dataset 
was taken from a collection of clinical dental images of 
patients directly from patient examinations. The entire 
clinical dental image dataset was taken from previous 
research. The pre-processing process was carried out 
using tools to ensure optimal data quality. Images were 
selected based on lighting quality, object clarity, and 
image sharpness to ensure optimal feature extraction. 
Fig.2 shows a sample of clinical dental images of 
carious and normal teeth that will be used in the 
dataset. The dataset consists of 1,320 images, divided 
into caries and normal classes, with 660 images in 
each class.  

 

The dataset was divided into three subsets with 
standardized proportions: training (80%), validation 
(10%), and test (10%). The dataset distribution is 
shown in Table 1. 

 

B. Data Pre-Processing 

The collected data must be processed before being 
used to train the model. A preprocessing step is 
performed to ensure optimal data quality, using tools 
that reduce data variation and improve model 
performance. Each image in the dataset has different 
sizes and dimensions, so cropping and resizing are 

 
Fig. 2. Sample dataset of oral cavity images for 
classification: (A–D) show cases of teeth with caries, 
while (E–F) show normal teeth. 

 

 
Fig. 1. Research Method 

Table 1. Dataset Distribution 

Dataset Training Testing Validation Total 

Normal 528 66 66 660 

Caries 528 66 66 660 

Total 1056 132 132 1320 
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performed to ensure they have the same size and 
dimensions. The cropping process is done manually to 
avoid losing essential features in the image. Then each 
image is resized to 224×224 pixels. This size was 
chosen to align with the input architecture used in this 
study. The visualization of the cropping, resizing, and 
data augmentation process is shown in Fig 3. In 
addition to these two main stages, pre-processing may 
include data augmentation techniques, image cleaning, 
flipping, rotation, zooming, and normalization to 
improve the quality and diversity of the training data. All 
these stages are performed after the images are 
entered into the system, as part of the data preparation 
before being utilized by the machine learning model. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

All images in the dataset were standardized to a 
resolution of 224 × 224 pixels prior to training, aligning 
with the input requirements of ImageNet-pretrained 
CNN architectures such as ResNet152, EfficientNetB5, 
InceptionV3, MobileNetV2, and NasNet Mobile. This 
resizing process preserves essential diagnostic 
features, such as lesion edges and textures, in intraoral 
caries images while enabling efficient batch processing 
and transfer learning from large-scale natural image 
datasets. 

Data augmentation techniques were systematically 
applied during training to enhance model 
generalization and mitigate overfitting, particularly 
given the limited size and inherent variability of medical 
imaging datasets. The augmentation pipeline included 
random rotations within ±15° to simulate varying 
camera angles during clinical intraoral photography, 
random zooming up to 20% to account for differences 
in proximity to teeth, and horizontal flipping with a 0.5 
probability to reflect the bilateral symmetry of dental 
structures. 

Additional augmentation strategies, such as brightness 
adjustments (±10%) and contrast enhancement, were 
incorporated to address common intraoral imaging 

artifacts, including uneven lighting from intraoral 
flashes and patient movement. These transformations 
were implemented in real time using libraries 
TensorFlow's ImageDataGenerator, effectively 
expanding the dataset by a factor of 8-10 per epoch 
and improving cross-validation performance by 5-8% in 
preliminary experiments. This preprocessing regimen 
ensures robust feature learning across diverse caries 
presentations, from early demineralization to advanced 
cavitation. 

C. Experimental Setup 

All experiments were conducted in Google 
Colaboratory (Colab), using a high-RAM NVIDIA T4 
GPU runtime to facilitate efficient training of CNN 
ensembles on intraoral caries datasets. The software 
environment included Python 3.10 and the TensorFlow 
and Keras frameworks. Additional libraries included 
NumPy, OpenCV, Matplotlib, and Scikit-learn for 
structured model definition, transfer learning, and 
ensemble integration, ensuring compatibility with 
ImageNet-pre-trained weights for ResNet152, 
EfficientNetB5, InceptionV3, MobileNetV2, and 
NASNet Mobile. This configuration is sufficient to 
process batches of 32 images at 224×224 resolution 
while adjusting the memory-intensive ResNet152 
backbone. The persistent Colab runtime supports 
thorough hyperparameter testing, with early stopping 
after 100 epochs per model. Key libraries include 
TensorFlow Addons for advanced metrics, 
Augmentations 1.4 for real-time data augmentation 
pipelines compatible with the displayed preprocessing 
(resizing, inversion, rotation, zoom), and scikit-learn 1.3 
for stratified splitting and ensemble voting. 
Reproducibility is ensured through fixed random seeds 
across NumPy, TensorFlow, and Python, public 
dataset links, and hyperparameter tables such as the 
Adam optimizer with a learning rate of 1e-5 and the 
ReduceLROnPlateau scheduler. 

D. Model Development 

The model was built using five different classification 
architectures: ResNet152, MobileNetV2, NASNet 
Mobile, InceptionV3, and EfficientNetB5. The five 
models will be combined using the ensemble voting 
method to improve accuracy in detecting dental caries. 

