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ABSTRACT

Context. Semantic segmentation of teeth on panoramic X-ray images is an important task in dental diagnostics, as it allows for
the automation of the diagnosis of dental diseases. However, panoramic X-rays have a complex structure, which complicates the task
of segmentation. The use of convolutional neural networks shows high potential in solving this problem. In this context, it is relevant
to study the best models and combine them into an ensemble in order to improve the quality of segmentation.

Objective. The aim of this work is to study the effectiveness of various convolutional neural network architectures in the task of
semantic tooth segmentation on panoramic X-ray images and to develop an ensemble approach to improve the quality of the results.

Method. Various architectures of convolutional neural networks are used: U-Net, Attention U-Net, Residual U-Net, Residual At-
tention U-Net, R2 U-Net, U-Net++, U-Net 3+, USE-Net, Dense U-Net, and DeepLabV3+ with a pre-trained ResNet-101 backbone
on the ImageNet dataset. An ensemble approach based on the best models is proposed, where the final segmentation mask is deter-
mined by majority voting. The models were trained on a preprocessed dataset of panoramic X-ray images with the application of
augmentation techniques. The performance of the models was evaluated using the IoU, Dice, and Accuracy metrics.

Results. Various neural network models were investigated, and the best ones were combined into an ensemble. The conducted
experiments confirmed that the ensemble approach improves segmentation accuracy compared to individual models. The best result
was achieved by the ensemble combining the Dense U-Net, Attention U-Net, and U-Net 3+ architectures.

Conclusions. The proposed ensemble approach demonstrated high efficiency in the task of semantic tooth segmentation on pano-
ramic X-ray images, outperforming the results of individual models. The scientific novelty of the study lies in the application of an
ensemble approach that combines various architectures of convolutional neural networks for semantic tooth segmentation on X-ray
images. The practical significance of the work is in the potential use of the developed approach for building automated diagnostic
systems in dentistry. The obtained results can be applied to further automate the analysis of X-ray images and contribute to the de-
velopment of intelligent medical systems.

KEYWORDS: deep learning, convolutional neural networks, tooth segmentation, semantic segmentation, U-Net, ensemble.

ABBREVIATIONS NOMENCLATURE
BCE — Binary Cross-Entropy; Accuracy is a proportion of correctly classified pixels
CNN - Convolutional Neural Network; out of the total number of pixels in the image;
CUDA - Compute Unified Device Architecture; C is a number of channels of the input image;
FN — False Negative; D is a full dataset;
FP — False Positive; Dice is a measure of overlap between the predicted
GB - Gigabyte; mask and the ground-truth mask;
GPU - Graphics Processing Unit; D, 1s a training dataset;
IoU — Intersection over Union; D, is a test dataset;
ReLU — Rectified Linear Unit; E is a number of models in the ensemble;
TN — True Negative; F is a neural network model;
TP — True Positive. F,, is a m-th model among all examined models;

FN is a proportion of class 1 (tooth) pixels incorrectly
classified as class 0 (background);
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FP is a proportion of class 0 (background) pixels in-
correctly classified as class 1 (tooth);

G5 18 an ensemble containing £ models;

G, is an e-th model of the ensemble;

H is a height of the input image;

IoU is a ratio of the intersection area to the union area
of the predicted and ground-truth masks;

Lgcgis a binary cross-entropy loss function;

Lpi..1s a Dice-based loss function;

L is a loss function defined as the sum of Lgcz and
Lpice;

M is a number of models in the study;

Metric is a function that denotes a quality metric;

N is a total number of images in the dataset;

N5, 18 a number of images in the test dataset;

O is a predicted binary segmentation mask;

TN is a proportion of pixels correctly classified as
class 0 (background);

TP is a proportion of pixels correctly classified as
class 1 (tooth);

U is a threshold function that returns 1 if the value is
greater than 0.5, otherwise 0;

W is a width of the input image;

X is an input image;

Y is a binary mask with ground-truth values;

Y is a predicted mask containing probabilities of be-
longing to the target class 1 (tooth);

Y is a predicted probabilistic mask for the e-th model
in the ensemble;

Y; ;18 a predicted probability of the target class for the
pixel at position (Z, j);

y;1s a ground-truth value of the i-th pixel;

y;1s a predicted probability of the i-th pixel;

€ is a small number to avoid division by zero;

0 is a set of parameters of all models in the ensemble;

0 is a set of parameters of the neural network model;

0., 1s a set of parameters of the m-th model.

INTRODUCTION

In dentistry, X-ray images are actively used for the di-
agnosis and treatment of patients. The analysis of X-ray
images is a complex and labor-intensive task for a dentist.
One of the key tasks is the accurate segmentation of teeth
on panoramic X-ray images, which aids in the detection
of dental diseases.

