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Abstract. Accurate registration of Intraoral Scans (IOS) with Cone-
Beam Computed Tomography (CBCT) enables integration of dental
crown surfaces with the tooth roots and the surrounding alveolar bone.
However, IOS-CBCT registration remains challenging because of lim-
ited anatomical overlap, cross-modal differences, and unreliable corre-
spondences. Task 2 of the MICCAI STS 2026 Challenge formulates this
setting as a semi-supervised rigid registration problem, in which IOS
meshes must be aligned with their corresponding CBCT volumes. For
this task, we propose a landmark-driven coarse-to-fine framework in
which modality-specific networks predict corresponding dental landmarks
from the IOS mesh and CBCT volume. A confidence-weighted RANSAC-
Kabsch procedure estimates a robust initial transformation, later refined
using point-to-plane Iterative Closest Point. On the challenge valida-
tion set, the method achieved a Mean Translation Error of 4.988 mm
and a Mean Rotation Error of 1.421◦, ranking first on the registration
leaderboard at the time of evaluation. The code is available on GitHub:
https://github.com/AImageLab-zip/L2L-Registration

Keywords: IOS-CBCT registration · Dental imaging · Landmark de-
tection · RANSAC · Iterative Closest Point

1 Introduction

Cone-Beam Computed Tomography (CBCT) and Intraoral Scans (IOS) provide
complementary representations of dentoalveolar anatomy [3,6,18]. CBCT cap-
tures tooth roots and alveolar bone, but its representation of dental crowns may
be degraded by limited resolution, noise, partial-volume effects, and metal ar-
tifacts. In contrast, IOS provides high-resolution surface models of the visible
crowns and gingiva [4], but does not capture roots or underlying bone and may
exhibit stitching errors in full-arch scans [17,23]. Accurate IOS-CBCT registra-
tion therefore enables the construction of integrated crown-root-bone models for
orthodontic diagnosis, implant planning, orthognathic surgery, and longitudinal
assessment of tooth movement. This task is challenging because the modalities
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differ in data representation and share only a limited anatomical region: the ex-
posed dental elements. Reliable correspondence estimation may be hindered by
missing teeth, similar or symmetric tooth morphology, restorations, orthodontic
appliances, metal artifacts, and incomplete scans. Prior studies have also shown
that registration performance depends strongly on the accuracy of tooth seg-
mentation and identification. Moreover, large initial pose differences may cause
local surface-registration methods to converge to anatomically incorrect align-
ments [10,23]. Learning-based approaches face the additional limitation of scarce
paired data with accurate transformations.

Conventional workflows typically estimate an initial transformation from
manually selected landmarks or dental surfaces and refine the alignment us-
ing Iterative Closest Point (ICP) [2]. Although computationally efficient, ICP is
sensitive to initialization, partial overlap, outliers, and repetitive dental geom-
etry. Recent automatic methods have therefore adopted coarse-to-fine pipelines
combining semantic preprocessing, robust global alignment, and local surface
refinement. Kim et al. [14] combined deep learning-based tooth segmentation
with RANSAC-based coarse registration [8] and ICP refinement. Jang et al. [10]
incorporated individual-tooth segmentation and identification into a global-to-
local framework while addressing cumulative deformation in full-arch IOS scans.
More recently, point-cloud-based approaches have been investigated, including
FPFH-based geometric matching [15], PointNet++ feature encoding with differ-
entiable SVD-based rigid-transformation estimation [11], and PointNetLK-based
iterative alignment [9,19]. However, these approaches may remain sensitive to
cross-modal geometric discrepancies, limited anatomical overlap, and large ini-
tial pose differences.

Task 2 of the MICCAI STS 2026 Challenge formulates IOS-CBCT alignment
as a semi-supervised rigid-registration problem and provides labeled and unla-
beled dental data for standardized evaluation. Building on recent advances in
modality-specific anatomical landmark prediction [7], we propose a landmark-
guided coarse-to-fine registration framework. Our main contribution is the robust
use of predicted anatomical correspondences: a confidence-weighted adaptive
RANSAC-Kabsch procedure identifies a reliable landmark consensus for global
alignment, and the resulting inliers guide the subsequent local surface refine-
ment. This design reduces the influence of inaccurate landmark predictions and
unrelated CBCT anatomy while improving robustness to limited overlap and
large initial pose differences.

