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Motivation
. . E
We show that, with simple improvements, .
we achieve SOTA performance on three main &
benchmarks (NYU, ICVL, MSRA) while keeping 7
the simplicity of the DeepPrior [1] method. a
Up to 38% smaller error using same training data t
: . S
Code available online =
github.com/moberweger/deep-prior-pp &
a
Method
Based on DeepPrior [1] More powerful network architecture
- Integrate prior on 3D hand pose into CNN - Based on Residual Network (ResNet)
C - Regularization using Dropout
Multi-layer Network
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Improved training data augmentation Refined hand localization

- Rotation - Detect hand using center-of-mass
- Scaling - Refine localization by predicting update on 3D location
- Translation cCi P1 C2 P2 C3 FC1 D1 FC2 D2
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Results
Excellent results on main benchmark datasets
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