In recent years, many approaches using neural net-
works have been proposed for solving the segmentation
task in the medical field [1]. In particular, convolutional
neural networks have shown high efficiency in the field of
dentistry [2]. However, despite a significant number of
studies in this area, most of them are focused on using
single neural network architectures, which do not always
provide the best results. This creates a need for the devel-
opment of approaches that would enhance the reliability
and accuracy of segmentation by combining the advan-
tages of different models.

The relevance of the study is driven by the need to in-
crease the accuracy and speed of diagnosing dental dis-
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eases, as well as the development of methods for com-
puter analysis of medical images.

The object of the study is the process of semantic
segmentation of teeth on panoramic X-ray images.

The subject of the study is convolutional neural net-
work architectures and an ensemble approach for the se-
mantic segmentation of teeth on panoramic X-ray images.

The purpose of the work is to investigate the effec-
tiveness of various convolutional neural network architec-
tures and to develop an ensemble approach for the seman-
tic segmentation of teeth on panoramic X-ray images. To
achieve this aim, it is necessary to investigate the effec-
tiveness of modern convolutional neural network architec-
tures and develop an ensemble model that combines sev-
eral effective architectures. Furthermore, it is required to
evaluate the segmentation accuracy using appropriate
metrics and perform a comparative analysis of the ob-
tained results.

1 PROBLEM STATEMENT
Let D={(X, Y) |i=1, ..., N} be a set of panoramic
X-ray images and their corresponding segmentation
masks. The task is to find a function (model) F: X — ¥
that maps an input image X to a predicted segmentation

mask Y e [0,17°"*€, which contains the probabilities of
each pixel belonging to the target class 1 (the tooth class).
To obtain a binary mask O e {0, 1}"*¢ where 0 de-
notes the background and 1 denotes a tooth, a threshold

function must be applied to each value Y, according to
the formula (1):

U L if % ;>05;
. )= ? 1
hJ 0, otherwise. &
It is necessary to train M models from the set
{F,|m=1, ..., M}, which have different architectures.
For each model F,, it is required to find the optimal set of
parameters 0,, that minimizes the loss function L on the
training set Dy, (2):

0, =argmin > L(F, (X;30,,),%).
em (Xth )EDtrain

2

From the set of models {F,,| m =1, ..., M}, it is nec-
essary to select the E best models for the ensemble
{G.| e=1, ..., E} based on their quality metric values on
the test set D,,. Dice and IoU can be used as quality met-
rics.

As a result of applying the models from the ensemble
G to an input image X, a set of predicted masks

{I;e | e =1, ..., E} will be obtained. The final binary

mask for the ensemble of models is determined by the
majority voting method according to the formula (3):

—_—

, if QU ) >—;
O[sjz e=l1 2

0, otherwise.
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The main task is to find the optimal parameters of the
ensemble ® = {0, ..., 0z} that maximize the chosen qual-
ity metric on the test dataset (4):

© = arg max > Metric(G (X ;;0),Y;). 4)
) NleSt (Xi’Yi)EDtest
2 REVIEW OF THE LITERATURE

In recent years, many studies have been conducted
applying various approaches to solve the task of segmen-
tation in dentistry using neural networks. In the task of
semantic segmentation, the U-Net architecture [3] has
proven to be particularly effective. Since the creation of
U-Net, many modifications of this architecture have been
proposed, including Attention U-Net [4], Residual U-Net
[5], Residual Attention U-Net [6], R2 U-Net [7], USE-Net
[8], Dense U-Net [9], U-Net++ [10], and U-Net 3+ [11].
For the segmentation of objects at different scales, the
DeepLabV3+ architecture [12] has shown high results.

In the paper [13], convolutional neural networks based
on the U-Net architecture were investigated for solving
the task of semantic segmentation of teeth on panoramic
X-ray images. The dataset contained 1500 images. As a
result, the Dice coefficient reached 0.934. The authors
also used an ensemble of several models, which increased
the Dice coefficient value to 0.936.

In the paper [14], a Multi-Scale Location Perception
Network (MSLPNet) was used for tooth segmentation.
This model focused on improving the segmentation qual-
ity of teeth with fuzzy root boundaries. The dataset con-
tained 1500 panoramic X-ray images. As a result, the
Dice coefficient reached 0.9301.

In the paper [15], a Two-Stage Attention Segmenta-
tion Network (TSASNet) on dental panoramic X-ray im-
ages was proposed to address the problems arising when
performing the task of tooth boundary and tooth root
segmentation. The dataset contained 1500 panoramic X-
ray images. As a result, the Dice coefficient reached
0.9272.

