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== 1. INTRODUCTION mm 2. DATASET Private dataset
Motivation The models are trained on two different 127 33 CT
Landmark detection is a critical task in maxillofacial surgical planning and datasets: the public MMLD dataset and a samples (100-7-20) 44 CBCT

private dataset from Bolognha’s Sant’Orsola

orthodontic diagnosis.

Traditionally done manually, which is time consuming. hospital. 18 Dysmorphic patients
.. : : : : : : : : MMLD cephalometric RIS S
Achieving high localization accuracy is challenging, particularly in 3D medical landmarks Varying spacing
volumes. Fixed size 14
658 CT (512.><512>< 2_56) mandibular o
Samples (458-100-100) Varylng spacing landmarks 1 |Nasion 10 |Porion L
Work and findings 2 |sella | 11 |Coronal Up
- . . 3 |A (subspinale) |12 |Coronal Lo
We propose Attention Voting (AV), a modified cross-attention mechanism, for 4 |B (supramentale) 13| Apical Up
. 5 |Pogonion 14 |Apical Lo
landmark detection. 6 |Menton 15| Molar Up R
7 |Condylon R 16 |Molar Lo R
8 |Condylon L 17 (Molar Up L
. Matching between Less Matches or (b)20d ¢ (c)2nd R1  (d)20d R2 () 3:d C () 3rd R1  (g) 3rd R2 9 |PorienR 18 |Molar Up R
Landmark detection learned landmark h toerf <t
e embeddings and spatial yperpa.rameter outperforms existing
e tuning methods
mm 4. PIPELINE
We modify a three-stage detection pipeline to make it anatomically consistent.
Y 5 PP y @ ALIGNMENT ® COARSE @ FINE

ROI extraction
(anatomically proportional padding)

HE 3. ATTENTION VOTING

Attention Voting enables to model landmark detection as a matching problem.

Landmark prediction
on downsampled ROI

Prediction on high-res patches

(physical-space crops)

~

-
=9 Extract
- Interpolate

\ y
1. Learn a set of landmark specific embeddings E € R'*€ - one per landmark.
2. Embeddings attend to dense spatial features F € R@XPXW)Xe 45 produce A B
attention weights. —> | —> !
. . . . 3 g 3
3. Landmark coordinates are predicted by aggregating the 3D spatial \_ ALGNMENTSTAGE ) { COARSE STAGE )\ wy f  FINE STAGE P
coordinates C € RE@XMXW)X3 according to the attention weights.
E
S 3D U-Net l e
X
EWC(FwT < [—P —p F TP
L = AV(E,F,C) = softmaxgy,js=_1 - C X | 2N 3 S 3
Ve S1 | Ae----n X e %
< %
X ko - \_ ATTENTION VOTING )

* The spatial coordinates C are not projected before computing SDPA.

** The output L represents the coordinates and does not need to be reprojected.
minimal bounding box

Bl 4. RESULTS On MMLD Attention Voting is on par with the state of

*** ROI padded proportionally to

consistent spatial resolution across

all samples in stages @ and (.

mm 5 ABLATION STUDIES

My, the art, with a MRE gap of less than 0.1mm. Ablations have been carried out to assess the
Vethog | MREEstd SUREA contribution of AV and validate the anatomically
(mm) : . o
2mm  25mm  3mm  4mm We evaluated the proposed.method on the public MMLD consistent pipeline.
3D U-Net 2544083 4529 5959 7091  86.36 dataset and on the private Sant’Orsola’s dataset
Two Stage 178+0.81 6893 8248 8868  95.37 measgrmg Mean Rao!lal Error (MRE) and Successful To isolate the contribution of AV, we performed a
ABRM 1.66  0.92 7926 8843 9264  96.78 Detection Rate (SDR) at different thresholds. head replacement experiment in which the coarse
M-GLIA 1.52 £ 0.61 80.86 88.82 92.90 95.91 : . .
: : and fine stages of the model were trained with a
AV outperforms competing methods on the private 5
AV (ours) 1.59 £+ 0.64 80.47 87.21 90.83 95.79 _ . o . . heatmap regression (HR) head
dataset, with a significantly better SDR within 2mm. '
M’Wlo
o private dataset Anatomical Consistent MRE = std SDR (%)
SDR (%) T : . Head
12 - N MRE + std {, Alignment Fine Crop (mm) 27mm 2. 5mm 3mm Amm
. (mm) 2mm  2.5mm  3mm  4mm X X AV  1.63+0.63 79.55 86.87 91.16 96.04
10_ 0 0 * . — . . . . .
N ° 3D U-Net 3.07+1.8 3083 43.06 56.94 78.06 X v AV |HeERlen)  Aels | B | Bl | deen
. ° o © © v v AV 1.59+0.64 80.47 87.21 90.83 95.79
61 0 : . 9 SCN 247+ 158 45.83 62.2 1EEE | R v v HR 2.06 £ 2.29 77.02 85.35 88.72 92.51
. o T T . 0 ) ABRM 247+1.48 4639  60.83 73.61 85.83
g T 0 i ; M-GLIA 2.44 +7.15 66.94 78.33 84.17 91.67 . . . .
2| T M E gj - - L1 [-irj . EIH [ EE : Both Attention Voting and the physically consistent
T L . . . . .
j= L T LT ST oEIE ST S F| Aviws) 184:338 7861 8250 8641 9167 pipeline contribute to improving the model’s overall
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mm 6. LIMITATIONS & FUTURE WORK

Current limitations

1. Outlier predictions remain a limitation, preventing full automation of the task in clinical
practice.

2. The model is unable to identify the absence of anatomical landmarks, a situation that is
not uncommon in clinical settings.

Future work

1. Modify the Attention Voting mechanism to enable the recognition of absent landmarks.

2. Exploit the flexibility of Attention Voting to design a predictor capable of detecting an
arbitrary number of landmarks, specified at test-time by a clinical expert.
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