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® Input representation

® HHA (depth, height above ground, angle with
gravity) images don’'t have azimuth information
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® Normal Images

® Desirable to be robust to occlusion

Surface Normal Images

Pose in Top View

A1 3D all 3D clean
mean bed chair sofa table toilet mean bed chair sofa table toilet
Our (3D Box on instance segm. from [ 3]) 48.4 74.7 18.6 50.3 28.6 69.7 66.1 90.9 459 68.2 25.5 100.0
( * Our (3D Box around estimated model) 58.5 734 442 57.2 334 84.5 71.1 82.9 72.5 75.3 24.6 100.0
Song and Xiao [34] 39.6 33.5 29.0 34.5 33.8 67.3 64.6 71.2 78.7 41.0 42.8 89.1
Our [no RGB'] (3D Box on instance segm. from [13]) 46.5 71.0 18.2 49.6 30.4 63.4 62.3 86.9 43.6 574 26.6 96.7
Our [no RGB'] (3D Box around estimated model) 57.6 72.7 47.5 54.6 40.6 72.7 70.7 84.9 75.7 62.8 33.7 96.7
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® Depthimages are ‘simpler’, so we use a shallow network

Search over scale,
placement and sub-type
to minimize
re-projection error

3 layer CNN on normal
images frained on
synthetic data

3D reasoning by initial 2D processing
and then ‘lifting’ to 3D

Learning from synthetic data and
generalizing to real data

Starting with weak annotation (instance
segmentation) able to produce a much
richer output
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Much better region
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Adapting CNNs trained on
RGB images to Depth Images

A geocentric embedding for
Depth images (HHA)
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® lterative Closest Point (ICP) to optimize for R, t (that aligns best to datq)

® Render model, use visible points, run ICP between these points, and points in the
segmentation mask, re-estimate R, t, repeat

® Pick best model M*, scale s* and pose R*, * based on fit fo the data
Works reasonably well even though
® |[naccurate models

® Imperfect segmentation masks
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Render model, perform occlusion o o o
: GT Depth / Mask ~ Depth from bathtub 574 768 553 833 947 67 194 257 79 504 42,0
checking predicted
odel m fom bed 423 873 288 860 961 258 632 570 318 687 650
o i ot o i ot , , liorary L chair 453 741 290 569 70.1 11.8 252 304 147 356 429
" " " " " " ASS'.gn predicted moc!el fo ground truth desk 339 674 203 409 557 30 40 62 41 108 12,0
ost st ost s} s} regions based on region I/U overlap dresser 827 920 761 960 1000 133 211 21.1 263 350 36.1
o8t 08t 0t o8} 0sf monitor 314 398 184 208 413 125 125 268 57 74 114
! orf orf o] o7l Pixels count in intersection only when P night-stand 625  77.6 513 652 879 189 21.6 255 281 337 348
ol os) o6l ol o6l within some distance of the ground sofa 45.1 85.0 285 720 924 105 304 377 21.8 485 474
o5t — os| ost os) ost truth depth value table 188 522 158 343 468 55 119 133 56 123 150
0a] ol ol oaf ol toilet 660 1000 460 860 100.0 359 724 732 418 634 684
0.3F 03[ 0.3 0.3F 0.3 APm = areq Under PR curve R mean 48.5 75.2 37.0 64.1 78.5 144 28.2 31.7 18.8 37.1 37.5
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® Start with a model M, atf scale s, an inifial pose estimate R # pose hypothesis # scales # models
Importance of
P # scales # 3D Models






