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e The proposed network combines two net- EXperiment al Re
works to work hand-in-hand for robust il-

luminant estimation. Global-Illuminant Setting

Experimental Re
HypNet Results

e A novel notion of ‘branch-level ensemble’
1s introduced.
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e Through a winner-take-all learning
scheme, the two branches of HypNet are
encouraged to specialize on estimating
illuminants for specific regions.

Input Image

o, S

'CCC (2.24°

R R S~

e SelNet yields much better final predictions
than simply averaging the hypotheses.
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Methods

The proposed Deep Specialized Network con-
sists of two closely coupled sub-networks:
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Methods Mecan | Median | Trimean Figure 1: Learning of two branches of HypNet.
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