1. ResNet152 

ResNet-152 is based on the concept of residual 
learning, which enables the effective training of very 
deep neural networks. Eq (1) represents the 
fundamental formulation of residual connections in the 
ResNet architecture. In this formulation, x denotes the 

input feature map. At the same time, F(x) corresponds 

to a non-linear transformation typically composed of 
convolutional layers, batch normalization, and 
activation functions. The output (y) is obtained through 

element-wise addition between the transformed 

  

Fig. 3. The examples of image preprocessing and 
augmentation techniques applied to intraoral dental 
photographs.  
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features F(x), and the original input feature map (x). The 

introduction of shortcut (skip) connections allows 
gradients to propagate directly through the network, 
mitigating the vanishing gradient problem and 
facilitating the optimization of deep architectures [33].  

       𝑦 = 𝐹(𝑥) + 𝑥                   (1) 

This mechanism is known as residual learning, in which 
the network learns the residual mapping shown in Eq. 
(2).  

𝐹(𝑥) = 𝐻(𝑥) − 𝑥   (2) 

instead of directly approximating the full mapping H(x), 
resulting in Eq. (3). 

𝐻(𝑥) =  𝐹(𝑥) + 𝑥  (3) 

Such a formulation mitigates the vanishing gradient 
problem, facilitates the training of very deep networks, 
and improves convergence stability and speed. When 
the dimensions of x and F(x) are not identical, a linear 

projection, commonly implemented using a 1×1 
convolution, is applied to align the dimensions before 
performing the addition. The ResNet architecture first 
demonstrated this concept with a 34-layer 
convolutional network, inserting residual connections 
every two layers. For deeper variants, a bottleneck 
design was adopted to improve computational 
efficiency. Each bottleneck block consists of three 
convolutional layers arranged as 1×1, 3×3, and 1×1 
convolutions. The first 1×1 layer reduces the 
dimensionality of the feature maps, the 3×3 layer 
performs spatial feature extraction, and the final 1×1 
layer restores the channel dimension. ResNet-152 is 
constructed by stacking bottleneck blocks into four 
stages, with the number of channels increasing 
progressively across them. This design enables the 
network to reach 152 layers while maintaining 
manageable computational complexity and strong 
representational capacity [34]. 

2. MobileNetV2  

MobileNetV2 is a highly efficient convolutional neural 
network architecture designed specifically for mobile 
and embedded devices with limited computational 
resources. This model introduces an inverted residual 
structure combined with a linear bottleneck, which 
reduces computational cost while maintaining 
competitive accuracy. MobileNetV2 employs 
depthwise separable convolutions, which separate 
spatial and channel-wise filtering operations, thereby 
significantly reducing the number of parameters and 
computational complexity. This architecture is 
particularly suitable for tasks such as image 
classification and object detection on resource-
constrained devices [35]. The core building block of 
MobileNetV2 is the inverted residual block. The 
inverted residual block can be expressed as Eq. (4), 
where x represents the input feature map with relatively 

few channels, and the function Expand (x) performs 

channel expansion using a 1×1 convolution to capture 
richer feature representations. The operator DW (⋅) 
denotes a 3×3 depthwise convolution applied 
independently to each channel. Finally, Proj (.) 
represents a 1×1 linear projection that reduces the 
channel dimension. The residual connection adds the 
transformed features to the original input, improving 
gradient flow, stabilizing training, and preserving 
essential information from earlier layers [36]. 

𝑦 = 𝑥 + 𝑃𝑟𝑜𝑗(𝐷𝑊(𝐸𝑥𝑝𝑎𝑛𝑑(𝑥)))  (4) 

3. InceptionV3 

InceptionV3 is a deep learning architecture that 
combines multiple convolution filter sizes in a single 
layer through the Inception module. This design 
enables the network to efficiently capture features at 
various scales [33]. InceptionV3 is an extension of the 
Inception architecture that enhances computational 
efficiency through factorization and grid-size reduction 
techniques without compromising accuracy. The main 
Inception module can be expressed in Eq. (5), where 
𝑥 denotes the input feature map and 𝑦 represents the 

output obtained by concatenating multiple 
convolutional branches along the channel dimension. 
The operation 1 × 1(𝑥)performs dimensionality 

reduction while introducing additional non-linear 
transformations. The term 3 × 3(1 × 1(𝑥))extracts 

spatial features after channel compression, whereas 
3 × 3(3 × 3(1 × 1(𝑥)))corresponds to the factorization 

of a larger convolution (functionally equivalent to 5×5) 
into two consecutive 3×3 convolutions, expanding the 
receptive field with fewer parameters. Meanwhile, 
1 × 1(3 × 3 pool(𝑥))integrates contextual information 

from pooling and adjusts the channel dimension via 
1×1 convolution. By concatenating these parallel 
branches, the module produces a computationally 
efficient multi-scale feature representation. 
Additionally, InceptionV3 incorporates asymmetric 
convolutions, auxiliary classifiers, and batch 
normalization to further stabilize training and improve 
classification performance on large-scale datasets 
such as ImageNet [37]. 