2 Method

We propose a landmark-driven pipeline for rigid IOS-CBCT registration. As
illustrated in Fig. 1, the IOS and CBCT data are processed in parallel to pre-
dict anatomically corresponding dental landmarks. In the IOS branch, the input
mesh is centered and oriented by the IOS-Normalizer module according to the
reference frame required by the subsequent IOS-Landmarks module, which es-
timates the three-dimensional coordinates of the selected dental landmarks. In
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Fig. 1: Overview of the proposed IOS-CBCT registration pipeline.

parallel, the CBCT-Landmarks module localizes the corresponding landmarks
directly in the CBCT volume. The predicted correspondences are provided to
the Landmarks-to-Landmarks registration module (L2L-Registration in short),
which estimates an initial rigid IOS-CBCT transformation using a confidence-
weighted RANSAC-Kabsch procedure [8,12,13]. The resulting alignment is sub-
sequently refined using point-to-plane ICP [2]. This coarse-to-fine strategy re-
duces sensitivity to large initial pose differences and improves the final alignment
between the IOS surface and the corresponding CBCT dental surface.
IOS-Normalizer. Given an input dental mesh, this module1 aligns each IOS
with the reference frame used to train the IOS-Landmarks module. The normal-
ization procedure combines principal component analysis (PCA) with a learned
rotation correction. A fixed number of points is sampled from the unit-sphere
normalized vertices using farthest-point sampling (FPS). PCA is then applied to
the covariance matrix of the sampled point cloud. The ordered eigenvectors form
an orthonormal basis B that aligns the scan with its principal geometric axes. If
det(B) < 0, the sign of the final eigenvector is reversed to ensure a right-handed
coordinate system. Because PCA does not uniquely determine the signs of the
eigenvectors, residual orientation ambiguities may remain. To resolve these am-
biguities, the PCA-aligned point cloud is processed by a small PointNet-style
network [5], which predicts a single corrective rotation R selected from four pre-
defined classes: the identity rotation and 180◦ rotations about the x-, y-, and
z-axes. The transformed mesh vertices are computed as X ′ = (X− c)BR, where
c denotes the mesh centroid.
IOS-Landmarks. Given a single IOS, this module predicts dental landmarks
using a two-stage deep learning architecture.2 First, a semantic segmentation
network classifies each mesh vertex into one of 17 classes, representing the 16
teeth of the input arch and a combined gingiva/noise class. At inference time,
1 https://github.com/AImageLab-zip/IOS-Normalizer/commit/ecebe11
2 https://github.com/AImageLab-zip/IOS-Landmarks/commit/3ee1ee6

https://github.com/AImageLab-zip/IOS-Normalizer/commit/ecebe11
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Table 1: L2L-Registration Parameters
Stage Parameter Setting

(i) Landmark

Min. landmark confidence 0.25
RANSAC hypotheses 2,000
Landmark pairs per hypothesis 3 non-collinear pairs
Initial inlier distance 3.5 mm
Max. inlier distance 5.5 mm
Initial min. consensus 4 landmarksa
Fallback min. consensus 3 non-collinear landmarks

(ii) Surface

Crop margin max(15 mm, 0.25E)
Marching-cubes threshold 1,500
Max. sampled points 12,000 per surface
Voxel size 1.0 mm
Normal-estimation radius 3.0 mm

(iii) ICP
Max. correspondence distance 1.0 mm
Max. iterations 40
Relative fitness tolerance 10−5

Relative RMSE tolerance 10−5

E denotes the landmark extent along the corresponding spatial axis.
aApplied when at least four landmark correspondences were available.
RMSE: root-mean-square error.

the tooth classes are mapped to their corresponding FDI numbers using the
known arch identity (lower or upper). The vertices assigned to each tooth are
processed independently by a landmark-prediction network that generates a per-
vertex probability heatmap. Final landmark coordinates are obtained through
thresholding and K-means clustering. Both segmentation and landmark pre-
diction models are based on Point Transformer V3 [22]. Among the predicted
landmarks, only the Inner ones, illustrated in Fig. 1, were used directly in the
subsequent stages. This choice was motivated by the variable quality of the IOS
scans observed in the training and validation sets. Some scans contained resid-
ual orthodontic brackets or dental impression material in the anterior region,
potentially affecting landmarks located near the external tooth surface. To as-
sess landmark availability across the dataset, we measured the proportion of
tooth instances with a valid Inner prediction in each of the four hemi-arches.
Applying a minimum prediction coverage threshold of 94% in each hemi-arch
retained tooth positions 1–5 for subsequent processing.
CBCT-Landmarks. This module was developed using nnLandmark [7], an ex-
tension of the nnU-Net infrastructure to 3D landmark localization via heatmap
regression. Landmark annotations are encoded as a 3×3×3 cube around the tar-
get voxel. During inference, the input volume is processed using sliding-window
prediction. For each landmark channel, the location of the maximum response
defines the predicted coordinate, while the corresponding response value is re-
tained as a confidence score. For each tooth previously selected for the IOS, only
the corresponding Inner landmark was retained.
L2L-Registration. The final IOS-CBCT registration was performed in two
stages: (i) a landmark-based rigid alignment, followed by (ii) surface-based re-
finement. Hyperparameters for these stages are summarized in Tab. 1. We se-
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Table 2: Development environments and requirements.
Component Configuration

