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Fast 3D Object Detection with RGB-D Images Using Graph Convolutional Network
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Fig. 1 Network Architecture of the Proposed Model

Input: Color, Depth Image, and Intrinsic ParameterOutput: 3D Bounding Boxes and Classification



@ 3D Point
@ Anchor
Bounding Box

ltems:
Voctor (dx, dy, dr)
Bax Size(width, height, depthy

Fig. 4 Ground Truth and Model Output of Successful Scene
Right: Ground Truth, Left: Model Output
DIERESR 7 T ANFERREE | DOT VY VTKEMNT 5 Z
LT, 7T AR SEEARE 2 RIRFICH )5 2 L ANATRE
B FETHD. Fig.2 X5, MEET LT, HAOD
B 3 WICIERE DR, EHRND N T 4 IRy 7 ADHE
RETORY MU (dx,dy,dz), NTUT 4 TRy 7 ADK
X X (width, height, depth), /ST VT 4 VTR v 7 ADHE (g,
v), WX MVOEREE, 7 7 A5EERENIT5. W
T A X%, Ny FHA AX3WILRED IO+ T A& 73
L. BEBINS, INEDONT T4 TRy 7 AERE 7 T
AGBEEBRB 1 DOT Y LE LTEEDTHIENDG. &
DD, NULT 4 TRy 7 ADNEREL 7 7 A%
B & ATAT DA L AT, BT MTKRE A3 72 < a3
7 M7 50T, mELWEREN TR E D,
Uboxy b U—r#ECL0, BETT TN T —EIHR
EREBGID 3 RTINS T 4 TRy 7 AT 5.
2.2 2E LR
#%& 5 /LTI, Backbone Network (Z V2% VGG =
ResNet %, ImageNet[16]IZ X » CHAIFEEITo72b D% A
W5, ZHUTKY, BB CEANCREO H D EE B DR
AR SNTRAET 3 IRTR DHEEZAT O Z &N TE D,
R T T L O XL Unified Detection TH 5728, 74
ZBEE S YOLO ICHE L b2 F I WD, ZDfRZE
B, NUT o TRy 7 AOFGEREAED D N2 b
JL @ MSE (Mean Squared Error), N VT 4V IRy 7 AD
KEESODMSE, XU T 4 IRy 7 AD[EEAED MSE
~ 7 )V OfF EE O BCE (Binary Cross Entropy) i3 2 DA T
KIhd. BEMBIIRO)OL I ITRD.
Loss =
App{MSE((dx,dy,dz) o, (dx,dy,d2)¢q,)
+ MSE(Gp'lp)out'((p'lp)tar)
+ BCE(c0s6,,,;,c0s6,4,)
+ BCE(cls e ClSiar)}
+ Anobb {B CE(Coseout' COS@mT)}

1)

Volume of Overlap @

3DloU =

=

Fig. 3 Description of 3D IoU

Volume of Union

Fig. 5 Ground Truth and Model Output of Failure Scene
Right: Ground Truth, Left: Model Output
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Table 1 3D IoU Score by Backbone
Backbone name Mean 3D loU
VGG16 0.586
ResNet18 0.603
ResNet34 0.627
ResNet50 0.606
ResNet101 0.610
ResNet152 0.581
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Table 2 The Results of Speed Test

Backbone Speed [fps] Standard

name max | min | mean | median | deviation
VGG16 916 | 46 | 79.4 86.7 13.6
ResNet18 69.5 4.6 60.1 64.7 9.7
ResNet34 | 60.7 | 4.6 | 53.0 56.4 7.6
ResNet50 219 | 40 | 206 211 1.5
ResNet101 | 19.0 2.7 17.9 18.1 1.3
ResNet152 | 16.8 4.0 16.1 16.3 1.0
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Table 3 Results of Experiment 3
Dataset Name Mean 3D loU
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