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Dental instance segmentation using multi-dimensional hybrid framework

Wu Zhen, Chen Sheng’, Cheng Ye
School of Optical—Electrical and Computer Engineering , University of Shanghai for Science and Technology , Shanghai 200093 , China

Abstract: Objective Accurate segmentation of individual teeth and adjacent gingiva is a prerequisite for reliable digital
orthodontic diagnosis, virtual treatment planning, clear aligner fabrication, prosthodontic design, and implant-related
assessment. In daily clinical practice, a visually interpretable segmentation result can also shorten the communication loop
between dentists and patients by converting complex intraoral geometry into intuitive tooth-level models. Nevertheless, den-
tal scans collected from patients who require orthodontic intervention or implant restoration frequently contain missing
teeth, severe crowding, overlapped crowns, extraction gaps, irregular gingival margins, orthodontic attachments, and par-
tially visible tooth surfaces. These factors make instance separation substantially more difficult than ordinary semantic seg-

mentation. Existing geometric approaches are usually sensitive to curvature thresholds, manually selected seed points, and
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boundary line assumptions, while many deep learning approaches either lose three-dimensional spatial cues during 2D pro-
jection or suffer from instance confusion and high computational cost when the whole jaw point cloud is processed directly.
Therefore, this study aims to develop a robust, clinically oriented segmentation framework that can maintain the efficiency
of 2D detection while preserving the geometric accuracy of 3D point cloud learning, with particular attention to missing=
tooth and overlapping-tooth conditions. Method To address the above challenges, this paper proposes HaTransTooth, a
multi-dimensional hybrid deep learning framework based on a coarse-to-fine workflow. First, the original 3D intraoral scan
is transformed into a 1024 X 1024 depth image through parallel projection along the estimated normal direction of the dental
arch occlusal plane. During this projection process, the camera pose, coordinate correspondence, and depth information
are retained so that each detected 2D region can be accurately mapped back to the original 3D space. An improved
YOLOv8 detector is then retrained for dental depth images to perform rapid tooth localization and preliminary numbering.
Considering the dense, sparse, and partially missing distribution patterns of teeth, the anchor settings and training samples
are adjusted, and data augmentation strategies such as random rotation and Mosaic augmentation are adopted to enhance
robustness in complex oral scenes. Second, the predicted 2D bounding boxes are expanded by a small spatial margin and
back-projected to generate 3D regions of interest (3D ROI). Each 3D ROI contains one target tooth, a limited amount of
surrounding gingiva, and small parts of adjacent teeth, which reduces the ambiguity caused by full-jaw instance separation
while still preserving boundary context. Before fine segmentation, point cloud sampling, centroid normalization, unit-
sphere scaling, and statistical outlier removal are applied to standardize the input distribution and suppress scanning noise.
Third, each ROI is segmented by an improved Point Cloud Transformer network (PCT). A hierarchical adaptive attention
mechanism is introduced into the PCT backbone to combine local geometric details with global semantic dependencies.
Local attention focuses on neighboring points near the tooth-gingiva junction, whereas global attention captures the overall
shape pattern of the tooth instance; a learnable gate dynamically balances the two feature streams. To further handle class
imbalance between tooth and gingival points and to improve the learning of hard boundary samples, the model is optimized
with a combined Focal Loss and Dice Loss, together with a gradient accumulation strategy under limited GPU memory. The
framework is trained and evaluated on 2,000 real clinical cases collected by intraoral scanners, each containing both upper
and lower jaws. The dataset includes approximately normal dentitions, pre-orthodontic crowding and overlap, post-
extraction and missing-tooth cases, aligned cases with spaces, orthodontic attachments, implants, wisdom teeth, and
mixed dentition. All tooth and gingiva labels are manually annotated with CloudCompare and verified by professional den-
tists. The data are divided into 1,400 training cases, 300 validation cases, and 300 testing cases, and the experiments are
conducted on a single NVIDIA GeForce RTX 3090 GPU. Result Experiments on the self-collected clinical dataset demon-
strate that HaTransTooth achieves competitive and stable performance when compared with seven representative segmenta-
tion methods. Although its mean accuracy (mACC) reaches 96. 74%, ranking a close second to TSegNet, the proposed
method shows a clearer advantage in metrics that better reflect region overlap and boundary consistency. Specifically, it
achieves a mean Intersection over Union(mloU) of 95. 26% and a Dice Similarity Coefficient(DSC) of 97. 50%, exceeding
the second-best method by 4. 86% and 2. 41%, respectively. Additional evaluation also confirms the clinical usefulness of
the framework, with an Average Symmetric Surface Distance (ASSD) of 0.0074, a recall of 98. 10%, and an F1 score of
97.41%. On the difficult missing-tooth subset, the method obtains 97. 19% mAcc, 95. 41% mloU, and 97. 49% DSC; on
the crowded and overlapping-tooth subset, it still reaches 96.51% mAcc, 94.39% mloU, and 97. 18% DSC. These
results indicate that the method can maintain high segmentation quality in cases where adjacent crowns are in close contact,
tooth numbers are incomplete, or gingival boundaries are unclear. Cross-validation on the public Teeth3DS dataset further
verifies its generalization ability. Without retraining on Teeth3DS, the proposed framework achieves 97.21% mAcc,
96. 13% mloU, and 97.91% DSC, outperforming the compared approaches in the main segmentation metrics. Ablation
experiments show that the 2D projection detection and 3D ROI extraction module provides the largest performance gain by
reducing instance confusion, while the hierarchical adaptive attention module and the combined loss with gradient accumu-
lation further improve boundary discrimination and training stability. Visual comparisons also reveal that HaTransTooth
produces more complete tooth surfaces, fewer gingival misclassifications, and clearer inter-tooth boundaries than conven-