The paper [16] is notable for describing the creation of
a Knowledge Consistency Neural network (KCNet) using
knowledge distillation, which allows for obtaining light-
weight models for the purpose of deployment on edge
devices. In this paper, they propose an attempt to obtain
reliable data from a teacher network using a knowledge
network. The dataset contained 1321 panoramic dental
images. They chose U-Net and ESPNet-v2 as the student
and teacher networks, respectively. As a result, the Dice
coefficient was 0.89. The KCNet model was compared
with others, where although it has slightly worse quality,
it requires significantly fewer parameters.

In the paper [17], the SWin-U-Net model was used for
tooth segmentation on panoramic X-ray images. SWin-U-
Net is an encoder-decoder system that uses a transformer
and has a U-shape with skip connections. In SWin-U-Net,
a symmetric encoder-decoder structure is built using jump
connections. It uses a local to a global strategy for self-
attention. A patch-expanding layer is also created to in-
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crease sampling and feature dimension without using
convolution or interpolation methods. The dataset con-
tained 100 panoramic X-ray images. As a result, the val-
ues for the F1 (Dice), IoU, and Accuracy metrics were
0.6372, 0.4689, and 0.8852, respectively. This model was
compared with U-Net, Link-Net, and FPN models, where
SWin-U-Net outperforms all other models.

In the paper [18], the Teeth U-Net model is presented
for tooth segmentation on panoramic X-ray images. This
model uses a Squeeze-Excitation Module in the encoder,
and a dense skip connection between the encoder and
decoder is proposed to reduce the semantic gap. To solve
problems related to irregular tooth shape and low image
contrast, a Multi-scale Aggregation attention Block
(MAB) is applied in the bottleneck layer, which can effec-
tively extract tooth shape features and adaptively fuse
multi-scale features. A Dilated Hybrid self-Attentive
Block (DHAB) is also formulated to capture dental fea-
ture information across a broader perceptual field. The
dataset included 1500 panoramic X-ray images. The pro-
posed model demonstrates high results in three compara-
tive experiments, showing high metrics for Accuracy,
Precision, Recall, and Dice, which are 0.9853, 0.9562,
0.9451, and 0.9428, respectively.

The paper [19] compares varieties of U-Net models
for tooth segmentation on panoramic X-ray images,
namely the following models: U-Net, Attention U-Net,
Dense U-Net, R2 U-Net, Residual U-Net, SE U-Net
(USE-Net). In these variants, configurations with two and
three convolutional layers are used in both the encoder
and decoder blocks. The dataset contained 389 images.
For models with two convolutional layers, U-Net demon-
strated the highest results, achieving a Dice coefficient
and an IoU score of 0.8911 and 0.88, respectively. For
models with three convolutional layers, the Dense U-Net
model proved to be the best, achieving a Dice coefficient
and an IoU score of 0.9033 and 0.8907, respectively. It
was found that for each of the models, the quality metrics
were higher with three convolutional layers.

The authors of the paper [20] presented the CariSeg
neural network ensemble, which contains four models.
The first model in the CariSeg system, trained using the
U-Net architecture, segments the region with teeth in or-
der to subsequently crop the panoramic X-ray image. The
next component segments carious lesions and is an en-
semble containing three models with different architec-
tures: U-Net, Feature Pyramid Network, and DeeplabV3.
For tooth segmentation, the dataset included 1116 pano-
ramic images, and for caries segmentation — 150 images,
from which only 108 were selected. As a result, for tooth
segmentation, the Dice coefficient and IoU score were
0.889 and 0.798, respectively, and for caries segmenta-
tion, the Dice coefficient and IoU score were 0.6820 and
0.5180, respectively.

The authors of the paper [21] proposed the
S2AgScUNet model to solve the task of semantic seg-
mentation of teeth, which uses a pre-trained SAM2 model
as an encoder combined with ScConv modules and gated
attention mechanisms. To simplify deployment on edge
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devices, they created the LightUNet model using knowl-
edge distillation to achieve quality comparable to the U-
Net model. In the study, the proposed models were com-
pared with U-Net, SegFormer, MaNet, and CeNet models.
The dataset contained 1500 panoramic X-ray images,
from which 425 images were selected for the study. As a
result, the S2AgScUNet model showed the highest result
with a Dice coefficient and an IoU score of 0.9254 and
0.8612, respectively. The LightUNet model achieved a
Dice coefficient and an IoU score of 0.9156 and 0.8443,
respectively, which does not differ much from the results
of the U-Net model.

In the paper [22], the authors used U-Net, U-Net++,
U-Net with MobileNetV3 as an encoder, and DeepLabV3
architectures for the semantic segmentation of teeth on
panoramic X-ray images. The U-Net and U-Net++ mod-
els contained ResNet 50 as the base model. The study was
conducted on two datasets, where the first contained 1000
images, and the second — 2500 images. On the first data-
set, the Dice coefficient for U-Net, U-Net++, U-Net-
MobileNetV2, and DeepLabV3 models was 0.9121,
0.9014, 0.8761, and 0.6412, respectively. On the second
dataset, the Dice coefficient for U-Net and U-Net++ mod-
els was 0.9253 and 0.9258, respectively.

