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@ Deep ConvNets have revolutionized 2D object detection

o RCNN, Fast RCNN, Faster RCNN are three iterations of the most
successful state of the art object detectors

@ More research focus on 3D object detection
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@ SUN RGB-D: A RGB-D Scene Understanding Benchmark

@ NYU Depth Dataset
o Evaluation:

o Average Precision (AP) per class
e mean Average Precision

Shuran Song , Jianxiong Xiaor Deep Sliding Shapes for Amodal 3D Object C



ject Detection

@ 3D formulation to learn object proposals and classifiers using 3D
convolutional neural networks (ConvNets)
o Challenges:

o Need to come up with a way to encode 3D representation
o 3D volumetric representation requires more memory and computation
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Encoding 3D Representation

@ Encode the geometric shapes in 3D while preserving spatial locality

o Using directional Truncated Signed Distance Function (TSDF)
e The resolution is 208x208x100 for the Region Proposal Network, and
30x30x30 for the Object Recognition Network

TSDF for a scene used in Region Proposal Network TSDF for six objects used in the Ob]ec[ Recognl[mn Network
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Multi-scale 3D Region Proposal Network

@ Extra dimension, increases the possible location for an object by 30
times (45 thousand windows per image in 2D vs 1.4 million in 3D)

@ Variation in pixel areas of similar objects with different 3D physical

sizes, e.g. bed and a chair
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Anchor Types

Level 1
0.5x0.5x0.2: 1
0.55x0.55x0.65: 1 1.25x1.25=0.75: 1 0.6x06x1: 1 0.7x0.3x1.1: 2
0.3x0.3%0.5: 1
06x02x04:2 1.6x0.8x0.75: 2 1.2x0.5%0.8: 2 2x1,5x%1: 2 0.95%x0.95x0.9: 1 0.5x025%0.7: 2
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3D Amodal Region Proposal Network
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Space size: 5.2x5.2x2.5 m?

Level 1 object proposal
Receptive field: 0.025° m?

Level 2 object proposal
Receptive field: 0.4° m?

Receptive field: 1.03 m?
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RPN Multi-task Loss

L(p, p*,t,t") = Las(p, p*) + Ap* Lreg(t, t¥)

First term is objectness score

Second term is for the box regression

p is the predicted probability of anchor being an object
p* is the ground truth

Lgs is log loss over two categories (object vs non-object)

Lyeg is smooth Lj loss
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3D NMS

@ Adopt 3D Non-Maximum Suppression (NMS) to remove redundant
proposals

@ Thresholding IOU in 3D to pick the top 2000 boxes
o Key factor to speed up the algorithm
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Joint Object Recognition Network

Shuran Song , Jianxiong Xiaor

Conv 2

2D VGG on ImageNet
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Softmax
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sofa mbed © bathtub ®garbage bin = chair © desk m pillow © bookshelf
table m box m monitor © night stand ®door m lamp = sink tollet mtv

2D t-SNE embedding of 5000 foreground volumes using their the last
layer features learned from the 3D ConvNet
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2D Object Detection

@ Project the 3D points inside the proposal box to 2D image plane
@ VGGnet pre-trained on ImageNet to extract color features

@ Region-of-Interest Pooling Layer from Fast RCNN
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ORN Multi-task Loss

L(p, p*,t,t%) = Las(p, p*) + N [p* > 0]Lreg(t, t*)

@ p is the predicted probability over 20 categories (negative non-objects
is labeled as class 0)

