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ABSTRACT Panoramic radiograph is one of the most widely used inspection tools for dentists making
caries diagnosis, especially for teeth that are hard to be diagnosed through visual inspection. Recently,
several deep learning methods, e.g., based on convolutional neural network (CNN) or transformer network,
have been proposed for automatic caries diagnosis on dental panoramic radiographs, and promising results
have been achieved. However, current approaches use all the teeth equally when training their models,
which results in performance degeneration because of unbalanced classification difficulties for different
tooth positions. The objective of this study is to introduce a position weighted CNN to alleviate the above
problem for more accurate caries diagnosis. The position weighted module evaluates and revises the output
of a specially designed CNN to incorporate position information. In addition, a novel data augmentation
method is used to balance data with uneven decayed and normal teeth, which is one of the reasons leading
to unbalanced classification difficulty. To verify the proposed method, a children panoramic radiograph
database is collected and labeled with more than 6,000 teeth. The proposed approach outperforms the state-
of-the-art caries diagnosis methods with the accuracy, precision, recall, F1 and area-under-the-curve being
0.8859, 0.8875, 0.8932, 0.8903 and 0.9315, respectively. Specially, the proposed model displays higher
diagnosis performance compared with two attending doctors with more than five-year clinical experience
but with different diagnosis patterns, showing a potential tool for assisting dentists.

INDEX TERMS Caries diagnosis, CNN, transformer, position embedding, panoramic radiograph.

I. INTRODUCTION
Dental caries is one of the most popular dental diseases.
Usually, it is caused by a long time of interaction between
acid-producing bacteria and the residual fermentable carbo-
hydrates on teeth [1]. Dental caries can happen to anyone
regardless of his/her age [2]. Even a baby with a few
primary teeth is likely to have caries. What’s worse is
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the negative impact for the growth of permanent tooth
if a primary tooth is decayed [3]. Accordingly, children
caries diagnosis is paid more and more attention with var-
ious media methods such as dental maxillofacial images
and 3D oral images. However, children usually refuse
to cooperate when being diagnosed, making panoramic
radiograph a widely used inspection tool for dentists diag-
nosing caries [4]. Currently, a quantity of researchers
are studying automatic caries diagnosis on panoramic
radiographs.
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FIGURE 1. An example to show unbalanced classification difficulty. (a) is
caries ratio for each tooth of the collected panoramic radiograph dataset;
(b), (c), and (d) are diagnosis accuracy of each tooth for the Resnet,
S-Transformer, and T2S-Transformer models, respectively.

Usually, performing caries diagnosis on panoramic radio-
graph consists of two steps [5], [6]. Firstly, each tooth is
extracted from the panoramic radiograph, which consists of
all the teeth along with useless information such as bone
and jaw structure around the teeth. After extracting each
tooth, a pattern recognition task is conducted to identify
whether a tooth is a caries. For tooth extraction, many meth-
ods have been proposed like the most popular region-CNN
methods [7], [8], [9], [10] and conventional approaches such
as image post-processing [11] and genetic algorithms [12].
Since a simply trained data annotation worker can accurately
extract each tooth from a panoramic radiograph, we move our
study to the second step, which requires professional dentists,
hoping to assist them for more accurate caries diagnosis.

To perform caries diagnosis on each tooth coming from
panoramic radiographs, a classification task should be per-
formed. Various classification methods have been proposed
for caries diagnosis using conventional pattern recognition
methods [13], [14] and the most popular deep learning
methods such as using CNN and transformer network
[15], [16], [17], and promising performance has been
achieved. However, we find that current methods cannot
reach the professional dentists’ diagnosis level [15], [16]. One
possible reason is that current approaches use all the teeth
equally when training their models, which results in perfor-
mance degeneration because of the unbalanced classification
difficulties of different tooth positions.

