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Our approach

Input/ground-truth  Traditional methods

« Efficient decoding by taking the union of all the disks

T'(p, r) of radius r at pixel p
Failure Cases

Existing IS methods K K
M = L_JleJT(p,frn) = L_JlT(-,rn) x B, .

« Existing methods typically follow a detect-then-
segment approach |1, 3, 7-9].

= They limit the mask prediction to bounding-boxes

and are thus sensitive to the boxes quality. . . .
A Residual-deconvolutional Subnet for Decoding

Our contribution: Boundary-Aware IS

Instance Feature Map after ROI-Warping

« Predict masks beyond the scope of bounding boxes.
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