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Abstract. Orthodontic treatment typically lasts for two years, and its
outcome cannot be predicted intuitively in advance. In this paper, we
propose a semantic-guided and knowledge-based generative framework
to predict the visual outcome of orthodontic treatment from a single
frontal photo. The framework involves four steps. Firstly, we perform
tooth semantic segmentation and mouth cavity segmentation and ex-
tract category-specific teeth contours from frontal images. Secondly, we
deform the established tooth-row templates to match the projected con-
tours with the detected ones to reconstruct 3D teeth models. Thirdly,
we apply a teeth alignment algorithm to simulate the orthodontic treat-
ment. Finally, we train a semantic-guided generative adversarial network
to predict the visual outcome of teeth alignment. Quantitative tests are
conducted to evaluate the proposed framework, and the results are as
follows: the tooth semantic segmentation model achieves a mean inter-
section of union of 0.834 for the anterior teeth, the average symmetric
surface distance error of our 3D teeth reconstruction method is 0.626 mm
on the test cases, and the image generation model has an average Fréchet
inception distance of 6.847 over all the test images. These evaluation re-
sults demonstrate the practicality of our framework in orthodontics.

Keywords: Semantic segmentation · 3D teeth reconstruction · Gener-
ative adversarial network (GAN).

1 Introduction

Orthodontic treatment aims to correct misaligned teeth and restore normal oc-
clusion. Patients are required to wear dental braces or clear aligners for a du-
ration of one to three years, reported by [22], with only a vague expectation
of the treatment result. Therefore, a generative framework is needed to enable
patients to preview treatment outcomes and assist those considering orthodontic
treatment in making decisions. Such framework may involve multiple research
fields, such as semantic segmentation, 3D reconstruction, and image generation.
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Deep learning methods have achieved great success in image-related tasks.
In the field of tooth semantic segmentation, there exist plenty of studies target-
ing on different data modalities, such as dental mesh scanning [32], point cloud
[27, 31], cone beam CT image [5, 6], panoramic dental X-ray image [29], and 2D
natural image [33]. Regarding image generation, the family of generative adver-
sarial networks (GAN) [8, 14, 16, 24, 13] and the emerging diffusion models [11,
23, 26] can generate diverse high-fidelity images. Although the diffusion models
can overcome the mode collapse problem and and excel in image diversity com-
pared to GAN [7], their repeated reverse process at inference stage prolongs the
execution time excessively, limiting their application in real-time situations.

When it comes to 3D teeth reconstruction, both template-based and deep-
learning-based frameworks offer unique benefits. Wu et al. employed a template-
based approach by adapting their pre-designed teeth template to match teeth
contours extracted from a set of images [30]. Similarly, Wirtz et al. proposed
an optimization-based pipeline that uses five intra-oral photos to restore the 3D
arrangement of teeth [28]. Liang et al. restored 3D teeth using convolution neural
networks (CNN) from a single panoramic radiograph [19]. However, while deep
CNNs have a strong generalization ability compared to template-based methods,
it often struggles to precisely and reasonably restore occluded objects.

Predicting the smiling portrait after orthodontic treatment has recently gained
much attention. Yang et al. developed three deep neural networks to extract teeth
contours from smiling images, arrange 3D teeth models, and generate images of
post-treatment teeth arrangement, respectively [20]. However, their framework
requires a single frontal smiling image and the corresponding unaligned 3D teeth
model from dental scanning, which may be difficult for general users to obtain. In
contrast, Chen et al. proposed a StyleGAN generator with a latent space edit-
ing method that utilizes GAN inversion to discover the optimal aligned teeth
appearance from a single image [3]. Although their method takes only a frontal
image as input and manipulates the teeth structure and appearance implicitly
in image space, it may overestimate the treatment effect and result in inaccurate
visual outcomes.

In this study, we propose an explainable generative framework, which is
semantic-guided and knowledge-based, to predict teeth alignment after orthodon-
tic treatment. Previous works have either required 3D teeth model as additional
input and predicted its alignment using neural networks [20], or directly utilized
an end-to-end StyleGAN to predict the final orthodontic outcome [3]. In con-
trast, our approach requires only a single frontal image as input, restores the 3D
teeth model through a template-based algorithm, and explicitly incorporates or-
thodontists’ experience, resulting in a more observable and explainable process.
Our contributions are therefore three-fold: 1) we introduce a region-boundary
feature fusion module to enhance the 2D tooth semantic segmentation results; 2)
we employ statistical priors and reconstruct 3D teeth models from teeth semantic
boundaries extracted in a single frontal image; 3) by incorporating an orthodon-
tic simulation algorithm and a pSpGAN style encoder [24], we can yield more
realistic and explainable visualization of the post-treatment teeth appearance.
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Fig. 1. An overview of (a) the proposed generative framework for orthodontic treat-
ment outcome prediction, and (b) the framework’s outputs at each stage with images
from left to right: input mouth image, tooth semantic segmentation map, input image
overlaid with semi-transparent 3D reconstruction teeth mesh, projection of orthodontic
treatment simulation output, and orthodontic visual outcome prediction.

