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Two-stage grasping detection for robots based on RGB images

XIONG Junlin, ZHAO Duo
(Department of Automation , University of Science and Technology of China » Hefei 230027 ,China)

Abstract: Recently, robots have played big roles in more and more cases. An accurate grasp detection is a
key component of a robot working process. An end-to-end method for robotic grasp detection in an RGB
image containing objects is proposed in such a case, which takes the whole picture as input and gives the
prediction result directly without using traditional sliding windows or region extraction. Obviously.
different grasp points lead to different grasp orientations. The grasp detection method takes two steps.
First, a convolutional neural network is trained to predict the positions of grasp points. Next, a square
area with the preceding grasp point as the center is taken from the image, where the edges are extracted
using the Canny edge detection and the lines are detected using Hough Transform. A principal-
directiondetection algorithm is proposed to analyze these lines and detect grasp orientations and the
distance between two parallel fingers. The method gives a better grasp detection and has an influence on
computer vision using both deep learning and traditional algorithms.
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Fig. 1 Rectangle for grasping
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Fig. 4 Error changes of training and test sets in the process of network training
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Tab. 1 Main orientation detection result for Fig, 4

X[ n Loax (P2 d e (P Sc X [ n Lo (P2) dse (p) Sc
[0°,10°) 4 46. 39 20. 73 8.95 [55°,65%) 1 19. 41 58.12 0.33
[5°.15% 4 46.39 20. 73 8.95 [60°,70°) 2 25. 63 41,04 1. 24
[10°,20%) 1 18.03 12.18 1.48 [65.,757) 3 25. 63 38. 67 1. 99
[15°,25%) 3 24.70 13. 35 5.55 [70°,80°) 1 18.03 33.92 0.53
[20°,30%) 5 38.95 16. 17 12.05 [75°,85%) 2 19.10 51. 47 0.74
[25°,35%) 5 38.95 14. 08 13.83 [80°,90° 2 19. 10 51. 47 0.74
[30°,40%) 5 40. 61 7.33 27.68 [95.,105.) 1 17. 46 83.51 0.21
[35°,45.) 3 40. 61 6. 41 19. 01 [100°,110%) 1 17. 46 83.51 0.21
[50°,60°) 1 19. 41 58.12 0. 33

FNPRATE B R IR IR REXS  fEE I RAMERCR O 95, 400 IE# 73 JEHY AT T/
PR AT 7RI, SR M E s TA AR BRI ER 2 /T 57, n] LA 2 IUBCA B2 300 9 75
JATRZE 20, 4. PR BEF B 10°— 3800 SRL ARSI T IO A I (9 45 R e 2 Al
18 28, B A 2 W28 1 43 IE AR AL Ty 66. 700, A 3 . f R B vl i, 56 T 325 [ B2 ) 4T
SCAY A BE SR BURE A o AR — Ao S, JIUBC A BEARIN SA A 3 S i 3R .

F2 EToEMNMENAERNEXER *3 ETRAMIMEAERNEXEE
Tab. 2 Accuracy for grasping angle detection Tab.3 Accuracy for grasping angle detection
based on classification based on regression
ERCS SHUERR A iR
3 R 63.6% 3 Rk 31.7°
3RET2 BasE 51.7% 3EREM2 BaEE 29. 5°
Bt AlexNet 66.7% 2t AlexNet 21. 4°
AT FE Ty R 95. 4% 1 RS AlexNet R — N EHZ S AlexNet [, 5

4 JZ IR R .
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Fig. 5 Grasping detection result presentation
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Tab.4 Accuracy for grasping detection

(=4 NS MRS
BEHL 6.7%

Y. Jiang™" P R 60.5%
Tan Lenz ' PR B 0 2% 73.9%
Wang!H* P B+ 3P 2R 85. 3%
Redmon'* E 23 Rl 88. 0%
A AlexNet+F 2R 87.2%
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