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Navigation without additional tools
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Learning-based
method

Liu, X. et al., "Sefiupervised Learning for Dense Depth Estimation in Monocular Endoscopy", CARE Workship 2018
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Estimate anatomy without CT scan

ABuild statistical shape models
A Principal component analysis
A Capture anatomical variation

ADeformable registration
A Optimize PCA model parameters
A Produce registration score
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ABuild statistical shape models
A Principal component analysis
A Capture anatomical variation



Statistical shape models

AGiven shapesVv = [v; v,..

compute:

AMean:
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Statistical shape models Vaiis

AVariance along the principal mode for middle turbinates
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Statistical shape models

AGiven a new shapeV*, we can compute:

AMode weights: AEstimated shape:
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Estimate anatomy without CT scan

ADeformable registration
A Optimize PCA model parameters
A Produce registration score
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Deformable most likely point (D IMLP)
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Find2hOand Asuch that@is best aligned with a deformedX
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Generalizeddeformable most likelyoriented point Yol
(GD-IMLOP)
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Assign confidence to registration




Did it work? D VYois
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Did it work?

Probability density>
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GD-IMLOP Iteration: 1

Experiments




| eave one-out

A# sample point: 3000
ATranslational offset: [0, 10] mm
ARotational offset: [0, 10] degrees

ANoise:
A 1@ T 0
Apm ™
ANoise assumed:
Ap p Il
Aot ™
Ag, v mip fr fo fr v ™

Right nasal airway



L eave one-out Y ciis
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| eave one-out

Confusion Matrix using Ep at p=0.95 Confusion Matrix using Eo at p=0.95
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L eave one-out Y ciis
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L eave one-out Y ciis
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