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ABSTRACT: The instance segmentation of impacted teeth in the oral panoramic X-ray images is hotly researched.
However, due to the complex structure, low contrast, and complex background of teeth in panoramic X-ray images, the
task of instance segmentation is technically tricky. In this study, the contrast between impacted Teeth and periodontal
tissues such as gingiva, periodontal membrane, and alveolar bone is low, resulting in fuzzy boundaries of impacted teeth.
A model based on Teeth YOLACT is proposed to provide a more efficient and accurate solution for the segmentation of
impacted teeth in oral panoramic X-ray films. Firstly, a Multi-scale Res-Transformer Module (MRTM) is designed. In
the module, depthwise separable convolutions with different receptive fields are used to enhance the sensitivity of the
model to lesion size. Additionally, the Vision Transformer is integrated to improve the model’s ability to perceive global
features. Secondly, the Context Interaction-awareness Module (CIaM) is designed to fuse deep and shallow features.
The deep semantic features guide the shallow spatial features. Then, the shallow spatial features are embedded into
the deep semantic features, and the cross-weighted attention mechanism is used to aggregate the deep and shallow
features efficiently, and richer context information is obtained. Thirdly, the Edge-preserving perception Module (E2PM)
is designed to enhance the teeth edge features. The first-order differential operator is used to get the tooth edge
weight, and the perception ability of tooth edge features is improved. The shallow spatial feature is fused by linear
mapping, weight concatenation, and matrix multiplication operations to preserve the tooth edge information. Finally,
comparison experiments and ablation experiments are conducted on the oral panoramic X-ray image datasets. The
results show that the APdet, APseg, ARdet, ARseg, mAPdet, and mAPseg indicators of the proposed model are 89.9%,
91.9%, 77.4%, 77.6%, 72.8%, and 73.5%, respectively. This study further verifies the application potential of the method
combining multi-scale feature extraction, multi-scale feature fusion, and edge perception enhancement in medical
image segmentation, which provides a valuable reference for future related research.

KEYWORDS: The oral panoramic X-ray; instance segmentation; impacted teeth; vision transformer; the
edge-preserving

1 Introduction
Human teeth are composed of the crown, root, and neck [1]. With the improvement of human living

standards and the increase in fine food, the total amount of human oral chewing activity has decreased.
The chewing function is degenerated. The jawbone is insufficient to grow. The teeth eruption is limited.
These lead to a high incidence of impacted teeth [2]. According to the relationship between the long-axis
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impacted tooth and the long-axis second molar, the impacted tooth can be divided into the vertical impacted
tooth, the horizontal impacted tooth, the mesial impacted tooth, the distal impacted tooth, the inverted
impacted tooth, and the buccal impacted tooth. The representative diagram is shown in Fig. 1, and the specific
description is shown in Table 1. Impacted teeth not only cause a variety of oral diseases, such as caries,
gingivitis, periodontitis, and odontogenic tumors, but also are often accompanied by dental diseases, such
as dentition defects, tooth loss, misaligned dentition, adjacent tooth displacement, and tooth shelter each
other. These have a negative impact on the life and mental health of the patient [3]. The representative figure
is shown in Fig. 2, and the specific details are shown in Table 2.

Figure 1: A typical example of the long-axis impacted tooth and the long-axis second molar

Table 1: Specific explanation about the long-axis impacted tooth

Num. Type Explanation
(a) The vertical

impacted tooth
The impacted tooth root is toward the jawbone base, and the

crown is toward the vertical direction
(b) The horizontal

impacted tooth
The impacted tooth root is toward forward or backward, and the

crown is toward horizontal direction
(c) The mesial

impacted tooth
The impacted tooth root is toward the midline or mesial line, and

the crown is toward the mesial line of the adjacent tooth
(d) The distal

impacted tooth
The impacted tooth root is toward the midline or distal line, and

the crown is toward the distal line of the adjacent tooth
(e) The buccal

impacted tooth
The impacted tooth root is toward the buccal side, and the crown

is toward the oral interior
(f) The inverted

impacted tooth
The impacted tooth root is toward the top, and the crown is

toward the bottom
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Figure 2: A typical example of accompanying symptoms of the impacted tooth