𝑦 = 𝑐𝑜𝑛𝑐𝑎𝑡(1 × 1(𝑥),3 × 3(1 × 1(𝑥)),3 × 3(3 ×

3(1 × 1(𝑥))),1 × 1(3 × 3𝑝𝑜𝑜𝑙(𝑥)))      (5) 

4. NasNet Mobile 

NASNetMobile is a convolutional neural network 
designed via Neural Architecture Search (NAS), in 
which an RNN-based controller automatically 
discovers optimal cell structures. Each cell is organized 
as a Directed Acyclic Graph (DAG) that combines 
operations, such as separable convolutions and 
pooling, to produce feature representations through 
channel-wise concatenation [38], [39]. NASNetMobile 
employs Neural Architecture Search (NAS) to 
automatically design optimal cell-based building 
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blocks. Each cell consists of 𝐵 = 5blocks, where each 

block processes two previous hidden states ℎ𝑖−2and 

ℎ𝑖−1using two selected operations. The output of the 

block 𝑖 can be expressed in Eq. (6), where ⊕denotes 

element-wise addition and 𝑜𝑝 represents candidate 

operations such as 3×3 convolution, 5×5 separable 
convolution, 3×3 max pooling, 3×3 average pooling, 
skip connection, or none. 

𝑜𝑖 = 𝑜𝑝𝑎(ℎ𝑖−2, ℎ𝑖−1)   ⊕   𝑜𝑝𝑏(ℎ𝑖−2, ℎ𝑖−1),  (6) 

The selection of operations is determined by an RNN-
based controller that models the probability distribution 
as shown in Eq. (7), where 𝜃 denotes the controller 

parameters. The controller is optimized using the 
REINFORCE policy gradient method, with reward 
defined as 𝑅 = 𝑉𝑣𝑎𝑙𝑖𝑑 − 0.1 ⋅ Latency, balancing 

validation accuracy and computational efficiency. 

𝑃(𝛼𝑡 ∣ 𝛼<𝑡; 𝜃) = softmax(RNN(𝛼<𝑡; 𝜃)),       (7) 

The architecture stacks normal cells (stride = 1) and 
reduction cells (stride = 2) after an initial stem layer, 
followed by global average pooling and a softmax 
classifier. NASNetMobile stacks two types of cells: 
normal cells, which preserve spatial dimensions and 
are typically repeated six times, and reduction cells, 
which halve the spatial resolution using stride-2 
separable convolutions while increasing channel depth 
[40]. 

5. EfficientNetB5:  

EfficientNetB5 is one of the variants of the EfficientNet 
family, a deep learning architecture that systematically 
balances depth, width, and input resolution scalability 
using a compound scaling method. EfficientNetB5 is 
designed to achieve high accuracy with good 
computational efficiency, and it is ideal for deployment 
on various devices with different performance 
requirements [41]. This makes architecture offers 
improved accuracy compared to traditional 
convolutional models with fewer parameters and 
computational requirements. The key principle of 
EfficientNet is compound scaling, which balances 
network depth (d), width (w), and input resolution (r) 
simultaneously rather than scaling them independently. 
A single compound coefficient (ϕ), controls scaling and 
is applied to a baseline model, EfficientNet-B0. The 
dimensions are scaled as shown in Eq. 8: 

𝑑 = 𝛼𝜙 , 𝑤 = 𝛽𝜙 , 𝑟 = 𝛾𝜙 ,     (8) 

subject to the constraint: 𝛼 ⋅ 𝛽2 ⋅ 𝛾2 ≈ 2, where 𝛼, 𝛽, 

and 𝛾are constants determined through grid search. 

This constraint ensures that for each increment of 𝜙, 

the computational cost (FLOPs) increases by 

approximately 2𝜙. The underlying intuition is that 

increasing input resolution requires proportional 
increases in depth to enlarge the receptive field and in 
width to capture more detailed feature representations. 
Compound scaling, therefore provides a systematic 

and efficient method for model scaling while 
maintaining computational balance [42]. 

All CNN architectures were initialized using 

ImageNet pre-trained weights and fine-tuned for binary 

classification (caries and normal). The convolutional 

base of each model was retained to leverage learned 

visual representations, while the final classification 

layers were replaced with a fully connected layer 

followed by a sigmoid activation function. Fine-tuning 

was applied to the top layers of each network to adapt 

the models to the dental caries dataset. All models 

were trained using the same hyperparameter 

configuration to ensure fair comparison. The Adam 

optimizer was used with a learning rate of 1×10⁻⁵, a 

batch size of 32, and training for 100 epochs. Binary 

cross-entropy was employed as the loss function. The 

same training, validation, and testing splits, as well as 

identical hyperparameters, were consistently applied to 

all individual models to ensure a fair performance 

comparison. 