tional full-jaw point cloud segmentation methods. Conclusion The proposed HaTransTooth framework provides an effective
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solution for automatic dental instance segmentation under complex intraoral conditions. By transforming the initial instance

separation problem into efficient 2D detection and then performing attention-enhanced 3D fine segmentation within local-

ized ROls, the framework integrates the strengths of image-based detection and point-cloud-based geometric modeling. It

improves segmentation accuracy at ambiguous tooth-gingiva boundaries and remains robust in missing-tooth, crowded,

overlapping, and attachment-bearing cases. The results on both a large real clinical dataset and a public benchmark sug-

gest that the framework has strong potential for supporting digital orthodontic diagnosis, aligner design, prosthodontic plan-

ning, and other computer-aided dental applications.

Key words: oral point cloud; segmentation of instances; missing teeth; dimension transformation; object detection; hier-

archical adaptive attention mechanism
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#1 A[EYOLORBEE_HIFHHMNPIER
Table 1 Results of different YOLO models in 2D tooth

detection

R4 AXBRHHEMSHIER

Table 4 Other parameter indexes of this experiment

R{E mAce mAP50 mAPS0-
(%) (%) (%) 95(%)

ASSD(mm) ~  R1H(%) F1 5738 (%)

Ours 0.0074 98.1 97.41

YOLOv5x(Jocher,2021) 93.31 95.7 9442 91.11
YOLOv8x(Ultralytics ,2023) 95.3 97.32 96.85  96.23
YOLOv10x(Wang%%,2024) 90.16 94.47 96.23  93.54

YOLOv12x(Tian%%,2025)  94.18 97.61 96.3 94.52

x5 AAEEREFEEHNMKER
Table 5 Test results of the proposed method on difficult

TE < IR A Ay B 0 4 e (A

F2 AEEBERFREIEE EHSEIMERESTLE
Table 2 Comparison of segmentation performance of dif-

ferent models on the dataset of this study

mAcc mloU

(%) (g D56

PointNet (Qi %%,2017a) 90.13  60.14  66.89
PointNet++(Qi % ,2017b) 91.24 6725 7826
DBGANet(Lin % ,2024) 92.74 87.08 93.14
TSGCN(Zhao%5,2022)  93.97 8632  92.44
DADSN(Jiang5%,2025)  96.61 82.65  91.77
TSegNet(Cui %,2021) 97.12  90.4 95.09
PCT(Guo%#,2021) 93.86  82.04  89.11

Ours 96.74 9526 975

TE < IO A Ay o 0 14 e DA

®3 A EERITE Teeth3DS #IEE FHIH B EBEXTEL
Table 3 Comparison of segmentation performance of dif-
ferent models on the dataset of Teeth3DS

mAcc mloU

(%) (%) DSC(%)

PointNet( Qi %,2017a) 91.7 80.66 85.62
PointNet++(Qi%5,2017h) 91.24 88.1 89.14
DBGANet(Lin %,2024) 93.52 87.91 93.44
TSGCN(Zhao %§,2022) 93.87 88.3 92.59
DADSN (Jiang 4,2025) 96.08 88.85 95.81
TSegNet(Cui 55 ,2021) 97.19 93.11 96.17
PCT(Guo %,2021) 93.86 84.5 91.6
Ours 97.21 96.13 97.91

TE < IR P Ay B 0 4 e (A

ZJE BB N RIUA SR F I R BEAT IE W T AR HAT
TEF 2 22 HBRE O, AN A R R A H TR

subsets
mAcc(%) mloU(%)  DSC(%)
F 1A 97.19 95.41 97.49
M EZE TR 96.51 94.39 97.18
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(Jiang 55 , 2025) W 73 &1 5 28 78 2 1A IS0 (R 1)
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TSGCN (Zhao 45 , 2022) 1715 HH 408 4 Uk 1 1 B A8 41
B P4 . DBGANet (dual-branch geometric attention
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Fig. 7 The visualization results of single teeth based on the method proposed in this paper

Ji it“&i FUSEhRE R gE R PointNet PointNet++ DBGANet TSGCN DADSN

K8 @i nl AL R L

Fig. 8 Comparison of the visual results of the whole tooth and jaw
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B A B TR IR B ] 5 9283 ) T 2 A TR g Table 6 Results of ablation experiments
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S2 S3 S2+S3

DSC, &M 732 A 3 B S AL BE A8 s 4 k<o
0 SR A B8 2 A7 fih DX I 4 1 BE 7 5 S3 B AR
S L 2 A (A 5 A mloU(%) 82.04 ~ 84.15 84.09 93.12 9433 95.26
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Fig. 9  Failure cases
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