Table 2: A specific description of the accompanying symptoms of impact

Num. Type Explanation
(a) Tooth defect The tooth surface is damaged or has a partial tooth defect
(b) Tooth loss Lose one or more teeth
(c) Misaligned dentition Teeth are not aligned or irregular
(d) Adjacent tooth displacement The adjacent teeth of the impacted teeth are missing
(e) Crowded dentition There is not enough space among the teeth, resulting in tight

alignment or overlapping
(f) Tooth shelter each other The teeth are overlapped or misaligned so that they cannot bite

each other

The X-ray is widely used in the medical field, such as pneumonia X-ray images [4], dental X-ray
images and so on. The oral panoramic X-ray images can show dentition, alveolar bone, tooth root, dental
periodontal, and jawbone joints [5]. Therefore, the panoramic X-ray image is the preferred medical image
for dentists to examine Teeth. Firstly, Dentists analyze panoramic X-ray dental images to check the status
of teeth, such as position, number, arrangement, and morphology, in order to assess the teeth’s state and
the existing problems. Secondly, Dentists assess the state of periodontal tissue by observing the gingival,
periodontal membrane, alveolar bone, and other periodontal tissues. Thirdly, the morphology, length,
curvature of the root, and condition of the root canal are detected to evaluate whether the tooth apex is
infected or diseased. Fourthly, adjacent structures such as temporomandibular joint, temporalis muscle,
and masseter muscle are examined to assess whether there is dysfunction. Finally, based on the above
indicators, combined with the patient’s clinical symptoms and oral examination results, the corresponding
therapeutic schedule is formulated. This process not only takes a lot of time and energy but also requires a
lot of professional knowledge and experience from the doctor. With the successful application of artificial
intelligence technology in Computer-Aided Diagnosis [6], the doctor’s burden is greatly reduced. At present,
how to apply artificial intelligence technology to improve the precision and efficiency of dental disease
diagnosis is becoming a research hotspot.
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In recent years, many important advances have been made in deep learning-based approaches, espe-
cially in the field of medical image segmentation. A tooth segmentation network based on double auxiliary
information is proposed by Lu et al. [7]. The network innovatively combines multi-modal feature fusion and
an adaptive weighting mechanism, which significantly optimizes the extraction ability of tooth boundaries
and achieves excellent segmentation results in complex backgrounds. An automatic tooth segmentation
method based on a convolutional neural network was proposed by Wang et al. [8]. This method can efficiently
extract tooth features in intraoral scanning images and perform well in capturing tooth boundaries by
designing a multi-layer convolutional network. Jader et al. [9] used Mask Region-based Convolutional
Neural Network (Mask R-CNN) [10] for instance segmentation in panoramic X-ray images. This experiment
proved the effectiveness and potential application of instance segmentation for impacted tooth segmentation.
Graham et al. [11], through the combination of a dilated convolution layer and other neural network
structures, realized the segmentation of gland instances in colon tissue images while minimizing the loss
of information. Research shows that the traditional neural network with extended convolution can obtain
more accurate segmentation results. Bhatti et al. [12] proposed a Mask R-CNN model embedded in a
feature pyramid network for instance segmentation of breast X-ray images. This method replaces the feature
recommendation network of the Mask R-CNN model with the Feature Pyramid Network (FPN) [13] to
generate higher-quality feature maps, effectively improving the performance of lesion detection. Wang
et al. [14] proposed the Anchor-Free Polyp Mask (AFP Mask) model, which proposes a method that does
not rely on predefined anchor boxes to achieve local localization and instance segmentation of polyps
and can quickly and accurately segment lesion areas. The above studies show that instance segmentation
provides important support for accurate lesion localization and segmentation, auxiliary diagnosis, and so
on. However, there are still some issues with instance segmentation about impacted tooth in oral panoramic
X-ray images: (1) Due to the different position and inclination Angle of the impacted tooth in the dental arch,
it can lead to dentition defect, tooth defect, malocclusion, adjacent tooth displacement, and tooth overlap.
The spatial relationship and connection structure between impacted teeth and normal teeth are complex. (2)
Due to the high density and component similarity of oral tissues, the contrast between the impacted tooth
and periodontal tissues, such as gingiva, periodontal membrane, and alveolar bone, is low in oral panoramic
X-ray images, resulting in unclear boundaries of the impacted tooth.

Aiming to the above problems, this paper proposes the Teeth You Only Look at Coefficients (YOLACT)
model for instance segmentation of panoramic X-ray tooth images. The main contributions are as follows:

1. The MRTM is designed, in the module, the depth-wise separable convolution with different perceptive
fields and Residual Block (Res_block) is used to improve the model sensitivity to the lesion size, the
Vision Transformer are used to improve the model perception ability about global features, it makes the
model more effective in extracting the different position and inclination angle of impacted tooth feature
in the dental arch.

2. The CIaM is designed to fuse deep and shallow features. The shallow spatial features are guided by
the deep semantic features. Then, the shallow spatial features are embedded into the deep semantic
features, and the cross-weighted attention mechanism is used to efficiently aggregate the deep and
shallow features, and richer context information is obtained. The model can better understand the
association between impacted teeth and periodontal tissue and improve the precision and efficiency of
impacted teeth segmentation and detection.

3. The E2PM is designed to enhance the teeth edge features. The first order differential operator is used
to get the tooth edge weight, perception ability of tooth edge features is improved. The shallow spatial
feature is fused by linear mapping, weight concatenation and matrix multiplication operations to
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preserve the tooth edge information. The discrimination between impacted teeth and periodontal tissue
is improved to achieve more precise and fine segmentation of impacted teeth.