The authors of the paper [23] proposed a dual-stream
dental segmentation model based on Transformer hetero-
geneous feature complementarity for tooth segmentation
on panoramic X-ray images. This parallel architecture
includes a Transformer semantic parsing branch and a
convolutional neural network detail capturing pathway,
achieving collaborative optimization of global context
modeling and local feature extraction. The dataset con-
tained 1500 images. Experimental results showed that the
proposed method achieved a Dice coefficient and an IoU
score of 0.9454 and 0.9149, respectively. The results were
compared with U-Net, U-Net++, Attention U-Net, CE-
Net, and GT U-Net models, where the proposed method
showed the highest result.

Based on the literature review conducted, it can be
concluded that the application of neural networks for
tooth segmentation on X-ray images is a promising direc-
tion in modern dentistry. Despite significant achieve-
ments, most works in this field focus on using single ar-
chitectures, whereas the results demonstrate considerable
variability depending on the model structure, sample size,
and image characteristics. In this regard, there is a grow-
ing interest in ensemble methods, which combine the re-
sults of several models to obtain a generalized prediction.

Thus, the analysis indicates that, despite significant
advancements in the field of medical image segmentation,
there remains a need to investigate the effectiveness of
ensemble approaches specifically for tooth segmentation
on panoramic X-ray images. This opens the prospect of
creating more reliable and accurate systems for support-
ing dental diagnostics.

3 MATERIALS AND METHODS
In this study, ten convolutional neural network archi-
tectures are considered: U-Net, Attention U-Net, Residual
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U-Net, Residual Attention U-Net, R2 U-Net, USE-Net,
Dense U-Net, U-Net++, U-Net 3+, and DeepLabV3+
(with the ResNet-101 model, pre-trained on the ImageNet
dataset, as the backbone network). The choice of these
models is determined by their proven effectiveness in the
task of medical semantic segmentation.

U-Net has a symmetric structure consisting of an en-
coder and a decoder. The encoder gradually reduces the
spatial dimensions of the image, extracting high-level
features, while the decoder restores the spatial dimension
of the image using transposed convolution operations. A
characteristic feature of U-Net is the presence of skip
connections between the corresponding levels of the en-
coder and decoder, which allows combining contextual
and spatial information for more accurate segmentation.
Fig. 1 illustrates the U-Net architecture.
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image ;‘-'_."
tile |

output

I || segmentation
1 = 5| map

|
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= conv 313, RelU
_‘ ' copy and crop
=3 # max pool 2x2

v 2x2

Figure 1 — U-Net architecture [3]

Other architectures modify U-Net through various
mechanisms:

1. Attention U-Net uses attention gates, which auto-
matically identify the most informative regions of the
image while suppressing irrelevant signals.

2. Residual U-Net extends the base architecture with
residual connections, which facilitate the propagation of
gradients during training. This contributes to more stable
training of very deep models.

3. Residual Attention U-Net combines the advantages
of residual blocks and attention mechanisms, allowing the
model to simultaneously maintain depth and focus on the
most important image features.

4. R2 U-Net integrates recurrent convolutional blocks
and residual connections, which allows for the considera-
tion of spatial-contextual information within the image.

5. USE-Net (U-Net with Squeeze-and-Excitation
blocks) performs adaptive weighting of feature maps,
enabling the model to amplify significant features and
suppress less relevant ones.

6. Dense U-Net uses dense blocks. In these blocks,
each layer receives feature maps from all previous layers
within the block as input. This encourages feature reuse,
improves gradient flow, and allows for high performance
with fewer parameters.
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7. U-Net++ adds intermediate nodes between the en-
coder and decoder, forming a cascaded system of skip
connections. This ensures deeper integration of features
from different levels and contributes to more accurate
object contour reconstruction. U-Net 3+ uses dense multi-
level connections between the encoder and decoder, en-
suring the aggregation of information from different
scales.

8. U-Net 3+ offers full-scale skip connections. Each
decoder node receives input not only from the corre-
sponding encoder level, but also from all encoder levels
(smaller size) and all decoder levels (larger size). This
ensures feature aggregation at absolutely all scales for
generating an accurate segmentation mask.

DeepLabV3+ with the ResNet-101 backbone network
applies dilated convolutions and an ASPP (Atrous Spatial
Pyramid Pooling) module to extract features at various
spatial scales. This approach allows the model to consider
both local and global contextual dependencies during
tooth segmentation.

In all architectures, ReLU is used as the activation
function, which ensures fast and stable training. Addition-
ally, for better training, batch normalization is used after
the convolutional layers.

At the output of each model, the SoftMax function is
used, which allows interpreting the values of the output
mask as the probabilities of each pixel belonging to the
target class.