Operating system Ubuntu 22.04.5 LTS
Processor Intel Xeon Silver 4216 CPU @ 2.10 GHz
System memory 128GB
Graphics processor 1 × NVIDIA RTX A5000, 24 GB
CUDA version 12.6
Programming language Python 3.10
Deep learning framework PyTorch 2.8
Computer vision library torchvision 0.23.0

lected the final configuration through a grid search that considered registration
failures, combined translation and rotation errors, and computational cost. Pre-
dicted CBCT landmarks below the confidence threshold were excluded, and the
remaining landmarks were converted from voxel indices to physical coordinates
using the image metadata. An initial rigid transformation was estimated using
a confidence-weighted RANSAC-Kabsch procedure [8,12,13]. For each hypoth-
esis, three non-collinear landmark pairs were sampled and used to estimate a
rigid transformation. The transformation was evaluated on all available corre-
spondences, and the best solution was selected according to the inlier consensus,
combined confidence, and residual error. When no valid consensus was obtained,
the inlier threshold was progressively relaxed and, as a final fallback, the mini-
mum consensus size was reduced to three non-collinear landmarks. The selected
transformation was then re-estimated using all inliers until the consensus set sta-
bilized and was applied to the normalized IOS mesh. For surface refinement, the
landmark inliers were used to define an axis-aligned crop of the CBCT volume.
A CBCT surface was extracted from the cropped region using marching cubes,
after which the IOS and CBCT surfaces were sampled, voxel-downsampled, and
assigned surface normals. The landmark-aligned IOS point cloud was then re-
fined against the CBCT point cloud using point-to-plane ICP. The resulting ICP
transformation was composed with the landmark-based transformation to obtain
the final IOS-CBCT registration.

3 Experiments

Dataset and Evaluation Metrics. All experiments were conducted using the
official MICCAI STS 2026 Challenge dataset, which comprises: (i) 30 cases with
ground-truth 4 × 4 transformations and 300 unlabeled cases (training set) and
(ii) 50 cases with ground-truth transformations withheld from participants and
accessible only to the challenge organizers (validation set). Performance was
evaluated using two metrics: (i) Mean Translation Error (MTE) and (ii) Mean
Rotation Error (MRE). The former is defined as the Euclidean distance between
the predicted and ground-truth translation vectors; the latter is computed as the
geodesic distance between the predicted and reference rotation matrices.
Environments and Requirements. See Tab. 2.
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Training Protocols. For this challenge, IOS-Normalizer was fine-tuned from
a released checkpoint, IOS-Landmarks was used with pretrained weights, and
CBCT-Landmarks was trained from scratch. The corresponding training proto-
cols are described below and summarized in Tab. 4.
IOS-Normalizer. The model was initialized from a publicly available checkpoint
pretrained on Teeth3DS [1], which includes 1,800 consistently oriented scans. It
was then fine-tuned on 60 IOS from the unlabeled training set of the STS 2026
Challenge. All 60 scans were manually oriented; 50 were used for training and 10
for validation. During training, each oriented scan was downsampled to 16,384
points via FPS and either left unchanged or rotated by 180◦ about one of the
three coordinate axes. The model was trained to identify the applied transfor-
mation, and, because a 180° rotation about an axis is self-inverse, reapplying the
same transformation restores the scan to its original orientation.
IOS-Landmarks. Publicly available weights were used for both stages (segmen-
tation and landmark prediction).

Table 3: Ablation study on the
labeled training subset and final
registration performance on the
validation set of the MICCAI STS
2026 Challenge.

Eval.
Set

RAN-
SAC ICP MTE

[mm]
MRE

[◦]

Train ✗ ✗ 13.759 3.993
Train ✓ ✗ 8.708 2.619
Train ✗ ✓ 7.959 1.997
Train ✓ ✓ 1.813 0.891
Val. ✓ ✓ 4.988 1.421

CBCT-Landmarks. We constructed a pseudo-
labeled dataset from the 300 unlabeled
CBCT cases in the MICCAI STS 2026
training set. Reference landmarks were ob-
tained by transferring predictions from IOS-
Landmarks to the paired CBCT volumes
using an internal IOS-CBCT registration
model3. Only 201 cases were retained af-
ter qualitative evaluation. The challenge val-
idation set and the labeled training set (30
samples) were reserved exclusively for evalu-
ation. Training of the CBCT landmark pre-
dictor was restricted to the Inner landmarks
of tooth positions 1-5 in each hemi-arch, resulting in 20 output classes. Standard
augmentations and foreground oversampling were applied, while left-right mir-
roring was disabled. The checkpoint from the fold achieving the best validation
performance was used for inference. To accelerate inference, nnLandmark [7] was
modified to track the maximum response and corresponding coordinate for each
landmark directly across sliding-window patches, avoiding full heatmap recon-
struction and CPU transfer. Batched patch processing, persistent GPU model
loading, and GPU-based resampling with resample_torch_for_nnunet further
reduced memory usage and latency.