2 Related Work
Compared with the two-stage instance segmentation model, YOLACT, as a single-stage case segmen-

tation model, is characterized by fast reasoning speed, high detection precision, and accurate segmentation.
Therefore, the YOLACT model is the preferred scheme in this paper. Due to the excellent performance and
wide range of applications of the Transformer model, it has achieved good results especially in the field of
instance segmentation.

2.1 Instance Segmentation Method Based on YOLACT
The YOLACT model achieves good results in the medical field. Many researchers have improved

the structure of YOLACT to adapt it to more medical tasks. Better Real-time Instance Segmentation
(YOLACT++) is proposed by Bolya et al. [15]. Deformable convolution is applied to the feature extraction
network. The ability of the model to extract instances with different scales, aspect ratios, and rotations is
enhanced. The YOLACT model of the two-tower structure was designed by Jia et al. [16]. This network
introduced the bottom-up path enhancement module. There are feature pyramid network modules in
YOLACT that are paired with this module. The aim is to shorten the transmission path, and the low-level
and high-level features extracted from pathology images are fused. The Model performance is improved. A
double attention network based on YOLACT++ architecture was introduced by Roy et al. [17]. Brain tumor
scans MRI (Magnetic resonance imaging) images are used for detection and segmentation. To sum up, there
are good prospects for the development of the YOLACT model in the medical field. In this paper, the Teeth
YOLACT model is designed to segment impacted teeth. The structure is shown in Fig. 3.
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2.2 Instance Segmentation Method Based on Transformer
The multi-head self-attention is exploited by the Transformer [18]. The ability to extract global features

is enhanced, and an important role is played in the instance segmentation. The Transformer module is
applied in instance segmentation by Guo et al. [19]. The global information in the image is better captured
by the method. The global information in the image is better captured by the method, and there is a
stronger feature representation ability. The performance of object detection and instance segmentation is
improved. The Transformer module dealing with masking attention is designed by Cheng et al. [20]. The
model uses masking attention in the Transformer decoder to limit attention to local features centered on
the predicted segment. Shi et al. [21] proposed Robust Foveal Visual Perception for Vision Transformers
(TransNeXt), which introduces a biomimetic-designed Token mixer that simulates the foveal vision and
continuous eye movement mechanism in human biology, enabling global perception for each Token on
the feature map. To sum up, Transformer possesses the advantages of global information capture ability,
rich feature representation learning, and context awareness. In many application scenarios, Transformer-
based instance segmentation models perform very well. Therefore, the multi-scale Res-Transformer module
is designed in this paper. The structure is shown in Fig. 4.
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3 Method
It is a challenging task to achieve precise instance segmentation of impacted teeth in oral panoramic

X-ray images. Therefore, the Teeth YOLACT model is proposed in this paper. The model is based on the
YOLACT model. In order to fully extract effective features and make the model more precise in recognizing
and location-impacted teeth, the MRTM is designed. In order to obtain more rich context information and
make the model better understand the relationship between impacted tooth and periodontal tissue, the CIaM
is designed. In order to enhance tooth contour information and make the model distinguish impacted teeth
from periodontal tissue more accurately, the E2PM is designed. The model structure is shown in Fig. 3. The
Teeth YOLACT pseudo-code is shown in Algorithm 1. There are five stages from C1 to C5 in the feature
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extraction network, as shown in Fig. 3A. In the network, the output of C1 is the input of C2, the output of
C2 is the input of C3, and so on until the end of C5. There are 7 × 7 convolution, batch normalization, ReLU
(Rectified Linear Unit) activation functions, and Max-pooling in the C1 convolution module. Three parts are
included, from C2 to C5. In the first part, multi-scale local features are extracted by the depth-wise separable
convolution with different sizes and Res_block [22]. In the second part, global features are extracted in the
Transformer encoder. In the third part, the global feature and local features are interacted in the channel
dimension. Among these, the number of stacks of Res_block in C2 to C5 is 3, 4, 6, and 3.

Algorithm 1: Teeth YOLACT pseudo-code
Input: Xin put
Output: Yout put
Multi-Scale Res-Transformer:
yConv = Res (Xin put) ; yMRT1 = MRT1 (yConv) ; yMRT2 = MRT2 (yMRT1) ;
yMRT3 = MRT3(yMRT2);yMRT4 = MRT4(yMRT3);
Context Interaction-awareness Module:
yCIaM1 = CIaM1(yMRT3 ⊗ yMRT2)); yCIaM2 = CIaM2(CIaM1 ⊗ yMRT4));
Edge-preserving perception Module:
yE2PM = Fusion((SA(Canny(Xin put) ⊗ yMRT1) ⊗ SA(Canny(Xin put)) ⊗ yConv) ⊗
SA(Canny(Xin put)));
Feature Pyramid Networks:
P5 = yCIaM2; P6 = U pSampl ing (P5) ; P7 = U pSampl ing (P6);P4 = DownSampl ing (P5);
P3 = DownSampl ing (P4);
Feature Prediction Networks:
ypred ic t ion = Conv (P3)⊕Conv (P4)⊕Conv (P5)⊕Conv (P6)⊕Conv (P7);
yprotone t = yE2PM⊕ yP3; Yout put = Threshold (Crop (NMS (ypred ic t ion) ⊗ yprotone t)) ;
END

