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Contour Detection with Deconvolutional Networks
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In this paper, we propose new neural networks for contour detection. The networks use deconvolutional networks
to enlarge spatial features instead of linear interpolations for better reconstruction of the location information.
Proposed networks achieved state-of-the-art results in the BSDS500 and DRIVE dataset.
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Fik | ODS OIS AP
Human .80 .80 -

DeepNets([10] 738 759 758
N4-Fields[11] 753 769 784
DeepEdge([12] 753 772 807
CSCNN[13] 756 775 798
DeepContour[14] 756 773 797
HED (Side-output 4)[1] 740 759 672
HED (merged result)[1] 782  .804 .833
HED (merged result) (arxiv)[15]** | .788  .808  .840
REFE (deconv) 773 794 814
REFIE (conv) 767 787 810
RETFIE (deconv-norelu) 783  .801 .753
PREFIE (conv-norelu) 784  .803  .748
(IRZEFE (merged)) 795 814  .827
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