Fig. 2. The proposed tooth semantic segmentation model with (a) coarse region seg-
mentation, (b) auxiliary boundary segmentation, and (c) final region segmentation
generated by the region-boundary feature fusion module.

2 Method

The proposed generative framework (Fig.1) consists of four parts: semantic seg-
mentation in frontal images, template-based 3D teeth reconstruction, orthodon-
tic treatment simulation, and semantic-guided image generation of mouth cavity.

2.1 Semantic Segmentation in Frontal Images

The tooth areas and mouth cavity are our region of interest for semantic seg-
mentation in each frontal image. As a preprocessing step, the rectangle mouth
area is firstly extracted from frontal images by the minimal bounding box that
encloses the facial key points around the mouth, which are detected by dlib tool-
box [18]. We then use two separate segmentation models to handle these mouth
images, considering one-hot encoding and the integrity of mouth cavity mask. A
standard U-Net [25] is trained with soft dice loss [21] to predict mouth cavity.
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Fig. 3. Illustration of the effect of the segmentation post-process algorithm.

The tooth semantic segmentation model (Fig.2) is a dual-branch U-Net3+
based network that predicts tooth regions and contours simultaneously. We em-
ploy a standard U-Net3+ [12] encoder and two identical U-Net3+ decoders for
tooth region and contour segmentation. Such inter-related multi-task learning
can enhance the performance of each task and mitigate overfitting. The teeth
are manually labeled using FDI World Dental Federation notation, resulting in
a total of 33 classes, including background.

To generate a more precise tooth segmentation map, we introduce the region-
boundary feature fusion module, which merges the tooth region and boundary
information, i.e., the last hidden feature maps of the two decoders. The module
is constructed as a stack of convolutional layers, which incorporates an improved
atrous spatial pyramid pooling (ASPP) module [4]. This ASPP module employs
atrous separable convolution and global pooling to capture long-range informa-
tion. The integration of ASPP has a dilation rate of 6, and the number of filters
in each convolutional layer, except the output layer, is set to 64. These three
outputs are supervised by soft dice loss [21] during training.

Some post-process techniques are added to filter segmented regions and ob-
tain smoother tooth contours. The predicted binary contours are dilated and
used to divide the semantic segmentation map into multiple connected regions.
The pixels in each region are classified by its dominant tooth label. Background
components are ignored and small ones are removed. Once two regions have du-
plicate labels, a drop-or-relabel strategy is performed on the region away from
the center of central incisors. The connected regions are processed sequentially
from central incisors to the third molars. Fig.3 shows the changes of tooth region
prediction before and after the post process.

2.2 Template-based 3D Teeth Reconstruction

To achieve 3D tooth reconstruction from a single frontal image, we deform the
parametric templates of the upper and lower tooth rows to match the projected
contours with the extracted teeth contours in semantic segmentation.

The parametric tooth-row template is a statistical model that characterizes
the shape, scale, and pose of each tooth in a tooth row. To describe the shape of
each tooth, we construct a group of morphable shape models [1]. We model the
pose (orientation and position) of each tooth as a multivariate normal distribu-
tion as Wu et al. [30] did. Additionally, we suppose that the scales of all teeth
follows a multivariate normal distribution. The mean shape and average of the
tooth scales and poses are used to generate a standard tooth-row template.
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The optimization-based 3D teeth reconstruction following [30] is an iterative
process alternating between searching for point correspondences between the
projected and segmented teeth contours and updating the parameters of the
tooth-row templates. The parameters that require estimation are the camera
parameters, the relative pose between the upper and lower tooth rows, and the
scales, poses, and shape parameters of each tooth.

The point correspondences are established by Equ.(1) considering the seman-
tic information in teeth contours, where cτi and nτ

i are the position and normal
of the detected contour point i of tooth τ in image space, ĉj

τ and n̂j
τ are those

of the projected contour point j, <·, ·> denotes inner product, and σangle = 0.3
is a fine-tuned hyper parameter in [30].