4 Results and Discussion

The contribution of the individual registration components was assessed through
an ablation study on the labeled training subset, for which reference IOS-CBCT
3 Such a registration model cannot be released due to confidentiality obligations; there-

fore, it has not been used in the challenge itself.
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Table 4: Training protocols for IOS-Normalizer and CBCT-Landmarks.
Parameter IOS-Normalizer CBCT-Landmarks

Batch size 1 2
Input patch size — 1283 voxels
Epochs 3 280
Optimizer AdamW (λ = 1e−4) Nesterov SGD (µ = 0.99)
Initial LR 1e−4 1e−2

LR schedule None Polynomial (p = 0.9)
Training time 4.5 min 87 h (5-fold CV)
Loss function Cross-entropy over 4 classes Top-20% BCE (logits)
Model parameters 13 M 102 M
FLOPs 91.3 GFLOPs/step 8.6 TFLOPs/step

transformation matrices were available. These matrices were not used to train or
fine-tune any component of the proposed pipeline and were used only to quantify
registration accuracy. As reported in Tab. 3, RANSAC improved registration per-
formance both with and without ICP refinement. Point-to-plane ICP provided
an additional improvement by refining the landmark-based transformation using
the reconstructed surface geometry.

Quantitative Results on Validation. The proposed method achieved an
MTE of 4.988 mm and an MRE of 1.421◦ on the challenge validation set, as
reported in Tab. 3. At the submission deadline, these results placed the method
first on the challenge registration leaderboard. The comparatively low rotation
error indicates that the rotational component of the IOS-CBCT transformation
was recovered accurately. Overall, the results support the combination of robust
landmark-based initialization and local point-to-plane ICP refinement.

Qualitative Results on Validation. Qualitative inspection indicated that
registration was generally more accurate when several reliable IOS-CBCT land-
mark correspondences were available and spatially distributed across the dental
arch. Registrations based on only three or four correspondences appeared more
sensitive to landmark localization errors. In these cases, ICP provided a signifi-
cant improvement by refining the initial transformation using the reconstructed
surface geometry. Visual examples are provided in Fig. 2.

Identification of a Systematic Transformation Labeling Error. Inspec-
tion of the 4 × 4 transformation matrices showed that all training cases with
IDs above 269 had 3 × 3 linear-transformation submatrices with determinant
−1, indicating a reflection across the YZ plane, as confirmed by visual compar-
ison of the original and transformed IOS meshes. During validation, an initial
submission using only positive-determinant rotations yielded an MTE of 10.037
mm and an MRE of 22.809◦. Assuming the same ID-dependent inconsistency
affected the validation set, we composed predictions for cases with IDs above
269 with the YZ-plane reflection; the resulting evaluation is the one previously
reported in Tab. 3. The organizers later confirmed the labeling issue and our in-
terpretation via email. Evaluation transparency was further limited by the post
hoc inclusion of inference time as a weighted ranking component, despite the



8 A. Veronese et al.

(a) CBCT

ICP 27

(b) IOS (c) Kabsch (d) ICP

Fig. 2: Qualitative results, one patient per row (P027 and P214 from the top).

absence of a runtime metric or formal time limit in the structured submission
document [21] or on the challenge website. To our knowledge, neither issue was
publicly communicated, limiting reproducibility and evaluation fairness.
Limitations and Future Work. Although no visually apparent registration
failures were observed on the validation set, the proposed method may fail when
fewer than three geometrically consistent correspondences are available, when
the selected landmarks form a nearly collinear configuration, or when localiza-
tion errors place the initial alignment outside the convergence basin of ICP. Fu-
ture work will investigate additional anatomical landmarks that are consistently
present and can be reliably localized in both IOS and CBCT data. Increasing
the number and spatial coverage of cross-modal correspondences may improve
robustness in cases involving missing teeth, incomplete scans, imaging artifacts,
or inaccurate landmark predictions.

5 Conclusion

This work presented a robust coarse-to-fine framework for rigid IOS-CBCT reg-
istration that combines modality-specific anatomical landmark detection, confi-
dence-weighted RANSAC-Kabsch alignment, and point-to-plane ICP refinement.
The proposed approach reduces sensitivity to large initial pose differences and in-
consistent cross-modal correspondences by combining robust anatomical initial-
ization with local surface refinement. On the challenge validation set, the method
achieved an MTE of 4.988 mm and an MRE of 1.421◦. These results demonstrate
the effectiveness of integrating anatomical landmark correspondences with geo-
metric surface refinement for IOS-CBCT alignment.
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