BUILDING PART-BASED OBJECT DETECTORS VIA 3D GEOMETRY
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Desired properties:
= Representative: frequent among objects
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[Pepik et al. 2012] [Azizpour et al. 2012] From 3D Parts to Object Hypothesis

Greedily select N parts based on frequency and geometric consistency to
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What is the right way to select parts?

make an object hypothesis: p=I[p',...,p"], wherep

Geometry-driven Parts (gDPM)

Parts based on consistent underlying 3D geometry
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Learning gDPM
| bt Enforcing geometric constraints using large-scale RGBD data.
Advantages: Input-z = {1,101}, y € {~1,1}
. e - - I-RGB1 IG —Surf 1 I- ing- 1 ion.
a) Better op timization and learnin o GB Image, Surface Normal Map, /- bounding-box location
. | N 3 - Model Parameters, -
= Leverage large-scale RGBD data for constraints Minimize: Lp(8) = < [|8]2 + C'S  max(0,1 — y; fg(x;)) =-Root & Part Locations;
b) 3D Scene Understandln 2 i=1 ¢ - Cluster Membership. _ Quantitative Results Test Set: NYU v2 RGB Images
g Latent <— Table 1. AP performance on the task of object detection.
.; % }: VoaE ‘ Standard Negative Hard—mining‘
B S A poearance (1, 2, 8.) ity — —1, Bed Chair M.4TV  Sofa Table
fa(x) = i 7; - | DPM (No Parts) 2094 10.69  6.38 551 273
i Sappearance (1,2, Be) + A ) Sl w(I9,1)), ify = H\ DPM 2239 1444 810 716  3.53
! Geomet trained
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Standard Appearance Score Ge()metry constraints on part Positive Latent Update DPM (Our Part89 NO Latent) 265 9 5 71 23 5 682 3 41
of root and part filters. placements. DPM (Our Parts) 29.15 1143 417 830 1.76
——— . w(-)— Raw surface normal at
RGB Input gDPM Detection Predicted Geometry Sc(:) - Similarity function between eDPM 3339 1372 928  11.04 4.05