ĉi
τ = argmin

ĉjτ
||cτi − ĉj

τ ||22 · exp

[
−
(
<nτ

i , n̂j
τ>

σangle

)2
]

(1)

We use L as the objective function to minimize, expressed in Equ.(2), which
comprises an image-space contour loss [30] and a regularization term Lprior

described by Mahalanobis distance in probability space, where N is the number
of detected contour points, λn = 50 and λp = 25 are the fine-tuned weights.

L =
1

N

∑
τ

∑
i

(
||cτi − ĉi

τ ||22 + λn<cτi − ĉi
τ , n̂i

τ>2
)
+ λp Lprior (2)

The regularization term Lprior in Equ.(3) is the negative log likelihood of the
distributions of the vector of tooth scales, denoted by s, the pose vector of tooth
τ , denoted by pτ , and the shape vector of tooth τ , denoted by bτ . The covariance
matrices Σs and Στ

p are obtained in building tooth-row templates.

Lprior = (s− s)TΣ−1
s (s− s) +

∑
τ

[
(pτ − pτ )TΣτ

p
−1(pτ − pτ ) + ||bτ ||22

]
(3)

During optimization, we first optimize the camera parameters and the relative
pose of tooth rows for 10 iterations and optimize all parameters for 20 iterations.
Afterward, we use Poisson surface reconstruction [17] to transform the surface
point clouds into 3D meshes.

2.3 Orthodontic Treatment Simulation

We implement a naive teeth alignment algorithm to mimic orthodontic treat-
ment. The symmetrical beta function (Equ.(4)) is used to approximate the dental
arch curve of a tooth row [2]. Its parameters W and D can be estimated through
linear regression by fitting the positions of tooth landmarks [2].

β(x;D,W ) = 3.0314 ∗D ∗
[
1

2
+

x

W

]0.8 [
1

2
− x

W

]0.8
(4)

We assume that the established dental arch curves are parallel to the occlusal
plane. Each reconstructed tooth is translated towards its expected position in the
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Fig. 4. Architecture of the semantic-guided image generation model. The multi-level
style feature maps are extracted from the residual backbone and encoded into twelve
512-dim style vectors through the map2style networks [24], structural information are
compressed and skip connected through the structure encoder, and structure and style
features are entangled in the StyleGAN-based generator with weight modulation [16].

dental arch and rotated to its standard orientation while preserving its shape.
The teeth gaps are then reduced along the dental arch curve with collision detec-
tion performed. The relative pose between tooth rows is re-calculated to achieve
a normal occlusion. Finally, the aligned 3D teeth models are projected with the
same camera parameters to generate the semantic image output of the simula-
tion.

2.4 Semantic-Guided Image Generation

The idea behind the semantic-guided image generation model is to decompose
an image into an orthogonal representation of its style and structure. By manip-
ulating the structural or style information, we can control the characteristics of
the generated image. Improving upon [20], we replace the naive style encoder in
[20] with the PixelStylePixel style encoder [24] to capture the multi-level style
features and use semantic teeth image instead of teeth contours as input to better
guide the generation process. The architecture is illustrated in Fig.4. At training
stage, the model learns the style and structural encoding of teeth images and
attempts to restore the original image. Gradient penalty [9] and path length
regularization [16] are applied to stabilize the training process. We use the same
loss function as [20] did and take a standard UNet encoder connected with dense
layers as the discriminator. At inference stage, the semantic teeth image output
from orthodontic simulation is used to control the generated teeth structure. To
remove the boundary artifacts, we dilate the input mouth cavity map and use
Gaussian filtering to smooth the sharp edges after image patching.

3 Experiments and Results

3.1 Dataset and Implementation Details

We collected 225 digital dental scans with labelled teeth and their intra-oral
photos, as well as 5610 frontal intra-oral images, of which 3300 were labelled,
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Table 1. Segmentation accuracy on the test data measured by mean intersection of
union for different groups of tooth labels and for different network architectures where
DB denotes dual-branch architecture and RBFF denotes region-boundary feature fu-
sion. Group A has 32 tooth classes, group B has 28 classes with the third molars
excluded, and group C has 24 classes with the second and third molars excluded.