The models were trained using a combined loss func-
tion of Binary Cross-Entropy (BCE) and Dice loss.

BCE evaluates the pixel-wise difference between the
predicted mask and the true labels, ensuring stable weight
updates in the early stages of training, but it can be inef-
fective in cases of class imbalance. BCE is defined by the
formula (5):

N
Lpcr = —%z[y,- log() + (- y)log-3)}  (5)
i=1

The Dice loss function evaluates the similarity be-
tween the predicted and true masks, which is particularly
important in cases of class imbalance, where the number
of pixels belonging to the target class is much smaller
than the number of background pixels. This function is
defined by the formula (6):

N ~
221':1 Yiyi t€
N N -~ ?
zi:lyi + zi:lyi te
where ¢ is a small number to avoid division by zero.

The total loss function is defined as a linear combina-
tion of (5) and (6) according to the following formula (7):

(6)

Lpjce =1-

L=Lgcg + Lpice- (7
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The combination of these loss functions allows for the
simultaneous consideration of both pixel-wise error and
mask similarity, which ensures more effective training.

After training and evaluating all models, the three best
models are selected based on the IoU and Dice metrics.
An ensemble is constructed based on these models, which
forms the final segmentation mask using the majority
voting method. For each pixel, the number of models that
classified it as class 1 (tooth) is calculated. A pixel is la-
beled as 1 (tooth) if two or more models from the ensem-
ble predicted this class; otherwise, it is labeled as 0
(background). This approach allows for reducing the in-
fluence of errors from individual models and increasing
the stability of the segmentation results.

4 EXPERIMENTS

The study was conducted on a public dataset [24],
containing 1500 panoramic X-ray images with annotated
tooth masks. As many images were poorly annotated, 892
images were selected. The dataset was randomly divided
into three subsets, where 70% (624 images) was the train-
ing set, 15% (133 images) was the test set, and 15% (135
images) was the validation set.

All images were resized to a uniform size of 256x256
using bilinear interpolation (for images) and nearest-
neighbor interpolation (for masks). The pixel intensity
values were normalized to a normal distribution with a
mean of 0.5 and a standard deviation of 0.5. All images
were in grayscale format, i.e., with a single channel.

To enhance the generalization ability of the models
and prevent overfitting, the following augmentation tech-
niques were applied to the training set during training (all
with a probability of 0.5):

— horizontal flips;

— rotations by 10°;

— scaling by 10%;

— shifting along the x and y axes by 5%;

— brightness and contrast adjustments by 20%.

The validation and test sets were used without aug-
mentations; only resizing and normalization were applied.

For the data samples, a batch size of 16 was chosen
for training all models, except for the Dense U-Net mod-
el, for which the batch size was 8. This was due to insuf-
ficient video memory on the graphics card used, but this
is not critical, and during training, this model can still
effectively reach a local minimum of the loss function.

All models were implemented, trained, and tested us-
ing the PyTorch framework in the Python programming
language.

The experiments were conducted on a computer
equipped with an NVIDIA GeForce 5090 graphics card
with 32 GB of video memory, an AMD EPYC 7713 proc-
essor with 64 cores, and 32 GB of RAM. The use of this
graphics card allowed for the utilization of CUDA tech-
nology, which significantly accelerated the training proc-
ess.

To ensure a fair comparison, all models were trained
with almost identical parameters. The loss function used
was according to the formula (7) for all models. The
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Adam optimizer was chosen with a learning rate of 0.001
and L2 regularization with a coefficient of 0.001. For all
models, 100 epochs were set for training, and early stop-
ping was applied if the loss function value on the valida-
tion set did not decrease for 15 epochs. The best weights
were saved based on the lowest validation loss; therefore,
even in the presence of overfitting, the weights from be-
fore overfitting were selected.

For the R2 U-Net model, which tends to overfit, drop-
out was applied to the feature maps with probabilities of
0.1 in the second encoder block, 0.2 in the third and
fourth blocks, and 0.3 in the bottleneck. The Dee-
pLabV3+ model uses dropout in the decoder in the convo-
lutional layers when refining features with a probability of
0.1 after the first convolutional layer and a probability of
0.5 after the second convolutional layer. Besides, at the
end of the ASPP module of this model, a dropout with a
probability of 0.1 is used.

All U-Net-based models used two convolutional lay-
ers in a single block, except for Dense U-Net, which used
four layers in the Dense Block, and R2 U-Net, which used
a recurrent loop twice.

Three main metrics were used to evaluate the segmen-
tation quality: Accuracy, IoU, Dice. The Accuracy metric
does not take into account class imbalance, so the IoU and
Dice metrics are taken into account more during the
study.