The CIaM module consists of CIaM_1 and CIaM_2 in series, as shown in Fig. 3B. Firstly, the yMRT M2 and
yMRT M3 generated by the C3 layer and C4 layer are input into CIaM _1, and the deep feature and the shallow
feature are interacted by the cross-attention mechanism. Secondly, the yMRTM3 and yMRT M4 produced by
CIaM_1 and C5 are input into CIaM_2 to perform interactions between the deep feature and the shallow
feature. Finally, the output of yCIaM1 and yCIaM2 are transmitted to FPN.

The E2PM module is mainly composed of an edge extraction module and a feature fusion module, as
shown in Fig. 3C. Firstly, the edge of the original image is extracted by the Canny operator, and the obtained
edges are used to enhance the tooth edges. Secondly, these weighted feature maps are fused to retain the
tooth edge information. Finally, the yE2PM and P3 are added by element-by-element, the results are input
into Protonet to obtain yprotone t .

3.1 Multi-Scale Res-Transformer Module (MRTM)
In panoramic X-ray images, due to the spatial relationship and connection structure being complex

between the impacted teeth and normal teeth, it is difficult to extract sufficient lesion features. Therefore, the
depth-wise separable convolution of different perceptive fields and the Res_block with translation invariance
are used to effectively extract impacted tooth local features with different shapes and sizes. The global
association between the impacted teeth and periodontal tissue is established by the self-attention mechanism
in the Transformer, and global features are obtained by capturing long-term dependencies. The MRTM
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is designed to compose a feature extraction network in this paper, as shown in Fig. 4a. The module is a
four-branch structure, which consists of depth-wise separable convolutions with three different convolution
kernels and Res_block, where Res_block is shown in Fig. 4b. The Transformer encoder is connected to each
branch. Xi (i∈ {1, 2, 3, Res}) is processed by the Transformer encoder to obtain Ti (i∈ {1, 2, 3, Res}), where
the Transformer encoder is shown in Fig. 4c. Ti (i∈ {1, 2, 3, Res}) are inputted into the global-local feature
interaction part. In this part, local features and global features are fused by channel-level concatenation,
where the global-local feature interaction module is shown in Fig. 4d.

X1 = DWconv1×1 (X) (1)
X2 = DWconv3×3 (X) (2)
X3 = DWconv5×5(X) (3)
XRes = Conv1×1(X) (4)

where X is the input feature map and XRes, X1, X2, and X3 are the output vectors.
Step 1: The panoramic X-ray image is inputted into the C1 layer to extract features. In C2–C5, the depth-

wise separable convolution with 3 different convolution kernels of 1 × 1, 3 × 3, and 5 × 5, Res_block, is
included to extract local features at different scales.1 × 1 convolution is used to extract lesion features with
small size, 3 × 3 convolution is used to extract lesion features with middle size, and 5 × 5 convolution is used
to extract lesion features with large size. The local feature extraction capability is further improved by the
parallel Res_block so that the module can be used more fully.

Step 2: The obtained Xi (i∈ {1, 2, 3, Res}) are used to input into the corresponding Transformer encoder.
The Transformer encoder models the feature correlation at different locations by self-attention mechanism
and multi-layer perceptron. Operation steps: Firstly, input vectors Xi (i∈ {1, 2, 3, Res}), Wq, Wk, and Wv
are converted into three different vectors: query matrix (Q), key matrix (K), and value matrix (V). They
are divided into multiple heads; Attention weights are calculated by an activation function. Secondly, the
attention weights are multiplied with parameter matrices. The feature attention is computed for each head
output. Finally, the feature attention output of MHSA is obtained by concatenating the feature attention
output of each head.

To sum up, Formula (5) represents the process by which the input vector is processed by Layer
Normalization (LN), Multi-Head Self-Attention (MHSA), and residual. The Formula (6) represents the
process by which the input vector is processed by LN, Multilayer Perceptron (MLP), and residual.

