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Temporal bone surgery

* Minimally-Invasive
* High-Precision

 Drill/robot - Instrument
e Screw — Fiducial
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Generating a CAl Dataset

Images/Annotation - Augmentation - Problem Design
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Dataset https://i3posnet.david-kuegler.de

Synthetic Images (DRR) Real X-ray
Dataset A Dataset B Dataset C
* Screw * Robot and drill * Screw
* Geometric annotation * Manual annotation
e 18k images e 2x 18k images * 540 images
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https://i3posnet.david-kuegler.de/

Dataset limitations

Generation Image Annotation Cost / size
Realism Quality
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* Phantom and manufacturing ifferenceS% only proxy
* Ethics =2 no actual humans

e Non-destructive
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Complex Physics
* Non-deterministi
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Algorithm 1: Generation of DRRs for training and testing
Input: Distributions P (Zi61r ), P (Tinser) and P (),

G e n e rat | O n Of a D a ta S Et Polygons Zpory.; for i € {lower, upper}, CTVolumeData,

InstrumentMesh
Output: Image, pose 6
repeat
fﬁnstr — dI‘B.W_pﬂEitiDI](P (Ei.nstr} )

I:
2
StO C h a St I C 3. Minstr < draw_orientation(P (7pnstr) )
. 4- t
Sa m p I I n g Of 5: I'EPE; ¢ draw_projection(P (P))
6
7
8
9

6 < project_point( P, T <ir) > Output pose

O pory.i < project_point( L, £ po1y.4)
valid <— not any(inside_polygon(Z'str, Opoty.i))

* Projection and

: until valid > Fail after a defined number of
o 10: until vahd > unsuccessful iterations.
Pcse Pa ra m Ete rS 11: Anatomy < interpolate(CTVolumeData)
12: Mesh < transform((Z;nstr, Minstr ), INnstrumentMesh)
13: Instrument < rasterize_mesh(Mesh)
14: Volume <- combine(Anatomy, Instrument)
15: Image < project(F, Volume)

Parameter Tramning Evaluation
Position P (Zinstr) N (0, (5 mm)=)* N(0, (1 mm)?)*
Orientation (Rotations) P (flinstr) | U(0°%,360°) x N(0, (30°)2)2 | L(0°,360°) x N(0, (15°)%)=
Projection P ()

e Source-Object-Distance P ldsop) U(362.8 mm, 725.61 mm)

e Object Offset P ((r,¢)) U(0mm, 100 mm) x U4(0°, 360°)

e Rotations P (Prot) (0%, 360°) x L(—60°,60°) x (0%, 3607)

TABLE 1

PARAMETERS OF THE DRR GENERATION WITH N (1, %) FOR NORMAL AND I{(MIN, MAX) FOR UNIFORM DISTRIBUTIONS
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Meaningtul Annotation

* [n projection space

Synthetic annotation

* Perfect knowledge
Real x-ray

* Reference method (Registration)
* Manual

e Calibration
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Real x-ray - Annotation

G5 o mmm e e e e _
Registration Manual . Calibration
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[Krumb et al., IJCARS 2020]
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Appearance Normalization

Images/Annotation - Augmentation - Problem Design
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Fluoroscopy-Guided Tracking

Localization
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Method

Iteration 1
pose estimate

Initial pose
estimate
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Appearance Normalization Pipeline
V

)
el

Normalization of Distribution of

P - as

* Intensity * Annotation
* Annotation

20

1I3PosNet, IPCAI2020 ”Awn



Not learning end-to-end

Images/Annotation - Augmentation - Problem Design
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Forward Angle Error [degrees] &

landmarks?

Using Angle
landmarks directly
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Using Angle

landmarks directly
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Exploration on a toy dataset

Toy Dataset Task: Predict «
* Rectangle landmarks vs. angle (indirect vs. direct)

(one side rounded corners)
* Random position

* Random ,forward angle” « -

b
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Exploration on a toy dataset
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Forward Angle Error [degrees] &

landmarks?

Using Angle
landmarks directly
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Using Angle
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Summary

Y @kueglerd @anirbanakash

Al-readiness of Limitations
Instrument pose estimation * Projection angle
* Images/Augmentation * Transfer from synthetic to real x-rays

* Augmentation
Future Work

* Improved deep learning
* Multi-instrument

* Problem Design

https://i3posnet.david-kuegler.de
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