The Accuracy metric is defined by the formula (8):

TP +TN
Accuracy = . )
TP+1TN + FP+ FN
The IoU metric is defined by the formula (9):
7P
U=s——. ©)
TP+ FP+FN

The Dice metric is defined by the formula (10):

2TP

Dice=————.
2TP+ FP+ FN

(10)

5 RESULTS

Fig. 2 shows the training curves for all models, dis-
playing the loss function values for the training and vali-
dation sets. The number of epochs may vary for different
models, as early stopping was applied.

As can be seen from the graph, there is no overfitting
for all models, except for the R2 U-Net model, which
exhibits slight overfitting, even though corresponding
overfitting prevention techniques were applied to it. As a
result, the models were saved over many epochs, and the
best ones were selected.

Table 1 presents the quality metrics for all models on
the training and test sets.

On both the training and test sets, the best quality met-
ric values were shown by the Dense U-Net, U-Net 3+,
and Attention U-Net models, which were combined into
an ensemble. The best single model achieved a Dice coef-
ficient of 0.9371 on the training set and 0.9341 on the test
set. The ensemble exceeds the performance of the indi-
vidual models, achieving a Dice coefficient of 0.9377 on
the training set and 0.9351 on the test set, which confirms
the appropriateness of using such an approach.

Fig. 3 shows an example of tooth segmentation for
each model and the ensemble in comparison with the
ground truth mask.

Figure 2 — Loss curves for model training
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Table 1 — Performance metrics of all the models on the training and test datasets

Dataset Model Accuracy IoU Dice
Training dataset U-Net 0.9712 0.8654 0.9276
Attention U-Net 0.9736 0.8778 0.9347
Residual U-Net 0.9729 0.8751 0.9332
Residual Attention U-Net 0.9698 0.8616 0.9254
R2 U-Net 0.9598 0.8184 0.8993
U-Net++ 0.9693 0.8580 0.9234
U-Net 3+ 0.9738 0.8793 0.9356
USE-Net 0.9720 0.8714 0.9311
Dense U-Net 0.9745 0.8820 0.9371
DeepLabV3+ (ResNet-101 backbone) 0.9617 0.8312 0.9076
Ensemble (Dense U-Net, U-Net3+, Attention U-Net) 0.9747 0.8830 0.9377
Test dataset U-Net 0.9682 0.8608 0.9251
Attention U-Net 0.9708 0.8725 0.9318
Residual U-Net 0.9708 0.8732 0.9321
Residual Attention U-Net 0.9694 0.8678 0.9291
R2 U-Net 0.9585 0.8248 0.9036
U-Net++ 0.9659 0.8519 0.9199
U-Net 3+ 0.9715 0.8756 0.9335
USE-Net 0.9691 0.8662 0.9282
Dense U-Net 0.9717 0.8766 0.9341
DeepLabV3+ (ResNet-101 backbone) 0.9590 0.8299 0.9069
Ensemble (Dense U-Net, U-Net3+, Attention U-Net) 0.9721 0.8783 0.9351

Ground truth

Original image

R2 Unet

Residual Attention Unet

A

Dense Unet

AR

Deeplabvi+

Unet++

Residual Unet

Attention Unet

Unet 3+ USEnet

Unet 3+ & Attention Unet & Dense Unet

Figure 3 — Results of tooth segmentation for all the models

6 DISCUSSION

The obtained results confirm the effectiveness of us-
ing CNNss in the task of tooth segmentation on panoramic
X-ray images. Among the investigated architectures, the
Dense U-Net, U-Net++, and Attention U-Net models
achieved the highest quality metric scores. Their advan-
tage is explained by advanced feature propagation me-
chanisms. Specifically, Dense U-Net benefits from dense
connections between layers, which promote effective fea-
ture reuse. Attention U-Net is effective due to the use of
attention mechanisms, allowing the model to focus on
relevant areas of the image. U-Net 3+ provides deep mul-
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ti-level context aggregation, which improves the restora-
tion of spatial details.

The key result of the work is the confirmation of the
effectiveness of the proposed ensemble approach. Theo-
retically, this is explained by the fact that the selected
three best models have different architectures and may
have learned different features and, as a consequence,
make different types of errors. The majority voting me-
thod allows for reducing the number of errors from indi-
vidual models. Thus, the ensemble demonstrates better

generalization ability.
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The obtained results are consistent with the conclu-
sions of other researchers, who also note the high effi-
ciency of these U-Net architecture modifications.

Table 2 presents the results of our approach in com-
parison with the methods of other authors using the Dice
metric. As can be seen from the results, our proposed en-
semble outperforms most of the models from other au-
thors.