Shuran Song , Jianxiong Xiaor Deep Sliding Shapes for Amodal 3D Object C



Results

Input: Color and Depth Level 1 Proposals Level 2 Proposals Final Recognition Result

sofa mbed
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Results Table

w=AT i IET2Efufpe=TaS

2D To 3D 417 535 379 220 269 462 422 118 473 339 418 125 458 207 494 558 541 152 500 |34.4[0.210] 2000
3D Selective Search| 792 80.6 747 660 665 923 809 539 89.1 898 836 458 8§54 759 831 855 809 697 833 74.2[0.409| 2000
RPN Single [ 875 987 701 156 950 1000 93.0 20.6 945 492 49.1 125 1000 342 818 949 933 576 967 |75.2(0.425 2000
RPNMuli  [1000 987 736 426 947 1000 925 21.6 964 780 69.1 375 1000 752 974 97.1 964 66.7 100.0|84.4/0.460| 2000
RPN Multi Color |100.0 98.1 724 426 950 100.0 930 196 964 797 764 375 100.0 790 974 971 954 57.6 100.0 |84.90.461| 2000
All Anchors [ 1000 987 759 504 972 1000 970 451 1000 949 964 833 1000 912 1000 978 969 848 100.0|91.0[0.511[107674
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Table 1. Evaluation for Amodal 3D Object Proposal. [All Anchors] shows the performance upper bound when using all anchors.

poposal | algorithm "E‘Ex“il-—llgm’ﬁ.p!T ia“@:ﬂm}\l’
0.1

3D SS dxdydz no bbreg | 43.3 55.0 16.2 23.1 104 17.1 307 109 354 203 41.2 47.2 252 439 23.0
dxdydz 521 60.5 19.0 309 2_2 154 231 364 197 362 189 525 53.7 327 569 1.9 0.5 03 8.1 274
dxdydznobbreg |51.4 748 7.1 515 155 228 249 114 125 396 154 434 580 407 616 02 00 15 28 [282
dxdydznosize |59.9 789 120 515 156 246 27.7 125 186 423 151 594 596 447 625| 03 00 1.1 129315
dxdydz 59.0 80.7 12.0 593 157 255 286 126 18.6 425 153 595 59.9 453 648| 03 00 14 130323
tsdf dis 612 78.6 103 61.1 2.7 238 21.1 259 121 348 139 495 612 456 70.8( 03 00 0.1 L7 |302

RPN dxdydz+rgb 583 793 9.9 572 83 270 227 48 188 465 144 51.6 56.7 453 651( 02 00 42 09 |30.1

proj dxdydz+img | 58.4 81.4 206 534 1.3 322 365 183 175 408 192 51.0 587 479 714| 05 02 03 18 322
dxdydz+img+hha| 559 83.0 18.8 63.0 17.0 334 43.0 338 16.5 547 226 535 580 497 75026 00 16 62 362
dxdydz+img 62.8 825 20.1 60.1 11.9 292 386 314 237 496 219 585 603 497 76.1| 42 00 05 97 |364

Table 2. Control Experiments on NYUv2 Test Set. Not working: box (too much variance), door (planar), monitor and tv (no depth).
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Results continued

= my . T l_ E Q :
weEgiwmEIIE0 "Nt aFemT ol (|24
3DSS| 788 872 728 722 655 861 T51 650 700 871 675 531 681 828 868 844 B50 692 94.0 |72.0/0.394|2000

RPN | 98.1 99.1 795 515 933 892 949 240 B70 796 620 412 962 779 967 973 967 633 100.0|{88.7/0.485(2000
Table 4. Evaluation for regoin proposal generation on SUN RGB-D test set.

STl IETI 4 TdmPe Ty ..

Sliding Shapes [25] - 4209 - 3342 - - - - 2328 2578 - 6l86 -
Deep Sliding Shapes[44.2 788 11.9 1.5 612 41 205 0 0 6 4 20 4 13 4 D 2 I5.4 133 323 535 503 05 789 269
Table 5. Evaluation for 3D amodal object detection on SUN RGB-D test set.
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Limitations

bookshelf dresser garbage bin sofa lamp

Misses

- g = I f
M 1

(1) chair 2)tv (3) bookshelf (4) sofa (5) bed (6) monitor (7)desk  (8) night stand (9) garbage bin‘ (10) box

False Positives
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@ Great potential of learning 3D shape representation

@ Main contribution : Encoding 3D Representation to preseve most
important features in both 3D and 2D

e Limitations/Future work
o Detection still limited by the two level sizes proposed
o Improving detection of smaller objects

e Improve speed : RPN takes 5.62s and ORN takes 13.93s per image
during testing
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