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Densely occluded grasping objects detection based on RGB-D fusion

LI Ming'?, LU Peng%, ZHU Long'?, ZHU Mei-giang"*!, ZOU Liang"*

(1. Engineering Research Center of Intelligent Control for Underground Space Ministry of Education, Xuzhou 221116,
China; 2. School of Information and Control Engineering, China University of Mining and Technology, Xuzhou 221116,
China)

Abstract: Current grasp detection algorithms suffer from the poor accuracy and time-consuming or expensive data
annotation in densely occluded scenes. To address this concern, a step-by-step improved solution for object detection and
grasp detection based on RGB-D fusion is proposed. The grasp detection model trained on single-object can be directly
applied to densely occluded multi-object scenes. Firstly, considering the multi-scale characteristics of objects in densely
occluded scenes, the sub-stage and path aggregation (SPA) multi-scale feature fusion module is proposed to enrich the
high dimensional feature characterization of middle fusion detector SPA-YOLO-Fusion, so as to locate all objects. Then
the GR-ConvNet equipped with RGB-D pixel-level fusion outputs the optimal grasp points of all detected objects. At
the same time, the background padding preprocessing algorithm is proposed to reduce the interference of other objects in
the GR-ConvNet. The mAP of SPA-YOLO-Fusion is 10 % and 7 % higher than that of YOLOv3-tiny and YOLOv4-tiny
on the LineMOD dataset, respectively. The grasp detection accuracy of the GR-ConvNet equipped with the padding
algorithm is improved by 23 % compared with the original model on the YODO_Grasp dataset, which is collected from
the actual scene.

Keywords: RGB-D fusion; densely occluded detection; multi-scale detection; grasp detection; manipulator; deep

learning
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2.2 EBEENIA R B RN IR

AT B RRAS AR 2 35 4 FH 58 45 2% B
HOR FRARBLIY 1) 43 KR 22, 18 FH GIOU™ 451 2% R ik
B e AR 2R PR 7 K, A5 FH R HE L o) 4 B 2 R o
S AT AL BT B 3], DURR i AL 1 5 3] A
RAENG Ll R AR 6 f g B
ANIE] R AR, RT3 10 A (31, 48], [36, 701, [46, 551,
[53, 821, [71,95], [83, 132].

AR 6 Bt B N Intel Xeon(R) Bronze
3106 CPU@1.70 Hz x16 41 3%, 64 GB I /7 /11 12 GB
GeForce RTX 2080Ti GPU, {E Ubuntu 18.04 ¥35 T fif
FH PyTorch A4) g ar A5 7Y, 1 3E A7 455 28 F I 25 DA B 4
HEL BT R 2 08 I 2R 1024 31 58 10.001, K
FHBEAUER B T B30 47 5 31 R 1 8 %, H momentum
ZH0N 0.937; BUE ZE IR I 2 31 E 09 0.000 484, A
Y53 72 1) epoch 24 100, VIl 25 B 8] 2K 249 24 200 min.
EDAR A, B AE AN 0.5, L IRE M 0.6. 4
TR TR 1R I £ 3 R AR, £ 3 BN B (1)
lifelong® a4 b EAT LAY T 25

A E bR AT 55 o R T 38 R R
(average precision, AP) FI$4{H “F- 224 £ (mean average
precision, mAP) {E A PEAN 8 5. P 35K BE 2R 7 ks A5
TS 3 — WA IR~ SRS UDKS B2, T 38~ 350 K
A an AR 6T B A P A P~ S A D
2.2.1 LineMOD#¥E&

LineMOD7 £ #4f5 £ 2 W 5 H br U 5 UHCH
F R, B HE 13 28944, 3£ 13 000 2 5K E14, 1H
HHn 4 0 B vk AR P RbRiE B MR, R T A
£ R AR I ROR, A ST HUE L) 10 28

AR, 3£ 5000 4% 7k B 34T S 5600 L. {3 A LableImg
BN 10 AR AT bR, 5 BN K A 2118 80101
[ EAg K 2 U 2546 XA R e e £, R Il 2 A2 3t
4000 7K EIZ, MR FNIEIE £ 7331 /2 500 5K 4.
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e FRTAS WUDRS B2, 9L 50 77 Sk 80 K 1) 4 34 45 #6; YOLOX-
tiny /&2 YOLOX-s [ %2 & J iU A, 15 YOLOX-s #H LU A
U3 P P 42 v, (RS IUAS FEE AT 17 KO 2 P B A1, 12
Yr B . X T4 RGB B4 M1 Depth B4 /il 1A
T PX 285, L 2 RS R PRSI D 28 5 e it 22 i P A Y
HOA B R BB IR BT, T L L R R 1 M R R RE
W5 7IN: SPA-YOLO A EE T~ 250 22 Hif () YOLOV3-tiny
T N ) 5%, 0 A DN S A N T K R LR, AR
MRS REA T 4% BV RESE T, JUHR I N 7 XNy A
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D il & Y SPA-YOLO-Fusion 5 YOLOV3-tiny A tt, 45
1.3 ms [ B A () R FE, (ELZAG I 4 BE 20 T 32 5 4 %o,
W] T RGB-D B4l & H0E 55 SPA BRI A 2.
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N T MRAAE SR 37 st AR R 1) 1 e, A SE B 3 53¢
SRR AR E R L RST TR % 53 16 6 KR AE 9
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F AR P e a2 2 Firs. 7T WL YOLOv4-
tiny 55 YOLOv3-tiny [ I3 JiZ R 4% 31, /2 YOLOv3
~tiny P94 URG 5 B . DR Uk, AR SCHE YOLOV3-tiny 15
RIELRE B3R H T SPA-YOLO-Fusion, iZA& 7 B AR 84 i1

=1 LineMOD#M#EEXFEE
allErei] ape  benchvise cam can  cat driller duck eggbox glue holepuncher mAP  HEFEEEE /ms
MobileNet!?*! 0.75 0.1 031 048 067 0.1 082 061 026 0.66 0.47 32
YOLOX-tiny**  0.91 0.69 071 090 080 032 091 044 027 0.91 0.69 6.9
YOLOX-s!2 091 0.90 099 091 091 091 091 090 0.90 091 0.92 73
YOLOv4-tiny®  0.83 0.79 092 090 085 063 088 080 067 0.83 0.81 3.7
YOLOv3-tiny!™®!  0.85 0.82 093 092 08 067 090 082 067 0.87 0.83 35
YOLO-Fusion 0.94 0.69 077 088 092 072 093 088 0.85 0.91 0.85 47
SPA-YOLO-Fusion ~ 0.95 0.80 090 094 093 084 097 096 091 0.93 091 4.8
%2 YODO_Det#&M#E R L
o AR can duck eraser eye-drops glasses-box glue mAP HEHEHSE /ms
MobileNet 0.36 0.82 0.90 0.56 0.63 0.45 0.62 3.0
YOLOX-s 0.96 0.99 0.99 0.91 0.90 0.99 0.96 7.1
YOLOV3-tiny 0.34 0.78 0.77 0.56 0.92 0.64 0.67 34
YOLOVv4-tiny 0.35 0.66 0.59 0.50 0.90 0.55 0.59 35
SPA-YOLO-Fusion 0.87 0.99 0.99 0.88 0.99 0.99 0.95 4.6
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