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Object Region Guided 3D Target Detection in RGB-D Scenes
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1 School of Information Science and Technology, Hangzhou Normal University, Hangzhou 311121, China
2 School of Computer Science and Technology,Zhejiang Sci-Tech University, Hangzhou 310018, China

3 School of Natural Sciences,King”’s College London,London N1C4BQ

4 School of Information Science and Technology,Zhejiang Shuren University, Hangzhou 310015, China

Abstract 3D object detection for RGB-D scenes is an important issue in the literature of computer graphics and 3d vision. To
overcome the poor adaptability to complex background of RGB-D scenes and it is hard to effectively combine the object region in-
formation and intrinsic feature of sampling points,a novel object region guided 3d detection framework is proposed, which can
combine the global and local features of sampling points and also eliminate the background interference. Our framework takes the
RGB-D data of 3Dscenes as input. First, the 2D regions of different objects in the underlying RGB image are be extracted and
roughly be classified. These 2D boundary boxes of different objects can thus be lifted to their corresponding 3D oblique cone re-
gions,and the RGB-D data located in the cone regions can also be converted to point cloud data. Furthermore.guided by the object
region information,its feature of the sampling points located in each oblique cone can be extracted,and the global and local fea-
tures of the sampling points are effectively fused by feature transformation and maximum pool aggregation operation. Moreover,
these fused feature can be adopted to predict the probability score which reflect its correlation between each sampling point loca-
ted in the foreground or background regions. According to this probability score, the sampling points of foreground and back-
ground regions can be segmented and the masked point cloud is thus generated by dividing the background sampling points from
the underlying 3D scenes. Finally.the center point of the object is generated by voting in the shielded point cloud,and suggestions
and 3D target prediction are made with the aid of object area information. In addition,a corner loss is added to optimize the accu-
racy of the bounding box. Using the public SUN RGB-D dataset,experimental results show that our proposed framework is effec-

tively on 3D object detection. The accuracy rate of point cloud target detection under the same evaluation index reaches 59. 1% if
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compared with the traditional method,and the boundary boxes of 3d objects can also be accurately estimated for different areas

even with strong occlusion or sparse sampling points.
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Fig. 6 Target detection results of the proposed method
&1 6 Ca) Sy fop A 0 119 AN [) 37 5 &1 6 (b) Sy AN 6] 37 St i X i
13 B TR EE T L T 6 Co) R 6 (D) 43 50 Sk T AR 30 0y i A5 51 i
H A R 00 25 2 9 43 50 LS ) A S8R RO I, R ] L

A 4 1K B8O [ 37 57 BOBR A AR a3 A 2 L L W A G
PR B ROR S BRE (H S AR STk #E AT 3D B AR R AT
SR BEAGIN A5 2 & py R M BOR . B, B 6 5B — 4T 5 s b i
S AL B A AR B0 Y Sk W B S T L (5L AR ST AT
AL DI e R Y 3D 1 FE 1B 6 BB AT m b A A
MR LA K B 6 55 =47 3 5 i dc 26 30 10 IR SRk AR R 407 R AW 2
N T aEE B A —A D AR SR AR SO A7 R ORI
FAE . BEAh, B 6 55 = AT 5 TR LR R s b Sk i B AL
A7 5 RGBSR AE AR 7 SC T I A I A5 3 1% A LR AR o aT
DL W 7 2 37 5 iy 7 AR Sk R 000 4 | Y s L B
HE R BT ARSI A AT 3D B Ar kil Y e vk A ot .
5.3 FAEMEHMMETR

AR SCTT IR AE B RS I 3 B CRE 502 A A 1R ISR i A K
IR ERASERTF T NG A ST T 20—
YEo N THEATIHRIAE SC 8, AR SCER T 45 H — A A0 BB de 2
5% 3D H b A I AR 89 82 L IR R ToU BB R 0. 7 i
i) 3D H Fr i FLHE B9 K I AE 51 2 (Average Precision, AP) S i}
LR LTS o RO R R 1 R A B R
XoF G ARHAE A 22 T) AT AE ARL 0 A bR 20 A1 TS AR o2 4R 4l B
BRI SR AR B A AT A bR . SR 1 R LU R
A B A 0 A 4 X B 2 H b ke DU 45 SR LR A,
WAk 5B T-Net PZ8 05X 58z 5 X5 G b Xk 5% 78 g W 3%
Ei T NE R A TN iz

F 2 PV T AT AN R R P X fe ¢ H AR A 445 25 o
BR 9 A S, LTS A B R T ToU B 0. 25 I 3D H A5
1 FHE 18 S 2 K6 D0 E 5 B (Mean Average Precision, mAP)
NF 2 ] LLE Y, B bR DU A S 3056 34T 1T 5 B 4
BB IR RO I R B SRR BT A B AT B AR A I Y &%
o [FIRE, 8= 4 FIRIHAR B X d5 2810 B Fr R il 2508 19 52 i
R 5 AR AT 5 40 FUAR L, 2ERHHE AR A iR AR = 43 )
A f 2 G DN 45 SR 1) SF- B M A B R T T 10,324

F 2 MY E b I 45 R 5

Table 2 Influence of each module on target detection results
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Table 3 Object detection results on SUN RGB-D dataset
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Table 4 Efficiency statistics of different methods
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