To show the unbalanced classification difficulty, we collect
a children panoramic radiograph dataset consisting of more
than 6,000 teeth with balanced carious and normal teeth.
Fig. 1 (a) shows the caries ratio of each tooth. Because
different teeth have different probabilities to be caries [18],
the caries ratio cannot be guaranteed to be balanced even
the overall ratio is balanced. Fig. 1 (b), (c), and (d) dis-
play the classification accuracy of several state-of-the-art
caries diagnosis methods on each tooth, i.e., Resnet [19],
S-Transformer [16], and T2S-transformer [16]. Form the

figure, it can be seen that there is a big performance gap
among different tooth positions. The reasons may lie in the
uneven number of carious and normal teeth (e.g., position 53),
and the tooth itself (e.g., position 52).

To cope with the unbalanced classification difficulty prob-
lem, this study presents a position weighted CNN method
for unbalanced children caries diagnosis. More specifically,
a position weighted module is proposed to evaluate and
revise the outputs of a specially designed CNN to bring in
position information, which provides a compensation for the
unbalanced problem. In addition, a novel data augmentation
method is used to balance data with uneven carious and
normal teeth, which further improves the final performance.
A children panoramic radiograph database is collected and
labeled with more than 6,000 teeth, based onwhich, accuracy,
precision, recall, F1 and area-under-the-curve metrics are
calculated to show the effectiveness of the proposed model.
The major contributions of our method are:

• The problem of unbalanced classification difficulty for
each tooth position is firstly noticed and alleviated in
caries diagnosis.

• A position weighted module is proposed to embed
position information in a specially designedCNN frame-
work, which improves the overall performance.

• A novel data augmentation method is developed to bal-
ance tooth positions with uneven decayed and normal
teeth, which may provide a novel view for tooth data
augmentation.

• A children panoramic radiograph database with more
than 6,000 teeth is used to verify the proposed method,
which performs better than the state-of-the-art caries
diagnosis methods, and shows higher diagnosis perfor-
mance compared with two attending doctors with more
than five-year clinical experience.

II. LITERATURE REVIEW
Caries diagnosis on panoramic radiograph can be naturally
regarded as a pattern recognition problem. Conventional
methods use typical feature descriptors to encode key fea-
tures, and then train classifiers for final classification. For
example, Saravanan et al. [13] found that the pixel intensi-
ties (from a histogram) are concentrated in different ranges
for carious and normal teeth, and the spectrum of caries
has high frequency components compared to the spectrum
of the normal tooth, which are key features to diagnosis
caries in its early stage. Virupaiah and Sathyanarayana [14]
utilized Gaussian low pass filter to preprocess the dental
X-ray images, and used support vector machine as a classifier
for normal and decayed teeth classification, which shows a
promising result for the automatic diagnosis of dental caries.

Recently, deep learning, especially the CNN technique,
shows big performances improvement on image analysis
compared with conventional pattern recognition methods
such as support vector machine, and are now widely used for
caries diagnosis [20], [21]. Vinayahalingam et al. [22] used

VOLUME 11, 2023 77035



X. Zhou et al.: Position Weighted Convolutional Neural Network for Unbalanced Children Caries Diagnosis

FIGURE 2. Example of data annotation. For a child panoramic radiograph with primary dentition, each tooth is extracted with a rectangular
box, and marked with its position based on FDI annotation.

CNNMobileNet V2 for classification of caries in thirdmolars
on panoramic radiographs, and a high accuracy of 0.87 is
achieved on a test set consisting of 100 cropped panoramic
radiographs. Bui et al. [5] extracted features by combing deep
activated features using a deep pre-trained model and geo-
metric features using mathematical formulas, and the fused
features are used to train a support vector machine classifier
for caries diagnosis. Sinmilar with [5], Haghanifar et al. [23]
used various pre-trained deep learning models through
transfer learning to extract relevant features, and then
trained a capsule network for classification. Imak et al.
[24] used a multi-input deep convolutional neural network
to extract features from the original image and its intensity
colormap, and a score-based fusion framework is used for
final caries classification. Zhou et al. [15] revised the Resnet
model by using the features of adjacent teeth, and fused all
the information through attention networks for classification.