 

 

 

 

 

 

 

The model design and training were carried out on the 
Google Colab platform. The designed model was then 
trained and validated on a dataset that had undergone 
data transformation, with hyperparameter 
configurations as shown in Table 2, including a learning 
rate of 0.00001, the Adam optimizer with 100 epochs, 
and binary cross-entropy loss. Performance evaluation 
used accuracy, precision, recall, and F1-score metrics. 

E. Ensemble Voting  

Ensemble methods integrate multiple individual 

classifiers to form a new model with enhanced 

performance. One common approach is ensemble 

voting, which aggregates predictions from base models 

and determines the outcome by majority vote. This 

technique leverages the strengths of individual 

classifiers to improve overall decision-making [43]. This 

study developed an ensemble model by applying five 

classification architectures: ResNet152, MobileNetV2, 

NASNet Mobile, InceptionV3, and EfficientNetB5. The 

five models will be combined using model ensemble 

voting. Fig. 4 shows that the ensemble voting process 

can be run after obtaining results from several individual 

models. The results from these individual models will be 

processed in ensemble voting. Voting combines the 

predictions from several single classifications into a final 

Table 2. Hyperparameters in Training Model 

Hyperparameter Input 

Batch Size 32 

Learning Rate 10-5 

Optimizer Adam 

Epoch 100 

Loss Function Cross-Entropy 
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prediction. Hard and soft voting are the two main types 

of voting used in ensemble methods. Hard voting, or 

majority voting, determines the final class based on the 

majority of predictions from the base models, making it 

suitable for classification tasks with distinct mutually 

exclusive classes. In contrast, soft voting, or weighted 

voting, aggregates the probability scores from each 

model, computes their weighted average, and selects 

the class with the highest probability. Soft voting can be 

applied to classification and regression problems. 

According to Eq. (9), the class label determines the 

ultimate class  ý through majority (plurality) voting from 

each classifier  ℎ𝑗(𝑥) , where j represents the index for 

each class produced by an individual classifier.  

ý = 𝑚𝑜𝑑𝑒 {ℎ1𝑥, ℎ2𝑥, … , ℎ𝑗(𝑥)}                 (9)     

In the soft voting strategy, all individual models were 

assigned equal weights, and the final prediction was 
obtained by averaging the predicted class probabilities 
produced by each base model. The class with the 
highest average probability was selected as the final 
output. In the hard voting strategy, the final class label 
was determined by majority voting across all base 
models' predictions. As an odd number of models was 
employed in the ensemble, tie conditions did not occur, 
ensuring an unambiguous final decision for each 
sample. In soft voting, each class's average probability 

is taken into account. Y denotes the final prediction, 𝑃𝑖𝑗 
is the predicted probability of membership in class i 
from the classifier for label class j, and 𝑊𝑗 is the 

weighting parameter. 𝑌 can be calculated by using Eq. 

(10) as follows [44].  
𝑌 =  𝑎𝑟𝑔𝑚𝑎𝑥 ∑𝑊𝑗𝑃𝑖𝑗, 𝑖 ∊  {0,1}, [𝑗 = 1, … 𝑚]      (10)   

F. Model Evaluation 

The model's performance was assessed using a 
confusion matrix to evaluate accuracy, precision, recall, 
and F1-score. A confusion matrix was utilized to 
evaluate the outcomes of this research. ResNet-152, 
MobileNetV2, InceptionV3, EfficientNetB05, and 
NASNet Mobile were evaluated using a confusion 
matrix, with accuracy, precision, recall, and F1-score 
as metrics. Furthermore, the ensemble method was 
evaluated using the same metrics to examine its 
effectiveness and the extent of its impact compared to 

the five Individual models. A receiver operating 
characteristic (ROC) curve was generated to assess 
the model's discriminatory power, and the area under 
the curve (AUC) was measured. Accuracy is the ratio 
of correct predictions to the total number of predictions 
made, calculated by dividing the total number of correct 
predictions (TP + TN) by the total number of predictions 
in the dataset. The accuracy is calculated by using Eq. 
(11) as follows. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
 𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                  (11) 

 
Fig. 4. The Training Set in Ensemble Voting [15] 
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Precision can be calculated by dividing the number of 
true positives (TP) by the total number of optimistic 
predictions, which includes true positives (TP) and 
false positives (FP). Precision indicates how accurately 
a model identifies positive examples among all positive 
predictions. The precision is calculated by using Eq. 
(12) as follows. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =   
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
                     (12) 

Recall measures the extent to which a model can 
correctly identify positive cases or values, referring to 
the ratio between correct optimistic predictions and the 
overall positive data. The recall is calculated by using 
Eq. (13) as follows. 

𝑅𝑒𝑐𝑎𝑙𝑙 =   
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
                  (13) 

The F1 Score is a metric that balances precision and 
recall, providing a comprehensive overview of model 
performance in an easy-to-understand manner. The 
F1-score is calculated by using Eq. (14) as follows [45]. 