Despite the positive results obtained, certain limita-
tions of this work must be considered. First, the study was
conducted on a limited public dataset. In this field, there
are quite few public datasets with high-quality annotated
images; many authors use private datasets during their
research. A large and high-quality annotated dataset could
increase the quality of the models in this study.
Furthermore, due to the need for simultaneous training
and storage of gradients for deep neural network
architectures, the input images were downsampled to a
size of 256x256 pixels. Such a reduction in
dimensionality inevitably leads to the loss of high-
frequency spatial information. Many authors used larger
image sizes, which can improve segmentation quality, and
the quality metrics may correspondingly be better. For
example, the authors of paper [23] used images of size
512x512, which may yield higher metric values compared
to our approach, where we used images of size 256x256.

Table 2 — Comparison of our results with the results of other

authors

Author Number of images Dice
Koch et al. [13] 1500 0.936
Chen et al. [14] 1500 0.9301
Zhao et al. [15] 1500 0.9272

Lin at al. [16] 1321 0.89
Sheng et al. [17] 100 0.6372
Hou et al. [18] 1500 0.9428
Zannah et al. [19] 389 0.9033
Marginean et al. [20] 1116 0.889
Lietal. [21] 425 0.9254
Bhat et al. [22] 2500 0.9258
Ma et al. [23] 1500 0.9454
Our results 892 0.9351

The obtained results have significant practical impor-
tance for dental diagnostics. The high accuracy of tooth
segmentation achieved by the Dense U-Net, Attention U-
Net, and U-Net 3+ models allows for the automation of
the analysis stage of panoramic X-ray images. This can
substantially reduce the workload on dentists, shorten
image analysis time, and lower the probability of missing
pathological changes. Furthermore, the segmentation re-
sults can be used as input data for systems of automatic
caries detection or other dental lesions, which creates pre-
requisites for comprehensive computer-aided support in
dental diagnostics.

Further research could be directed towards investigat-
ing other ensemble methods, particularly probability map
averaging and weighted averaging. Another promising
direction involves the evaluation of more advanced neural
network architectures, particularly transformer-based
models. Transformers are capable of capturing long-range
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spatial dependencies more effectively than classical con-
volutional architectures, which may lead to improved
recognition of complex dental structures on panoramic X-
rays. Studying transformer models both individually and
as components of an ensemble could help identify even
more optimal architectural combinations for dental seg-
mentation tasks. Additionally, based on the conducted
research, prerequisites are being created for the develop-
ment of lightweight model variants, as the ensemble may
be too large for deployment on edge devices.

CONCLUSIONS

In this work, the scientific and practical problem of
increasing the accuracy and stability of semantic segmen-
tation of teeth on panoramic X-ray images was solved by
analyzing modern CNN architectures and applying an
ensemble approach. An experimental study of the U-Net,
Attention U-Net, Residual U-Net, Residual Attention U-
Net, R2 U-Net, Dense U-Net, USE-Net, U-Net++, U-Net
3+, and DeepLabV3+ (ResNet-101 backbone) models
was conducted using the Accuracy, loU, and Dice met-
rics. The highest quality indicators were demonstrated by
the Dense U-Net, Attention U-Net, and U-Net 3+ archi-
tectures, which indicates the effectiveness of their feature
propagation mechanisms. An ensemble based on these
three best models, utilizing majority voting, was pro-
posed. Using this approach, a Dice coefficient and an IoU
score of 0.9351 and 0.8783, respectively, were achieved
on the test dataset, surpassing the results of all individual
models.

The scientific novelty of the work lies in the compre-
hensive comparative analysis of modern CNN architec-
tures for the task of tooth segmentation on panoramic X-
ray images and the identification of the most effective
architectures. The effectiveness of an ensemble consisting
of Dense U-Net, Attention U-Net, and U-Net 3+ models
was substantiated for the first time. This approach allows
for reducing the number of errors and improving segmen-
tation quality.

The practical significance of the obtained results lies
in the possibility of using the proposed models in com-
puter-aided diagnostic systems, which allow for automat-
ing the analysis of panoramic X-ray images, reducing the
influence of the human factor, and accelerating the diag-
nostic process.

Prospects for further research include the investiga-
tion of other neural network architectures and their com-
bination into an ensemble, the use of other ensemble me-
thods, and the study of methods for creating a more
lightweight model.
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AHOTANIA

AkTtyanbhicTs. CeMaHTHYHA cerMeHTallis 3y0iB Ha MAaHOPAaMHHMX PEHTIEHIBCHKUX 3HIMKAX € Ba)KJIMBHUM 3aBJIaHHAM Yy ra-
JIy31 CTOMATOJIOTIYHOI IarHOCTUKH, OCKIJIbKH JI03BOJISIE aBTOMATHU3yBAaTH MPOIIEC MIarHOCTHKH CTOMATOJIOTIYHUX 3aXBOPIO-
BaHb. [IpoTe naHopaMHi PEHTI€HIBCbKI 3HIMKU MalOTh CKJIAJHYy CTPYKTYpY, IO YCKIAIHIOE 3a[ady cerMeHTalii. 3acTocyBaH-
HSl 3TOPTKOBUX HEHPOHHUX MEPEXK MOKa3ye BUCOKUH MOTEHIIIAN Y pO3B’si3aHHI i€l 3a1a4i. Y 1IbOMY KOHTEKCTI aKTyaJIbHUM €
JOCTIPKEHHS KpaliuX MoJeNeil Ta IToeAHaHHs 1X y aHCaMOIIb 3 METOIO IMi[BUIIECHHS SIKOCTi CErMEHTAIlii.