Apart from the CNN technique, transformer, as a key
component for various foundation models, are now widely
used for computer vision tasks such as image classifica-
tion [25], [26], [27]. Based solely on feed-forward neural
network and multi-head self-attention, vision transformer
overcomes the drawbacks of CNN, e.g, lacking long-range
dependencies and high-order spatial interactions. Currently,
a few researchers have started to rely on transformer for
caries detection. For example, jiang et al. [28] proposed a fast
caries detection method, called RDFNet, for caries detection,
by embedding the transformer mechanism into the detection
network for better feature learning. Zhou et al. [16] pro-
posed a tooth type enhanced transformer for children caries
diagnosis, where a swin transformer is used as the backbone
classification network, and tooth types are used to revise the
backbone using its specific and shared parts, and promising
diagnosis performance has been achieved compared to con-
volutional neural networks.

Overall, we find that above methods cannot reach the
professional dentists’ diagnosis level, and most models only

perform well on several tooth positions as shown in Fig. 1,
which leads to sub-optimal solutions. Thus, in this paper,
we aim to alleviate this problem for more accurate caries
diagnosis.

III. METHOD
This study presents a novel position weighted CNN for
unbalanced children caries diagnosis. The proposed method
consists of three components, i.e., a data augmentation mod-
ule to balance tooth positions with uneven normal and
decayed teeth, a shared CNN module to encode features of
the current tooth and its adjacent teeth, a position weighted
module to revise the outputs of CNN for final classification.
In the following, we will first introduce the dataset, and
then illustrate all the components, followed by the overall
algorithm.

A. DATASET
A children panoramic radiograph dataset is used, which was
collected in Beijing Children’s Hospital, Capital Medical
University, National Center for Children’s Health from year
2015 to 2021. The dataset consists of 304 panoramic radio-
graphs with about 6,000 teeth, where there are 3039 and
2989 teeth being decayed and normal, respectively. The teeth
are manually extracted from the panoramic radiograph based
on annotation tool via [29], which is one of the most popular
computer vision annotation tools. The labeling example is
shown in Fig. 2, where teeth with unfixed rectangular boxes
and their positions are extracted. Using unfixed rectangular
box can better crop the tooth due to the different sizes between
teeth, and the position is encoded with the FDI notation,
which is a universal method [30]. For the labels of each
extracted tooth, we use the discharge diagnosis report to
provide the true labels. Noted tooth missing is common for
children, so we just ignore the missing positions.

The dataset is used with the approval of the Institutional
Review Board (IRB) of Beijing Children’s Hospital, Capital
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FIGURE 3. Overall framework of the proposed method. There are three key components, i.e., a data augmentation module, a shared CNN
module, and a position weighted module. In the framework, we take tooth position 54 and its diagnosis as an example.

TABLE 1. Data characteristics.

Medical University (IRB No.: [2022]-E-044-R). With the
collected dataset, we split all the teeth into training, validation
and testing sets with 8:1:1 like most previous study, and the
final data characteristics are summarized in Table 1.

B. SHARED CNN BACKBONE MODULE
The backbone of the proposed method is a CNN, which
encodes the high dimensional tooth image into a vector
representation. Various CNN architectures can be used like
previous methods, such as Alexnet, Googlenet and Resnet,
and in this paper we use Resnet due to its promising perfor-
mance in a variety of image analysis tasks. Usually, a typical
Resnet consists of 18 layers with a convolutional layer, a pool-
ing layer, several residual connected convolutional layers and
a fully connected layer, as shown in the top of Fig. 3. Specifi-
cally, there are two kinds of residual connected convolutional
layers as shown in Fig. 4. Apart from the regular residual
block to alleviate the degradation problem, the residual layers
with stride=2 will reduce the feature map size to limit the
calculation complexity.