𝐹1 −  𝑠𝑐𝑜𝑟𝑒 =  
2 ×(𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑟𝑒𝑐𝑎𝑙𝑙)

(𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙)
            (14) 

III. Result  

A. Individual Model 

Fig. 5 illustrates the results of training individual models 
using predetermined hyperparameters, namely 
ResNet152, MobileNetV2, InceptionV3, NasNet 
Mobile, and EfficientNetB5. The ResNet152 curve 
shows a stable increase in training accuracy and a 
fairly consistent decrease in loss. However, there are 
indications of mild overfitting due to differences in 
performance between the training and validation data. 
MobileNetV2 produced a relatively stable training 
curve, where the training and validation accuracy were 
balanced without indicating significant overfitting. The 
loss also decreased consistently in both datasets. Fig. 
5. Performance comparison of five CNN architectures 
on the image classification task. Each subfigure shows 
training (blue) and validation (orange) accuracy and 
loss across epochs for: (a,b) ResNet152, (c,d) 
MobileNetV2, (e,f) InceptionV3, (g,h) NasNet Mobile, 
and (i,j) EfficientNetB5. Each model is shown in a graph 
of accuracy and loss during training and validation, 
illustrating the trend of increasing accuracy and 
decreasing loss for each architecture over the epochs.  
Moreover, the results of training individual models 
InceptionV3 and NasNet Mobile using predetermined 
hyperparameters. InceptionV3 shows a training curve 
with good accuracy improvement in training and 
validation, and a consistent decrease in loss, although 
the validation accuracy is slightly lower than the training  
accuracy. NasNet Mobile showed a training curve, with 
training accuracy increasing from 0.50 to 0.70, but 
validation accuracy stagnated at 0.62-0.66 after the 
20th epoch. This condition indicates overfitting 
because, even though the training loss decreased 

consistently, the validation loss remained stable around 
0.65–0.70. Further, the results of training individual 
models EfficientB5 using predetermined 
hyperparameters. EfficientNetB5 displayed an 
excellent training curve, increasing training accuracy 
from 0.53 to over 0.72, while validation accuracy 
remained relatively stable at around 0.70. There were 
no indications of overfitting, as the validation loss 
consistently decreased and was even lower than the 
training loss. 

Meanwhile, Fig. 6 shows the confusion matrices for 
the Individual models, namely ResNet152, 
MobileNetV2, InceptionV3, NASNet Mobile, and 
EfficientB5. In the testing phase, ResNet152 achieved 
an accuracy of 78.79% with a precision of 79.69% and 
a recall of 77.27%. The confusion matrix results show 
that the model still produces errors with 13 negative 
data incorrectly predicted as positive (false positive) 
and 15 positive data incorrectly predicted as negative 
(false negative), indicating that although ResNet152 
can generalize quite well, the model is still less 
sensitive to detecting positive data. Furthermore, the 
MobileNetV2 model achieved an accuracy of 81.82% 
with precision, recall, and F1-score all at the same 
value, namely 81.82%. The confusion matrix shows a 
balanced distribution of errors, with 12 false positives 
and false negatives. These results indicate that 
MobileNetV2 achieves stable, balanced performance 
in detecting both classes without strong bias. 

Besides, InceptionV3 achieved an accuracy of 
81.06% in testing, with precision 79.71% and recall 
83.33%. Based on the confusion matrix, the model 
produced 14 false positives and 11 false negatives. 
This pattern shows that InceptionV3 is more sensitive 
to positive classes, although it tends to produce 
excessively optimistic predictions, which lowers 
precision. However, NasNet Mobile, in testing, 
achieved the lowest accuracy of 74.24%, with precision 
71.05% and recall 81.82%. The confusion matrix 
shows a relatively high number of errors with 22 false 
positives and 12 false negatives. It indicates that 
NasNetMobile is more biased towards the positive 
class, often misprediction negative data. Despite this, 
EfficientNetB5 achieved the highest performance 
among all models, with an accuracy of 84.85%, 
precision of 80.26%, recall of 92.42%, and an F1-score 
of 85.96%. The confusion matrix shows only five false 
negatives and 15 false positives, meaning the model is 
highly reliable in detecting positive cases with a low 
error rate. Table 3 presents the test results for the 
single model, highlighting performance variations 
across the architectures used. EfficientNetB5 
outperforms other models, achieving a balanced 
combination of accuracy, precision, and sensitivity. 
This model can detect almost all positive cases well, 
reducing the possibility of classification errors in caries 
data. MobileNetV2 also showed competitive 
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performance with stable and consistent results across 
all evaluation metrics. InceptionV3 performed 
exceptionally well and tended to be more sensitive in 
detecting positive cases, although its precision was 
slightly lower. ResNet152 showed relatively moderate 
performance, with fairly reliable classification 
capabilities but still limited in detecting all positive 
cases. Meanwhile, despite its fairly good sensitivity, 
NasNet Mobile had the lowest performance and the 
lowest accuracy. Overall, these results show that each 

model has its own characteristics and advantages, but 
EfficientNetB5 can be considered the optimal single 
model in this study.  

