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The first term (9 ) enforces consensus between OC predictions and DBE
Ours (strong depth gradients). The second term (4) balances the first term
by enforcing global sparsity of OC, especially in smooth surface depth
regions.
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EVALUATION

e A simple formulation of 3D local geometry constrains to improve depth
estimation quality
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Overall depth metric evaluation Occluding contour metric evaluation
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