Meta pobdoTH — nOCHiPKEHHS ¢EKTUBHOCTI PI3HUX apXiTEKTyp 3rOPTKOBUX HEHPOHHUX MEPEXK y 3a7adi CeMaHTHYHOI
cerMeHTanii 3y0iB Ha IaHOPaMHUX PEHTT€HIBCHKUX 3HIMKAX Ta po3poOIeHHs aHCaMOJIEBOIO MiAXOMY JJIs IOKPALIEHHS SIKOCT1
pe3yJbTaTiB.

MeToa. BUKOPHCTOBYIOTECS Pi3HI apXiTeKTypH 3ropTKOBHX HelipoHHHX Mepex: U-Net, Attention U-Net, Residual U-Net,
Residual Attention U-Net, R2 U-Net, U-Net++, U-Net 3+, USE-Net, Dense U-Net, DeepLabV3+ 3 nonepenHbo HaBUCHOIO
mogemmo ResNet-101 Ha nataceri ImageNet. 3anpononoBaHo aHcaMONeBU MiAXiA 3 KpalKUX Mojele, ne ¢diHanbHa Macka
CEerMEeHTaIlll BU3HAYAETLCS 32 METOJOM Ma)KOPUTAPHOrO ronocysBaHHs. HaBuaHHS Mojenell BUKOHYBAJIOCS Ha HOIEPEIHBO
MiJrOTOBJICHOMY Ha0Opi MaHOPaMHKUX PEHTI'CHIBCHKUX 3HIMKIB i3 3aCTOCYBaHHSAM METOMAIB ayrMeHTaii. OiHIOBaHHS SKOCTI
MoJenei nmposoauiocs 3a merpukamu loU, Dice ta Accuracy.

PesyabTaTu. JJocmimpkeHo pi3HI Mofesi HelipoMepex, Halkpaili 3 skux Oynu 06’enHaHi B ancamOib. [IpoBeseHi ekcre-
PUMEHTH MiATBEPAUIIHM, 110 aHCaMOIeBUH Miaxin 3a0e3nedye MOKpaIEHHs] TOYHOCTI CErMEHTALIi] OPiBHIHO 3 OKPEMHUMH MO-
nensimu. Halikpaiuii pe3ysbpraT nmokasas aHcamOIb, sikuii noeanye apxirektypu Dense U-Net, Attention U-Net ta U-Net 3+.

BucHoBkHU. 3anponoHOBaHUN aHCAMOJIEBUH IMiAXiJ MPOJEMOHCTPYBAB BUCOKY €(EKTUBHICTH Yy 3aJlaui CeMaHTHYHOI Cer-
MeHTalii 3y0iB Ha MAaHOPaMHHUX PEHTIeHIBCHKUX 3HIMKaxX, IepEeBEPIIyIOUYH pe3ysIbTaTH OKpeMHUx Mozeneil. HaykoBa HoBH3Ha
po06OTH TOJIATaE B 3aCTOCYBAaHHI aHCAMOJIEBOTO MiAXOAY 3 BUKOPUCTAHHIM PI3HUX apXiTEKTYp 3TOPTKOBUX HEHPOHHUX MEPEx
JUIS CEMaHTHYHOI cerMeHTallii 3y0iB Ha PeHTreHIBChbKHX 3HIMKax. [IpakTH4HA 3HAYYIIICTh MOJIATAE Y MOKIMBOCTI BUKOPHUC-
TaHHS PO3POOJICHOr0 MiAXOAY IJIsl CTBOPEHHS CUCTEM aBTOMATH30BaHOI AiarHOCTUKHU y cToMarojorii. OTpuMaHi pe3yiabTaTi
MOXYTh OYTH 3aCTOCOBaHi JJIsl OAAJIbIIOI ABTOMATH3AIIIT TPOLIECIB aHAaJi3y PEHTICHIBChKUX 3HIMKIB 1 PO3BUTKY 1HTEIEKTya-
JIHAX MEJUYHUX CUCTEM.

KJIFOUOBI CJIOBA: rnuboke HaBuaHHs, 3rOPTKOBI HEMPOHHI Mepexi, cerMeHTailis 3y0iB, CEMaHTHYHA CErMEHTAIlis,
U-Net, ancam01b.
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