B. Ensemble Voting  

The ensemble voting model was built by combining five 
Individual models, namely ResNet152, MobileNetV2, 
InceptionV3, NasNetMobile, and EfficientNetB5. Each 
model was trained independently on the same dataset 
and then tested on a test set of 132 images. All models 

   
(a) (b) (c) 

   
(d) (e) (f) 

   
(g) (h) (i) 

 

 

 

 (j)  
Fig. 5. Training and validation accuracy and loss curves for five CNN architectures: (a,b) ResNet152, (c,d) 
MobileNetV2, (e,f) InceptionV3, (g,h) NasNet Mobile, and (i,j) EfficientNetB5. 
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trained and tested separately are combined into a hard-
voting ensemble model. The majority voting 
mechanism was used to determine the final prediction 
based on the majority vote across models. The test 
results showed a significant performance improvement 
compared to an individual model. Based on Fig. 7, the 
confusion matrix shows that out of 132 test data in hard 
voting, 55 normal data were correctly predicted as true 
negatives, only 11 normal data were incorrectly 
predicted as caries false positives, 62 caries data were 
successfully detected as true positives, and only four 
caries data were misclassified as normal false 
negatives. the hard voting ensemble method's 

accuracy was 88.64%, with a precision of 84.93%, a 
recall of 93.94%, and an F1-score of 89.21%. In soft 
voting, 56 negative data were correctly predicted as 
true negatives, while 10 negative data were 
misclassified as positive false positives. Meanwhile, the 
accuracy is 87.12%, the precision is 85.51%, the recall 
is 89.39%, and the F1-score is 87.41%. On the other 
hand, 59 positive data were correctly identified as true 
positives, while seven positive data were misclassified 
as negative false negatives.  The frequency 
distributions of the predicted classes from hard and soft 
voting are also illustrated in Fig. 7. These results show 
a lower classification error rate than any individual 

  
(a) (b) 

  
(c) (d) 

 
(e) 

Fig. 6. Confusion matrix of classification prediction results from five individual CNN architectures: (a) 
ResNet152, (b) MobileNetV2, (c) InceptionV3, (d) NasNet Mobile, and (e) EfficientNetB5. 

https://jeeemi.org/index.php/jeeemi
https://portal.issn.org/resource/ISSN-L/2656-8632
https://doi.org/10.35882/jeeemi.v8i2.1343
https://creativecommons.org/licenses/by-sa/4.0/


Journal of Electronics, Electromedical Engineering, and Medical Informatics                             
Homepage: jeeemi.org; Vol. 8, No. 2, April 2026, pp: 572-590                                             e-ISSN: 2656-8632 

 

Manuscript received 14 November 2025; Revised 10 February 2026; Accepted 20 March 2026; Available online 2 April 2026 
Digital Object Identifier (DOI): https://doi.org/10.35882/jeeemi.v8i2.1343 

Copyright © 2026 by the authors. This work is an open-access article and licensed under a Creative Commons Attribution-ShareAlike 4.0 
International License (CC BY-SA 4.0).  

 583               

model. In addition, the high recall value indicates that 
the hard voting ensemble effectively detects caries 
cases, an important aspect of early diagnosis systems. 
The ROC and Precision–Recall curves demonstrate 
that ensemble methods consistently achieve higher 
AUC values compared to individual models. A higher 
ROC-AUC indicates improved discriminative power, 
while a higher PR-AUC reflects better performance 
under class imbalance, which is crucial for reliable 
caries detection. Fig. 8 shows the ROC and PR curves 
for the hard-voting ensemble, which produced an AUC 
of 0.89, and the soft-voting ensemble, which produced 

an AUC of 0.93. It indicates excellent ability to 
distinguish between normal and caries classes. 
Meanwhile, the Precision-Recall curve shows precision 
remains stable at various recall levels, thereby 
reinforcing the reliability of this method in classification. 

 

C. Performance Comparison of Individual Models 

and Ensemble Model 

Based on the evaluation, each deep learning model 
demonstrated varying performance across accuracy, 
precision, recall, and F1-score. EfficientNetB5 
achieved the best results in individual models, showing 
high accuracy and recall with a low error rate. 
MobileNetV2 produced consistent and balanced 
outcomes across all metrics, while InceptionV3 
performed reasonably well but with a higher false 
positive rate. Meanwhile, ResNet152 showed slightly 
lower performance. However, despite a relatively high 
recall, NasNet Mobile had the weakest results with low 
accuracy and precision. These findings indicate that 

  
(a) (b) 

 
 

(c) (d) 
  

Fig. 7. Confusion matrices and prediction distributions for (a,b) hard voting and (c,d) soft voting 
ensemble methods.  