X̃t = MHSA(LN (Xt−1)) + Xt−1 (5)
Xt = MLP (LN (X̃)) + X̃t (6)

Step 3: Ti (i∈ {1, 2, 3, Res}) are inputted into the global local feature interaction module, perform feature
Concatenation through concatenation operation, and the channel is adjusted by 1 × 1 convolution operation
to obtain yMRTi (i∈ {1, 2, 3, Res}), as shown in Formula (7).

yMRTi = Conv1×1 ([T1; T2; T3; TRes]) (7)

3.2 Context Interaction-Awareness Module (CIaM)
During network training, shallow features contain low-level spatial information, such as contour and

edge details, but lack sufficient semantic information. With the increment of the network depth, the model
can extract richer semantic features, such as whether the tooth is an impacted tooth or the connection
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between the impacted tooth and the periodontal tissue. However, spatial information is not enough. In
order to obtain richer contextual features and better understand the association between impacted teeth and
periodontal tissues, it is necessary to efficiently aggregate deep semantic information and shallow spatial
details. Therefore, this paper designs the CIaM, as shown in Fig. 5. In this module, the shallow spatial
features are guided by the deep semantic features. Then, the shallow spatial features are embedded into
the deep semantic features. The cross-weighted attention mechanism is used to aggregate the deep and
shallow features efficiently, and richer context information is obtained. The model can improve precision
and efficiency.
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The Channel Attention (CA) Unit is adopted in this module. The compressed channel attention in deep
features is used to reflect the channel’s importance and focuses on the global context to provide semantic
information. Firstly, XD uses max pooling and average pooling to generate C-dimension vectors, which
capture channel correlation through two consecutive Fully Connected (FC) layers, respectively. The first
FC layer reduces the feature dimension to C/r (r = 16). After the ReLU activation function, the second FC
layer is used to restore the channel dimension. Secondly, the two are added element by element, and the
Sigmoid function normalizes the feature values to obtain the channel attention weight ωC A. Finally, the
shallow features are weighted by multiplying X along the channel dimension, and the calculation process of
ωC A is shown in Formula (8).

ωC A = σ {FC (δ (FC (MaxPool (XD))))⊕ FC (δ (FC (AvgPool (XD))))} (8)

For the Spatial Coordinate Attention (SCA) Unit, the spatial coordinate attention map is generated
from the shallow feature map, the goal of which is to enable the network to focus on the lesion region by
calculating the spatial location weight. In horizontal and vertical directions, the shallow feature maps are
pooled using the pooling kernel of (H, 1) and (1, W), and the feature maps ZC (h) and ZC (w) are obtained.
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The transpose operation of ZC (w) is concatenated with ZC (h). Then, the channels are converted using
1 × 1 convolutions. The calculation process is shown in Formula (9).

f = σ(BN(Conv1×1 ([ZC (w) ; ZC (h)])) (9)

where f ∈ R C
r ×(H+W) is the intermediate feature map, r is the down-sampling ratio.

In the horizontal direction, a 1 × 1 convolution is performed on f to recover the channel dimension and
obtain the tensor f h ∈ R C

r ×H ; after the Sigmoid function, the spatial attention weight is obtained gw ; in the
vertical direction, a 1 × 1 convolution is applied to f to recover the channel dimension and obtain the tensor
f w ∈ R C

r ×W , After the Sigmoid function, the spatial attention weight is obtained gw . Finally, multiply gh , gw ,
and YS point-wise to get YD . The calculation process of gh and gw is shown in Formulas (10) and (11). The
YD calculation process is shown in Formula (12).

gh = σ (Conv1×1 ( f h)) (10)
gw = σ(Conv1×1( f w)) (11)
YD = YS⊗ gh⊗ gw (12)

3.3 Edge-Preserving Perception Module (E2PM)
The degree of contrast between the impacted teeth and periodontal tissues, such as gingiva, periodontal

membrane, and alveolar bone, is low in oral panoramic X-ray images. As a result, the boundary of the
impacted tooth is not clear. To improve the perceptual ability about tooth contour and discrimination
ability between impacted teeth and periodontal tissue, realizing more accurate and finer impacted tooth
segmentation. Therefore, E2PM is designed in this paper, as shown in Fig. 6. In the module, the first-
order differential operator is used to obtain the tooth edge weight, and the perception ability of tooth edge
features is improved. The shallow spatial feature is fused by linear mapping, weight concatenation, and matrix
multiplication operations, which are used to preserve the tooth edge information.
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Step 1: Firstly, the first-order differential operator Canny is used to extract the tooth edge features of the
original image (Xin put). Then, the feature map XG is obtained by Max pooling, average pooling, and 7 × 7
convolution operation. The calculation process is shown in Formula (13).
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XG = Conv7×7 (Avg pool (Max pool (Canny (Xin put)))) (13)

Step 2: The tooth edge weights ω are obtained using the Sigmoid function. Then, the ω is used to enhance
the tooth edge information in the shallow feature maps (yG , yC1 , yC2), the feature maps YG , YC1, YC2 are
obtained. The calculation process of YG , YC1 and YC2 is shown in Formulas (14)–(16).