In [15], researchers found that using information of adja-
cent teeth can promote overall classification performance.

FIGURE 4. Two kinds of residual connected convolutional layers of the
Resnet. The batch normalization layer and the ReLU layer are omitted due
to space limitation.

The intuition behind the model is that caries of a tooth often
affects its adjacent teeth due to the same growing environ-
ment. Accordingly, a tooth will more likely to be a caries if
there are caries around it. In the original paper, an attention
network is used to fuse information from adjacent teeth.
In this paper, we just concatenate all the features to avoid
additional network parameters. Specifically, a Resnet with
shared parameters f is used to encode an image xi to f (xi),
and its final representation ri is calculated as:

ri = [f (xi), f (xi1), . . . , f (xik )] (1)

where f (xij), j ∈ 1, . . . , k is the feature of k adjacent teeth for
xi. In our experiments, we set k to 3. Taking tooth 54 as an
example, its three adjacent teeth are positions 55, 53 and 84.
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With the final representation, a fully connected layer with a
softmax activation function is used to obtain a classification
distribution csi .

C. POSITION WEIGHTED MODULE
In previous sections, we illustrate the unbalanced classifi-
cation difficulties of different tooth positions, and in this
subsection, we introduce position weighted module to solve
this problem. Specifically, the module is used to measure the
classification difficulty of the current tooth position, and then
revise the classification distribution of the shared CNN back-
bone. The calculation is shown in the right bottom of Fig. 3,
where there are several normalization and fully connected
layers followed by a softmax activation function.

Firstly, the position code (e.g, 54 based on FDI annotation)
of a tooth is normalized to the range of (0,1]. Secondly, the
normalized code is mapped with a fully connected layer with
ReLU activation function. Thirdly, another fully connected
layer without using activation function is used tomap its input
to a two-dimensional vector, which is activated by a softmax
function to obtain a distribution cwi . Finally, the classification
distribution of tooth i is obtained with:

ci = csi ⊙ cwi (2)

where ⊙ is the Hadamard product. With the modified classi-
fication distribution, a cross entropy loss can be used as the
final objective.

D. DATA AUGMENTATION MODULE
Caries ratio for each tooth position is shown in Fig. 1 (a).
It can be seen that there are some positions with uneven
decayed and normal teeth (see positions 71-71 and 81-83),
even when the caries ration for the whole tooth data is bal-
anced. This observation is reasonable because different teeth
have distinct probabilities to be caries. The uneven class
distribution for a position makes the classification difficult,
and data augmentation [31] is always performed to alleviate
the defect. Conventional data augmentation methods usually
operate the image itself, e.g. rotating the image to some
degrees, which we believe cannot capture the characteristics
of the tooth image.

Generally, teeth in a panoramic radiograph are usually
symmetric, so a possible data augmentation method is to
use its symmetric tooth as the current tooth. For example,
as shown in the left bottom of Fig. 3, for a tooth position
54, if the decayed teeth number is much less than the normal
teeth number, we can put some caries of position 64 as the
caries image for position 54. Then the number of caries
image for position 54 will increase. With this operation, the
uneven tooth positions will be even without operating the
tooth images with the current positions, e.g., 54 in the above
example. We believe this operation can largely increase the
data diversity, and we will see its effect in the Experiment
part.

With all the modules, the pseudocode of the proposed
position weighted CNN is summarized in Algorithm 1.

Algorithm 1 PositionWeighted CNN for Unbalanced
Children Caries Diagnosis
Input: The model (parameters) shown in

Section III-B-C, and the dataset shown in
Section III-A.

Output: Children caries diagnosis result.
Train the proposed model:
Perform data augmentation as shown in Section III-D;
while not converged do

Train the model parameters including the shared
CNN backbone and the position weighted
modules as shown in Section III-B and C using
the dataset training part;

Save the model (parameters) based on the best result
(accuracy) on the dataset validation part;
Test the proposed model:
Calculate all the metrics of the saved model on the
dataset testing part.