Settings
UNet UNet3+

Baseline DB RBFF+DB Baseline DB RBFF+DB

Group A 0.679 0.697 0.708 0.686 0.699 0.730
Group B 0.764 0.774 0.789 0.766 0.780 0.803
Group C 0.800 0.809 0.820 0.800 0.816 0.834

Table 2. Teeth reconstruction error (avg.± std.) on all the teeth of the 95 test cases
(ASSD: average symmetric surface distance, HD: Hausdorff distance, CD: Chamfer
distance, DSC: Dice similarity coefficient).

Methods ASSD(mm)↓ HD(mm)↓ CD(mm2)↓ DSC↑
Wirtz et al. [28] 0.848±0.379[28] 2.627±0.915[28] — 0.659±0.140[28]
Nearest retrieval 0.802±0.355 2.213±0.891 2.140±2.219 0.653±0.158

Ours 0.626±0.265 1.776±0.723 1.272±1.364 0.732±0.125

and 4330 smiling images, of which 2000 were labelled, from our partner hospitals.
The digital dental scans were divided into two groups, 130 scans for building
morphable shape models and tooth-row templates and the remaining 95 scans
for 3D teeth reconstruction evaluation. The labelled 3300 intra-oral images and
2000 smiling images were randomly split into training (90%) and labelled test
(10%) datasets. The segmentation accuracy was computed on the labelled test
data, and the synthetic image quality was evaluated on the unlabelled test data.

All the models were trained and evaluated on an NVIDIA GeForce RTX 3090
GPU. We trained the segmentation models for 100 epochs with a batch size of 4,
and trained the image generation models for 300 epochs with a batch size of 8.
The input and output size of the image segmentation and generation models are
256×256. The training was started from scratch and the learning rate was set to
10−4. We saved the models with the minimal loss on the labelled test data. At
the inference stage, our method takes approximately 15 seconds to run a single
case on average, with the 3D reconstruction stage accounting for the majority
of the execution time, tests performed solely on an Intel 12700H CPU.

3.2 Evaluation

Ablation study of Tooth Segmentation Model We conduct an ablation
study to explore the improvement of segmentation accuracy brought by the dual-
branch network architecture and the region-boundary feature fusion module.
Segmentation accuracy is measured by the mean intersection over union (mIoU)
metric for different groups of tooth labels. The results listed in Table 1 show that
the proposed region-boundary feature fusion module assisted with dual-branch
architecture can further enhance the segmentation accuracy for UNet and its
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Table 3. Average Fréchet inception distance of different generators on the test data.

Model TSynNet Contour-guided pSpGAN Semantic-guided pSpGAN

Test smiling images 11.343 7.292 6.501
All test images 20.133 7.832 6.847

Fig. 5. Comparison of the orthodontic treatment outcome predictions generated by dif-
ferent models: TSynNet[20], contour-guided pSpGAN, and semantic-guided pSpGAN.

Fig. 6. Teeth alignment predictions of the proposed generative framework on frontal
images in the Flickr-Faces-HQ data set.

variant. Our tooth segmentation model can predict quite accurately the region
of the frontal teeth with a mIoU of 0.834.

Accuracy of 3D Teeth Reconstruction We reconstruct the 3D teeth models
of the 95 test cases from their intra-oral photos. The restored teeth models are
aligned with their ground truth by global similarity registration. We compare the
reconstruction error using different metrics, shown in Table 2, with the method
of [28] that reconstructs teeth models from five intra-oral photos and the nearest
retrieval that selects the most similar teeth mesh in the 135 teeth meshes for
building tooth-row templates. The results show that our teeth reconstruction
method significantly outperforms the method of [28] and nearest retrieval.

Image Generation Quality We use Fréchet inception distance (FID) [10] to
evaluate the quality of images generated different generators on the unlabelled
test data, results listed in Table 3. The multi-level style features captured by
pSpGAN improve greatly the image quality from the quantitative comparison
(Table 3) and the visual perception (Fig.5). Our semantic-guided pSpGAN that
takes semantic teeth image as input can further increase the constrast of different
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teeth and yield sharper boundaries. We test our framework on some images in
Flickr-Faces-HQ dataset [15] to visualize virtual teeth alignment, shown in Fig.6.

4 Conclusion

In conclusion, we develop a semantic-guided generative framework to predict the
orthodontic treatment visual outcome. It comprises tooth semantic segmenta-
tion, template-based 3D teeth reconstruction, orthodontic treatment simulation,
and semantic-guided mouth cavity generation. The results of quantitative tests
show that the proposed framework has a potential for orthodontic application.
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