YG = ω⊗(Canny (XG)) (14)
YC1 = ω⊗ yC1 (15)
YC2 = ω⊗ yC2 (16)

Step 3: Scaling the feature maps YG and YC1 to the same size as YC2. Firstly, mapping YG to G1 by Max
pooling, 3 × 3 convolutions with step size 2 and Linear mapping; Mapping YC1 to G2 via a 3 × 3 convolution
with step size 2 and Linear; mapping YC2 to G3 by Linear, the calculation process of G1, G2, and G3 is shown
in Formulas (17)–(19). Secondly, when concatenating G1, G2, and G3, the SoftMax function is used to convert
them into a probability distribution between 0 and 1. The adaptive attention weight Gω is obtained. Thirdly,
the Gω are multiplied with G1, G2, and G3 to obtain 3 feature maps. Finally, the three feature maps are fused
element-by-element to obtain Out. The calculation process of Out is shown in Formula (20).

G1 = Conv3×3,s=2 (MaxPool (YG)) (17)
G2 = Conv3×3,s=2 (Ic1) (18)
G3 = Conv3×3 (Ic1) (19)
Out = (G1⊗Gω)⊕(G2⊗Gω)⊕(G3⊗Gω) (20)

4 Experiments and Discussion

4.1 Dataset and Preprocessing
From January 2020 to June 2022, 1500 clinical patients who underwent oral examination in the

Department of Stomatology of a Classiii Grade A hospital in Ningxia were selected as the datasets. There are
1500 oral panoramic X-ray images in the datasets, including 1200 images in the training set and 300 images
in the test set. In the datasets, the image format is the Digital Imaging and Communications in Medicine
(DICOM) format; this paper converts the DICOM format image to PNG format. Then, under the guidance
of professional doctors, Labelme software is used to mark the contour of the lesion. The corresponding JSON
file is generated, which includes the category label of the lesion, the coordinate value of the marking point,
the width and height of the image, and the image path.

4.2 Experimental Environment and Parameter Environment
This paper adopts the PyTorch deep learning framework to implement the Teeth YOLACT model. The

configure ratio of the hardware environment is as follows: processor: Intel(R) Xeon(R) Gold 6154 CPU @
3.00 GHz, memory: 256 GB, graphics card NVIDIA TITAN V. Software environment: Windows Server 2019
Datacenter64-bit operating system, Pytrch1.12.1, Python version 3.7.12. Cuda version: 11.3.58. In the process
of network training, the batch size of training is 4, the learning rate is 0.001, and the stochastic gradient
descent algorithm is used as the optimizer to optimize the model, where the parameter momentum is 0.9,
and the weight attenuation coefficient is 0.0005.
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4.3 Evaluation Index
In order to evaluate the performance of the Teeth YOLACT network. In this paper, Intersection over

Union (IoU), Average Precision (AP), Average Recall (AR), and Mean Average Precision (mAP) are used as
the evaluation criterion. The specific calculation formulas are given in (21)–(24).

IOU = TP
(TP + FP + FN)

(21)

AP = 1
∣t∣

1
∣th∣ ∑t

TP (t)
TP (t) + FN (t)

(22)

AR = 1
∣c∣

1
∣th∣ ∑t

TP (t)
TP (t) + FN (t)

(23)

mAP = AP0.5 + AP0.55 + . . . + AP0.95

10
(24)

where th represents the threshold of each category, t is the number of detected samples, c is the detection
category.

In order to verify the instance segmentation performance of the Teeth YOLACT model, two experiments
are set in this paper. The first is the ablation experiment. This group of experiments is used to verify the
influence of each module on the detection and segmentation performance in this model group. The second
is comparative experiments; Teeth YOLACT is compared with different instance segmentation networks to
illustrate advancement. Both experiments are evaluated using the same datasets of panoramic X-ray images.
Among them, APdet, ARdet, and mAPdet represent evaluation indicators for detection, while ARseg, APseg,
and mAPseg represent evaluation indicators for segmentation.

4.4 Ablation Experiments
In ablation experiments, there are 5 experiments to verify MRT, CIaM, and E2PM. It is shown

in Table 3. Experiment 1, YOLACT, Resnet50 is used as the YOLACT feature extraction network. Exper-
iment 2, MRTM-YOLACT, MRTM is used as the YOLACT feature extraction network. Experiment 3,
YOLACT+MRTM+CIaM, MRTM is used as the YOLACT feature extraction network, and the CIaM module
is added to the deep layer of the feature extraction network. Experiment 4, YOLACT+MRTM+E2PM,
MRTM is used as the YOLACT feature extraction network, and the E2PM module is added to the shallow
layer of the feature extraction network. Experiment 5, Teeth YOLACT, the network proposed in this paper.