 

Table 3. Individual Model Testing Results 
Model Accuracy Precisio

n 
Recall F1-

Score 

InceptionV3 0.8106 0.7971 0.8333 0.8148 

ResNet152 0.7879 0.7969 0.7727 0.7846 

MobileNetV2 0.8182 0.8182 0.8182 0.8182 

NasNetMobile 0.7424 0.7105 0.8182 0.7606 

EfficientNetB5 0.8485 0.8026 0.9242 0.8592 
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each model has distinct strengths and weaknesses, 
and individually they do not yet provide optimal 
classification performance. To address these 
limitations, this study applied ensemble voting, namely 
hard voting and soft voting techniques, to combine 
multiple model predictions to achieve more accurate 
results. Table 4 shows the comparison of the individual 
model and ensemble voting. The comparison results 
between individual models and the ensemble approach 
show that hard and soft voting methods improve 
performance compared to all individual models. The 
hard voting method generally produces the best 
performance, with higher accuracy, precision, 
sensitivity, and F1-score than each model. It confirms 
that combining predictions from several models can 
reduce the weaknesses of each architecture, making 
the classification system more stable and reliable. Soft 
voting also shows competitive performance and is 
slightly below hard voting. Although it does not exceed 
the results of hard voting, this method is still superior to 
most single models, especially in terms of the balance 
between precision and sensitivity. The difference in 
results between hard and soft voting shows that the 

decision aggregation strategy affects final 
performance, with hard voting being more effective in 
this study.  

The results in the table confirm the ensemble 
approach's superiority over individual models. 
Combining the strengths of various CNN architectures, 
such as EfficientNetB5, InceptionV3, and MobileNetV2, 
the ensemble voting method produces predictions that 
are more accurate, consistent, sensitive, balanced, and 
reliable than those produced by individual models. 
To assess whether the performance improvement from 
the ensemble method is statistically significant, 

Table 4. Comparison of Individual Model and 
Ensemble Voting Results 

Model  Accura
cy 

Precisio
n 

Recall F1-
Score 

Inception V3 0.8106 0.7971 0.8333 0.8148 

ResNet152 0.7879 0.7969 0.7727 0.7846 

MobileNetV2 0.8182 0.8182 0.8182 0.8182 

NasNetMobile 0.7424 0.7105 0.8182 0.7606 

EfficientNetB5 0.8485 0.8026 0.9242 0.8592 

Hard Voting 0.8864 0.8493 0.9394 0.8921 

Soft Voting 0.8712 0.8551 0.8939 0.8741 

 

 

  
(a) (b) 

  
(c) (d) 

Fig. 8. Comparison of ROC and Precision-Recall curves for Vard Voting (a,b) and Soft Voting (c,d) 
ensemble methods. 
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McNemar’s test was used to compare the classification 
outcomes of the hard voting ensemble and the best-
performing individual model, EfficientNetB5, on the 
same test dataset. The test used paired predictions, 
focusing on samples where the two models produced 
different classifications. The obtained p-value was 
below the 0.05 significance threshold, indicating a 
statistically significant difference between the two 
methods. This result confirms that the observed 
performance improvement in the ensemble is unlikely 
to be due to random variation and reflects a genuine 
enhancement in classification capability. 
 

IV. Discussion  

A. Deep Interpretation of Results 

The experimental results show clear differences in 
behavior among individual CNN models, as shown in 
Table 3. EfficientNetB5 achieved the highest recall of 
0.9242, indicating effective detection of most caries 
cases in the test set. This high recall indicates that 
EfficientNetB5 is more sensitive to various intraoral 
image patterns. However, the lower precision of 0.8026 
indicates that a significant proportion of healthy teeth 
were misclassified as caries. These results show that 
EfficientNetB5 prioritizes sensitivity over specificity. On 
the other hand, MobileNetV2 shows balanced 
performance, with a precision and recall of 0.8182. 
These results reflect stable classification without 
noticeable bias towards either class. However, the 
overall accuracy and F1 score of 0.8182 are lower than 
those of EfficientNetB5. InceptionV3 shows a higher 
recall (0.8333) than precision (0.7971), indicating a 
tendency to favor positive predictions. NASNetMobile 
achieved the lowest accuracy (0.7424) and precision 
(0.7105). However, it achieved a high recall score of 
0.8182. These results confirm that each model has 
unique strengths and limitations, and no single 

architecture achieves optimal performance across all 
evaluation metrics. The ensemble results in Table 4 
show that combining these heterogeneous models 

significantly improves classification performance. The 
Hard Voting ensemble achieves the highest recall of 
0.9394, outperforming all individual models, including 
EfficientNetB5. At the same time, its precision 
increases to 0.8493, which is much higher than that of 
EfficientNetB5. This improvement indicates that the 
voting mechanism effectively reduces false positives 
from highly sensitive models while preserving their 
ability to detect caries. As a result, the Hard Voting 
ensemble achieves the highest F1 score of 0.8921, 
reflecting more balanced and reliable classification 
performance. On the other hand, the Soft Voting 
ensemble achieved the highest precision of 0.8551, 
though its recall was slightly lower at 0.8939 than Hard 
Voting. These results indicate that Soft Voting 
produces more conservative predictions, reducing 
false positives while potentially missing some caries 
cases. These findings show that the ensemble strategy 
effectively integrates the complementary 
characteristics of individual models, leading to more 
stable performance. 

