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1. Region proposal

. Spatial pyramid pooling network

3. Region-convolutional neural network
4. bottleneck

5. Region Proposal Network

6. Score

7. Objectness
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3. Edge contours

4. http://koen.me/research/downloads/SelectiveSearchCodelJCV.zip
5. Exhaustive
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2. Seeds: Superpixels extracted via energy-driven sampling
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1. intensity

2. RandomizedPrim
https://github.com/smanenfr/rp/archive/master.zip
3. Rantalankila
https://github.com/Cloud-CV/object-
proposals/tree/master/rantalankilaSegments

4. segments
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Algorithm 1: Hierarchical Grouping Algorithm

Input: (colour) image
Output: Set of object location hypotheses L

Obtain initial regions R = {ry,---.r,} using [9]

Initialise similarity set S =@

foreach Neighbouring region pair (r;.r;) do

‘ Calculate similarity s(r;,r;)

S=Sus(ri.rj)

while S+ 0 do
Get highest similarity s(r;,r;) = max(S)
Merge corresponding regions r, = r; Ur;
Remove similarities regarding r; : S = S\ s(ri.r.)
Remove similarities regarding r; : S = S\ s(r..r;)
Calculate similarity set S; between r; and its neighbours
S=8us,
R=RUTI,

Extract object location boxes L from all regions in R
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4. Cpmc: Automatic object segmentation using constrained
parametric min-cuts
http://www.maths.Ith.se/matematiklth/personal/sminchis/code
/cpmc/cpmc_releasel.gz

5. Down-Top

6. cues

7. grid
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1. Constrained Parametric Min-Cuts
2. Saliency
3. Object-level saliency
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4. Rigor
http://cpl.cc.gatech.edu/projects/RIGOR/resources/rigor_src.z
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1. Endres
https://github.com/Cloud-CV/object-
proposals/tree/master/endres/proposals
2. occlusion

3. Berekelet Segementation Data Set
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6. Multiscale combinatorial grouping
https://github.com/jponttuset/mcg/archive/v2.0.zip
7. Multi-scale

8. Edge Strength
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1. Critical level sets

2. online

3. Pipeline

4. Boundary probability map
5. Level set


https://github.com/jponttuset/mcg/archive/v2.0.zip
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2. http://groups.inf.ed.ac.uk/calvin/objectness/objectness-
release-vY,Y.zip
3.http://www.ee.oulu.fi/research/imag/object_detection/Objec
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