Table 3: Ablation experiment design

Model Resnet50 FPN Head MRTM CIaM E2PM
Experiment 1 ✓ ✓ ✓ ✗ ✗ ✗

Experiment 2 ✗ ✓ ✓ ✓ ✗ ✗

Experiment 3 ✗ ✓ ✓ ✓ ✓ ✗

Experiment 4 ✗ ✓ ✓ ✓ ✗ ✓

Experiment 5 ✗ ✓ ✓ ✓ ✓ ✓
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The experimental results are shown in Table 4. The indicators of Experiment 2 are higher than those
of Experiment 1. The evaluation indicators APdet, APseg, ARdet, ARseg, mAPdet, and mAPseg are increased
by 1.6%, 1.1%,0.6%, 0.5%, 0.2%, and 0.7% separately. The experimental results show that the combination of
depth-wise separable convolution and Res_block with the Transformer encoder can fully extract the effective
features of impacted teeth. Experiment 3 Compared with Experiment 2, the evaluation indicators APdet,
APseg, ARdet, ARseg, mAPdet, and mAPseg are increased by 0.6%, 2.1%, 0.9%, 0.7%, 0.8% and 0.9% separately.
The experimental results showed that efficient aggregation of deep semantic information and shallow spatial
details can obtain richer context information and improve the accuracy of impacted teeth segmentation and
detection. Experiment 4 Compared with Experiment 2, the evaluation indicators APdet, APseg, ARdet, ARseg,
mAPdet, and mAPseg are increased by 1.2%, 1.1%, 0.9%, 1.1%, 0.7%, and 1.7% separately. The experimental
results showed that the discrimination is enhanced between impacted teeth and periodontal tissue. Achieve
more accurate segmentation of impacted tooth instances. In Experiment 5, Teeth YOLACT, the evaluation
indicators APdet, APseg, ARdet, ARseg, mAPdet, and mAPseg reached 89.9%, 91.9%, 77.4%, 77.6%, 72.8%, and
73.5%. That is the best result.

Table 4: Results of ablation experiments (IoU =%)

MODEL APdet (0.75) APdet (0.75) ARdet

(0.50:0.95)
ARdet

(0.50:0.95)
mAPdet

(0.50:0.95)
mAPdet

(0.50:0.95)
Experiment 1 86.9% 88.1% 76.0% 75.8% 71.6% 71.0%
Experiment 2 88.5% 89.2% 76.6% 76.3% 71.8% 71.7%
Experiment 3 89.1% 91.3% 77.5% 77.0% 72.6% 72.6%
Experiment 4 89.7% 90.3% 77.5% 77.4% 72.5% 73.4%
Experiment 5 89.9% 91.9% 77.4% 77.6% 72.8% 73.5%

In order to further show the instance segmentation performance of each sub-module in the proposed
model. The radar chart compares the evaluation indicators results of different improved modules. This can
be seen in Fig. 7.

The visualization result of the panoramic X-ray image in the Teeth YOLACT is shown in Fig. 8. It can
be seen that the model can accurately detect and segment impacted teeth.
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Figure 7: Radar chart comparison of different module instance segmentation results of teeth

Figure 8: Visualization results of the model

4.5 Comparison Experiments
In Comparative Experiment 6, comparative experiments are designed to verify the model advancement.

Experiment 1 Segmenting Objects by Locations (SOLOv2) [23]: Comparison with the SOLOV2 model,
Experiment 2 Conditional Convolutions for Instance Segmentation (ConInst) [24]: Comparison with the
ConInst model, Experiment 3 BoxInst: High-Performance Instance Segmentation with Box Annotations
(BoxInst) [25]: Comparison with the BoxInst model, Experiment 4 Top-Down Meets Bottom-Up for
Instance Segmentation (BlendMask) [26]: Comparison with the BlendMask model, Experiment 5 YOLACT:
Comparison with the YOLACT model, Experiment 6 YOLOv8seg: Comparison with the YOLOv8seg [27]
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model, Experiment 7 Teeth YOLACT: the network proposed in this paper. The experimental results are
shown in Table 5.

Table 5: Comparison results of segmentation models for different instances (IoU =%)

MODEL APdet (0.75) APdet (0.75) ARdet

(0.50:0.95)
ARdet

(0.50:0.95)
mAPdet

(0.50:0.95)
mAPdet

(0.50:0.95)
SOLOV2 / 87.2% / 73.1% / 68.3%
Conlnst 87.3% 91% 76.7% 76.4% 70.9% 71.5%
Boxlnst 85.7% 69.2% 76.3% 62.5% 70.5% 56.7%

BlendMask 85.1% 89.9% 76.4% 77.0% 71.0% 72.3%
YOLACT 86.9% 88.1% 76.0% 75.8% 71.6% 71.0%

YOLOv8seg 90.7% 90.2% 77.3% 77.1% 74.5% 70.1%
OUR 89.9% 91.9% 77.4% 77.6% 72.8% 73.5%

Note: SOLOV2 has no detection head and cannot give the value of the detection index. The APdet, ARdet and
Mapdet are null. “/” represent null.