B. Comparison with Existing Literature 

To assess the competitiveness of the proposed method 
relative to previous methods, the ensemble results 
were compared with those of related studies on dental 
caries detection, as summarized in Table 5. The 
proposed hard voting ensemble achieved an accuracy 
of 88.64%, which is comparable to the SVM-based 
approach reported by Duong et al. [6] (88.76%) using 
smartphone images. Compared with Park et al. [5], who 
used a single CNN for tooth surface segmentation in 
intraoral photos and achieved an accuracy of 83%, the 
proposed method shows a clear performance 
improvement. The results of this study suggest that 
ensemble learning may be more effective than single-
model segmentation-based approaches for intraoral 
image analysis. The lower accuracy reported by Moral 
et al. [8] (73.3%) is likely due to differences in imaging 
modality and problem formulation. Bitewing X-ray 
images reveal caries with distinctive visual features, 
and adding lesion severity levels increases the 
complexity of classification. Overall, this comparison 
shows that the proposed ensemble approach achieves 
competitive performance with noninvasive intraoral 
clinical photographs, supporting its feasibility for routine 
dental screening.  

C. Limitations of the Study 

While the results of this study are promising, several 
limitations must be acknowledged. First, the dataset 
comprised 1,320 images sourced from a limited 
regional set. Although the dataset was balanced 
between caries and normal classes, it may not capture 
broader population variability, including differences in 
tooth morphology, imaging equipment, or lighting 
conditions. Second, from a methodological standpoint, 

Table 5. Performance comparison with related 
studies 

Author 
(Year) 

Method Image Type Accuracy 

Park et al. 
(2022) [5] 

CNN with  
segmenta
tion 

Intraoral 
photographs 

83.0% 

Duong et al. 
(2021) [6] 

SVM Smartphone 
images 

88.76% 

Moral et al. 
(2021) [8] 

Inception  
CNN 

Bitewing 
radiographs 

73.3% 

This study 
(2025) 

Hard 
Voting  
(5 CNNs) 

Clinical 
Intraoral 

Photographs 

88.64% 
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the ensemble approach increases computational 
complexity and inference time because multiple 
convolutional neural network models must be 
evaluated for each prediction. This limitation may 
impede implementation in real-time clinical 
environments or settings with constrained resources. 
Additionally, ensemble models operate as black-box 
systems, which complicates the interpretation of the 
reasoning behind specific predictions. Third, model 
evaluation was conducted using a curated dataset with 
relatively high image quality. The robustness of the 
system under real-world conditions, including images 
affected by severe shadows, blurring, saliva reflections, 
or suboptimal angles, was not thoroughly investigated. 
These factors could influence performance in practical 
clinical applications. 

D. Practical and Theoretical Implications 

From a practical standpoint, the Hard Voting ensemble, 
which achieves a recall of 93.94%, is well-suited for 
deployment as a screening tool in dental clinics. High 
sensitivity is essential for early caries detection, as 
false negatives may delay intervention and allow 
disease progression. In contrast, the Soft Voting 
ensemble, which emphasizes precision, is more 
suitable in contexts of reducing false positives and 
avoiding unnecessary follow-up examinations is 
prioritized. From a theoretical perspective, the present 
study reinforces the effectiveness of ensemble learning 
for medical image classification. The results indicate 
that integrating heterogeneous convolutional neural 
network (CNN) architectures can reduce individual 
model bias, decrease variance, and enhance overall 
classification stability. These findings support 
ensemble strategies as reliable solutions for complex 
diagnostic tasks. Future research should prioritize 
improving interpretability through explainable artificial 
intelligence (AI) methods and reducing computational 
costs to enable clinical implementation. 

 

V. Conclusion  

This study proves that the application of the ensemble 

hard voting method by combining five CNN models, 

namely ResNet152, MobileNetV2, InceptionV3, Nas Net 

Mobile, and EfficientNetB05, successfully improves the 

performance of the dental caries detection system. The 

evaluation results show that the ensemble model has 

higher accuracy, precision, recall, and F1-score than the 

individual model. The ensemble majority hard voting 

proved highly effective by achieving the highest 

accuracy of 88.64% and a good balance between 

precision and recall. It confirms that combining various 

architectures can utilize each model's strengths, 

overcome Individual models' weaknesses, improve 

system stability, and strengthen the ability to generalize 

to new data. Thus, the research objective of improving 

the performance of the dental caries detection system 

was achieved through the ensemble learning approach. 

The main contribution of this research is to provide 

empirical evidence that the voting method can be an 

effective solution in overcoming the limitations of 

Individual models in medical image classification. With 

superior results, ensemble hard voting has the potential 

to serve as a fast, accurate, non-invasive diagnostic tool 

in image-based caries detection systems. For further 

research, it is recommended to explore other methods, 

such as soft voting or stacking ensembles, as well as the 

use of larger and more varied datasets, so that the 

system can be more robust and improve its 

generalization capabilities for clinical applications. 

Future research should explore more advanced 

ensemble strategies, such as weighted soft voting and 

stacking-based ensemble methods with meta-learners, 

in conjunction with larger, more diverse datasets to 

further improve classification performance, 

generalization, and clinical applicability. 
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