IV. RESULTS
In this section, we try to figure out three important ques-
tions: (1) is the proposed method performing better than
the state-of-the-art caries diagnosis methods? (2) How does
each component contribute to the proposed method, such
as the data augmentation module and the position weighted
module? (3) how does the proposed method perform com-
pared with professional dentists? In the following, we will
first introduce the experimental settings, and then answer the
questions above one by one.

A. EXPERIMENTAL SETTINGS
The experiments were conducted on the dataset as shown in
Section III-A. All themethods including the proposedmethod
and the compared methods were trained on the training set,
where the model is saved based on the best performances on
the validation set. Then the results of the model is reported by
using the testing set. To provide a comprehensive testing, five
classical classification metrics are utilized like in previous
works, i.e., accuracy, precision, recall, F1-score and area-
under-the-curve (AUC).

The five metrics are calculated as:

Accuracy =
TP+ TN

TP+ TN + FP+ FN
(3)

Precision =
TP

TP+ FP
(4)

Recall =
TP

TP+ FN
(5)

F1 =
2 × Precision × Recall
Precision + Recall

(6)

where TP, TN ,FP, andFN are the true positive, true negative,
false positive, and false negative, respectively. Suppose the
labels for the normal and decayed teeth are 0 and 1, then: the
true positive is the number of teeth that are labeled as 1 and
predicted as 1; the true negative is the number of teeth that
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TABLE 2. Results of the proposed method and the compared methods.

are labeled as 0 and predicted as 0; the false positive is the
number of teeth that are labeled as 0 and predicted as 1; the
false negative is the number of teeth that are labeled as 1 and
predicted as 0. For the metric AUC, the receiver operating
characteristic (ROC) curve should be plotted, and the AUC
is calculated as the area under the ROC. Generally, ROC is
plotted based on the true positive rate (TPR) and false positive
rate (FPR), where TPR equals to recall, and FPR is calculated
as:

FPR =
FP

FP+ TN
(7)

By setting different thresholds, different TPR and FPR values
are calculated, which serve as the vertical and horizontal
coordinates of the ROC curve.

Apart from above metrics, we introduce another metric,
called kappa coefficient [32], to measure the agreement
between two classification patterns, e.g. the classification
results between the proposedmodel and professional dentists.
The kappa coefficient is defined as:

κ =
Pa − Pe
1 − Pe

(8)

where Pa is the percent agreement, and Pe is the expected
agreement. Usually, kappa value lies in [-1.0,1.0], and the
higher the perfect agreement. If a value of [0.8,1.0] is
obtained, an almost perfect agreement is reached.

We compare our method with several typical deep
learning methods, including CNN based methods such as
AlexNet [33], GoogleNet [34], SeNet [35] and ReseNet [19],
and transformer based methods such as swin trans-
former [26]. Besides, several state-of-the-art caries diagnosis
methods are used as baselines. Specifically, CA-CNN [15]
is a context aware convolutional neural network for caries
diagnosis, which improves ResNet by considering adja-
cent teeth using attention technique for information fusing.
CA-CNN-X means X adjacent teeth being considered.
T2S-Transformer [16] is a tooth type enhanced swin trans-
former for caries diagnosis, which improves swin transformer

TABLE 3. Hyper-parameters used for our model training.

by taking tooth types information into account using shared
and specific parameters of transformer.

For all the compared methods, we follow the settings of
their original paper to train the models from scratch without
using the pre-trainedmodels. For the proposedmethod, a sim-
ilar training method is used, and the hyper-parameters used
for all the experiments are summarized in Table 3. Besides,
we resize the original tooth images to 224×224, which is nec-
essary because we use different sized rectangular boxes for
tooth extraction. For the training platform, a workstation was
used, which consists of 2 × Intel(R) Xeon(R) Gold 6240R
CPU and 4 × NVIDIA RTX 2080 Ti GPU. For the training
code, Python + Pytorch was used, and can be requested with
academic research use.