The experimental results are shown in Table 5. The Teeth YOLACT instance segmentation model
is proposed in this paper. In terms of detection and segmentation, the APdet of Teeth YOLACT model
reaches 89.9%, which is 3% and 2.6% higher than YOLACT and ConInst. It reaches 91.9% on APseg,
which is 0.9% and 2% higher than BlendMask and ConInst. In terms of Average Recall, Teeth YOLACT
achieved 77.4% and 77.6% in ARdet and ARseg, respectively, which are 1.4% and 1.8% higher than those of
YOLACT. In terms of comprehensive evaluation indicators, Teeth YOLACT reaches 72.8% and 73.5% in
mAPdet and mAPseg, respectively, which are 1.2% and 2.5% higher than those of YOLACT. In summary,
Teeth YOLACT outperforms the existing mainstream methods in terms of detection and segmentation
accuracy, recall rate, and comprehensive performance, especially in complex tooth instance segmentation
scenarios, showing higher application value and performance potential. These advantages are mainly due
to the innovative design of model multi-scale feature extraction, deep and shallow feature fusion, and edge
perception enhancement.

In order to show the performance of the Teeth YOLACT model more intuitively. This chart compares
the evaluation metrics of different improved modules in order to more intuitively show the advantages of
the model on complex tooth edge feature extraction. It can be seen from the figure that the Teeth YOLACT
method performs well in multiple indicators, especially in the four evaluation indicators APseg (0.75), ARdet
(0.50:0.95), mAPdet (0.50:0.95), and mAPseg (0.50:0.95). Compared with other methods, the detection and
segmentation accuracy of Teeth YOLACT achieves higher values in most scenarios. The experimental results
show that Teeth YOLACT has stronger generalization ability and robustness in the task of impacted tooth
instance segmentation as shown in Fig. 9.

In order to further verify the effectiveness of the proposed method, a visual comparison with the existing
mainstream instance segmentation methods is shown in Fig. 10. By showing the segmentation effects of
different methods, the advantages of the proposed method in complex panoramic X-ray image tasks are more
intuitively reflected.
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Figure 9: Teeth YOLACT compared to other examples

Figure 10: (Continued)
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Figure 10: Visualization of existing mainstream instance segmentation methods

5 Conclusion and Future Work
To address the challenges of impacted teeth in panoramic X-ray images, such as dental deformities

and low contrast with periodontal tissues, this study proposes the Teeth YOLACT instance segmentation
model for detecting and segmenting impacted teeth. The MRTM is designed to effectively extract features,
enabling more accurate recognition and localization of impacted teeth. The CIaM is designed to fuse deep
and shallow features. In addition, the E2PM is designed to enhance the teeth edge features and improve the
discrimination between the model-impacted teeth and the periodontal tissue. The proposed model realizes
more accurate segmentation of impacted teeth. In order to verify the effectiveness of the Teeth YOLACT
model. The comparative experiment and ablation experiment are carried out on the oral panoramic X-ray
image dataset. The APdet, APseg, ARdet, ARseg, mAPdet, and mAPseg indicators of tooth instance segmentation
by the Teeth YOLACT model are 89.9%, 91.9%, 77.4%, 77.6%, 72.8%, and 73.5%, respectively. The results show
that the Teeth YOLACT model can effectively improve the detection and segmentation of impacted teeth
in oral panoramic X-ray images. There is an important reference value for the auxiliary diagnosis of dental
lesions based on oral panoramic X-ray images.

In this paper, the Teeth YOLACT model is proposed and compared with other instance segmentation
models, and the indicators are significantly improved. However, there are still some limitations of the model:
(1) At present, the number of samples in the dataset is not large and the types of teeth are not rich. (2) The
current model learning is a strong supervised learning. Weak supervised learning and the generalization
ability about instance segmentation of impacted teeth are essential. (3) Although the model tries some
strategies to improve the accuracy of instance segmentation, the accuracy of instance segmentation is still
not very high, and the consumption of computing and storage resources is still significant.

In oral panoramic X-ray images, the instance segmentation of impacted teeth is a challenge. In the
future, research can be carried out from the following aspects:
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1. Increasing dataset size and diversity: In cooperation with more medical institutions, diverse oral X-ray
image datasets containing different age groups, pathological types, and image quality are collected, and
automated or semi-automated annotation tools are developed to reduce annotation costs.

2. Explore weakly supervised and semi-supervised learning methods: Advanced self-supervised learning
and contrastive learning techniques are used to improve the performance of the model in scenarios
with insufficient labeled data by combining a small amount of labeled data and a large amount of
unlabeled data.

3. Optimization model structure: This paper studies the lightweight neural network structure, reduces
the computational complexity and storage requirements through parameter pruning and model quan-
tization technology, and makes the model more suitable for deployment in resource-constrained
medical devices.

In summary, in the field of medical image instance segmentation, these strategies are helpful to
guarantee the instance segmentation models’ innovation and improve the model performance in practical
application scenarios. Such as rich medical image data sets, improving the generalization ability, and supervi-
sion methods of the model. Through these measures, doctors can be provided with more accurate diagnostic
information, improve medical quality, improve patient treatment experience, promote the progress of
medical research, and promote the development of the medical field.
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