- . - - - IEEE 2015 Conference on
Learnlng to Segment MOVI“Q ObjeCtS In Videos Computer Vision and Pattern

Katerina Fragkiadaki, Pablo Arbelaez, Panna Felsen, Jitendra Malik Recognition . 4 afiedL,

BOSTO

JUNE 7-12

Summary Moving Objectness Detector Experiments
We present a learning-based approach for motion segmentation. Our method: We train a moving objectness detector from optical flow and RGB to regress to the Per frame segmentation. Moving object proposals (MOPs) complement static
+ computes per frame segment proposals from flow and image boundaries, intersection over union score of the input bounding box of the region proposal. object proposals (GOPs). The combined performance goes beyond the saturation

» ranks them with a multilayer *"moving objectsness” detector (MOD), and level of each method.
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clustering and video segmentation methods in the literature. We outperform
previous methods by a margin at any number of proposals.
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