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1 The Challenge

using SliceLearn, a deep learnt shape model
Wing Damage Estimation

4 Results

- Standard POV
- Standard Lighting
- Full Wing Visible
- Used as training

- Variable POV
- Variable Lighting
- Wing partially obscured
- Object of interest

      Wing damage is related to 
     many biological factors and so 
estimating it is an important task, 
however small variations in shape 
make damage estimation difficult 
            using traditional methods
               therefore we turn to 
             deep learning to fit
       a more general shape model

3 SliceLearn Method - Training and Evaluation

2 Datasets

Slicelearn worse in-distribution estimation, but
  - exhibits better generalization to new datasets
  - 44X fewer parameters than TransCNN-HAE
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Modified DeepSDF + 
SIREN activations

Frozen
Decoder

learned decoder reused as a frozen shape prior

A. Intact segmented wings B. Canonical normalization

Translation, rotation and scale are removed.

C. Learn the intact shape manifold

Latent codes preserve variation between
normalized shapes.

original wing
shown faded

D. Artificially damaged wing input

latent code z

pose g = (λ, R, t)
joint optimization

(z*, g*) = argmin L_data + L_prior

E. Reconstructed contours

reconstructed contour

Model
TransCNN-HAE

Registration
SliceLearn

Slides
2.30±0.15
3.79±0.44
4.26±1.90

Mean Absolute Error

Slides Live Bee

Live Bees
11.29±6.56
4.92±2.37
2.69±0.97 R
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