B. CARIES DIAGNOSIS PERFORMANCE
In this subsection, we try to answer question (1) by comparing
our method (PW-CNN) with the state-of-the-art caries diag-
nosis methods. The results in terms of accuracy, precision,
recall, F1 and AUC are shown in Table 2. Overall, it can be
seen that the proposed method outperforms all the compared
methods.

Compared with CNN based methods, i.e., AlexNet,
GoogleNet, SeNet, ResNet, CA-CNN-2, CA-CNN-3 and
CA-CNN-5, a big improvement of our method can be
achieved, i.e., 7.1%, 3.9%, 1.8%, 2.9% and 3.4% percentages
improvements of accuracy, precision, recall, F1 and AUC
compared with the second best method CA-CNN-3. It can
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FIGURE 5. Classification of the proposed method for each tooth compared with CA-CNN-3 and T2S-Transformer, which are best caries
diagnosis methods based on CNN and Transformer network respectively.

FIGURE 6. ROC curves of the proposed method compared with CA-CNN-3
and T2S-Transformer.

be proved that using position weighted module and data
augmentation module can boost the CNN performance.

Compared with transformer network based methods, i.e,
S-Transformer and T2S-Transformer, some improvement
can be obtained, i.e, 3.5%, 0.5%, 7.4%, 3.9% and 1.0%
percentages improvements of accuracy, precision, recall,
F1 and AUC compared with the second best method
T2S-transformer. Even though the transformer network based

methods are a bit better than the CNN based methods,
PW-CNN still shows performance improvement, which again
validates the advantages of using position weighted module
and data augmentation module.

To further show the superiority of the proposed method,
we plot the ROC curves of the proposed method compared
with CA-CNN-3 and T2S-transformer, as shown in Fig. 6.
CA-CNN-3 and T2S-Transformer are best caries diagnosis
methods based on CNN and Transformer network. From the
figure, it can be seen the advantage of the proposed method
in a wide range of (1-secificity,secificity) area.

Finally, the accuracy of each tooth position for the pro-
posed method and CA-CNN-3 and T2S-Transformer meth-
ods is shown in Fig. 5. The proposed method outperforms
both the two best CNN and transformer network based meth-
ods for 9 tooth positions. To show the proposed method can
alleviate the unbalanced classification problem, we calcu-
late the classification standard deviation of typical methods,
as shown in Table 4. It can be seen that the proposed method
has the best performance along with a minimum standard
deviation. This implicitly reflects that the proposed method
can alleviate the unbalanced classification problem to some
extent.

C. EFFECT OF THE MODULES
In this subsection, we try to answer question (2) by per-
forming ablation experiment. In our proposed method, apart
from the shared CNN module used as a backbone for
caries classification, there are two important modules, i.e.,
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TABLE 4. Classification accuracy (mean value ± standard deviation) for
all tooth positions.

FIGURE 7. Effect of the position embedding and data augmentation
modules for caries diagnosis.

data augmentation module and position weighted module.
To show how these two modules effect the caries diagnosis
performance, we remove either the data augmentation mod-
ule (w/o augmentation) or the position embedding module
(w/o position), and report their performances. In addition,
the proposed method without the two modules serves as the
baseline. The results are shown in Fig. 7.
Without considering data augmentation and position

embedding modules, the proposed method has the worst per-
formance. However, by adding a module, either the data aug-
mentation or the position embedding module, the proposed
method obtains a better performance. From the histogram
result, the position embedding module seems more impor-
tant than the data augmentation module. Considering both
modules, the proposed method reaches the best performance.
However, we can see the precision and recall metrics seem
to drop compared with the one only considering position

FIGURE 8. Effect of the data augmentation module for caries diagnosis
for tooth positions with uneven decayed and normal teeth.

embedding. On possible reason is that the position embedding
module may dominate the most performance improvement.

Finally, we want to see if the data augmentation module
can improve the performance for tooth positions with uneven
caries ratios. From Fig. 1 (a), the collected dataset has uneven
decayed and normal teeth for positions 71, 72, 73, 81, 82 and
83, so we calculate the classification accuracy for those posi-
tions using our method with only the shared CNN module
(w/o augmentation) and the CNN plus the data augmentation
module (w augmentation). The result is shown in Fig. 8. From
the comparison, it further verifies the usefulness of the data
augmentation module.

D. COMPARISON WITH DENTISTS
In this subsection, we try to answer question (3) by com-
paring our method with professional dentists. We invite two
attending doctors from Department of Stomatology, Beijing
Children’s Hospital, Capital Medical University to perform
a comparison. All the test panoramic radiographs and their
cropped tooth images are provided to the dentists for caries
diagnosis. After recording their judgement on each tooth,
we calculate the classification metrics, which are shown in
Table 5. It can be seen that the proposed method reaches
the professional dentists’ level, which is promising because
it provides a chance for clinical application. In addition,
we can see the diagnosis time used for our method is much
shorter compared with professional dentists (1.4464 second
vs more than 1 minute on a panoramic radiograph). This
further validates the advantage of the proposed method.

After reaching the professional dentists’ level, we want
to see if the proposed method behaves the same pattern as
the professional dentists. First, we give the classification
accuracy for each tooth position, which is shown in Fig. 9.
From the figure, we can see that the proposed method per-
forms better or equal for tooth positions 55, 54, 65, 64, 75,
74, 85, 61, 63, 73, 83. A different classification pattern is
observed, and the proposed method is more advantageous for
molars and canines. Second, we calculate the kappa value of
the proposed method with the dentists, to further show the
differences among the model and human. The result is shown
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TABLE 5. Results of the proposed method and the invited attending doctors.

FIGURE 9. Classification of the proposed method for each tooth position compared with professional dentists (average performance is
reported).

FIGURE 10. Classification differences for all the teeth, and the Kappa coefficients of the two professional dentists and the proposed method with
dentists.

in Fig. 10. From the result, the diagnosis patterns for the two
dentists are similar while the diagnosis patterns of proposed
model and professional dentists are different. Considering the
promising results of the proposed method, especially for the
molars and canines, the proposed model may serve as a good
tool for dentists.

V. DISCUSSION
CNN and transformer network are popular deep learning
techniques used for computer vision tasks, which are now
brought into the medical image analysis field. By applying
the state-of-the-art networks ormodifying the networks based

on domain specific knowledge, promising caries diagnosis
performance has been achieved. However, none of the previ-
ous works consider the unbalanced classification difficulties
of different tooth positions, leading to under-performing per-
formance compared with professional dentists. This paper
proposes probably the first position weighted CNN method
for unbalanced children caries diagnosis.

The detailed comparison is displayed in Table 2. The
proposedmethod outperforms the state-of-the-art caries diag-
nosis methods in terms of accuracy, precision, recall, F1 and
AUC. The comparison with professional dentists is shown in
Table 5, Fig. 9 and Fig. 10. From the results, the proposed
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method reaches the professional dentists’ level. However, the
classification results show different patterns, and the model
performs better for molars and canines, which may provide a
supplement or tool to assist dentists in clinical application.

VI. CONCLUSION
In this paper, we have proposed a position weighed CNN
for unbalanced children caries diagnosis, and a big caries
diagnosis dataset has been used, with which, the proposed
method outperforms the state-of-the-art deep learning meth-
ods such as various CNN and transformer networks. More
importantly, the proposed method reaches the professional
dentists’ diagnosis level (based on the classification metrics)
but with different classification patterns. The model performs
better for molars and canines, while dentists diagnose well for
incisor. This provides an opportunity for our model to assist
dentists for more accurate caries diagnosis.

In the future, apart from improving the classification per-
formance for more accurate caries diagnosis, we aim to
provide a depth caries diagnosis such as different level of
caries.
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