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Detection method of robot optimal grasp posture based on deep learning
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Abstract: The service robot is faced with unstructured scene in the task of grasp. Because of the irregular placement and shape of the
objects, it is difficult to accurately calculate the robot’s grasp posture. Aiming at this problem, a robot optimal grasp posture detection
algorithm with dual network architecture is proposed. Firstly, the YOLO V3 target detection model is improved, which improves the
detection speed of the model and the recognition performance of small target objects. Secondly, convolutional neural network is used to
design multi-target grasp detection network, which generates the robot grasp area in the image. In order to calculate the optimal grasp
posture of the robot, the IOU area evaluation algorithm is established, which screens out the optimal grasp area of the target object. The
experiment results show that the target detection accuracy of improved YOLO V3 reaches 91% , and the detection accuracy of the multi-
target grasp reaches 86% , the detection accuracy of the robot optimal grasp posture reaches above 90%. In summary, the proposed
method can efficiently and accurately calculate the optimal grasp area of the target object to meet the requirements of the grasp task.
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Fig.1 General framework of robot grasping method
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Fig.2 The network structure of YOLO V3
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Fig.3 Network framework of multi-target grasp detection
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G POKEEE) /% Rigu/%  #BE/(fes7")
YOLO V3( Darknet-53) 90. 8 0.74 11
Ours( Darknet-43) 91.0 0.75 15
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IEAEA, L TR HLER AP T, IZRHT, B cornell $1T
BB A ) MG BE ML 43, DI 2B B0 E 4 | DU 4 Lh 461
5110,

SR R LR 2t 1 Ay D) 4805 B DA ) 7 %
I 5 HAIBUG LA EXT He . HETE B & R R TE 3t
ATPEHT, 2R R s 2 LA A, AU JE vl
PR, 5%, BUAE A9 9ICRCAA B 5 FUE AR 25 1) AR B
HHZ2/NT 300 Hk , BN AY Jaccard AR ECK T 25%
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(G6,NG,)

J(GP,GL):W (8)

A G, AR X 6, Sy EAE A B IE X



55 5 3] ERHE G IET R LS N PEATUBCE SR T i 115

S, YNSRI TE ¢ B 2 nvidia TitanX, YIZR S50
TR : batch_size= 128 ,Ir=0.000 1, FIWEZH M 0. 1,48
A% 20 000, S %R 100 000,

HEAS SO AR ASE Y 5 A TR, 00 A58 80 A7 LE 4R,
£ Cornell UK 5 b 5 ELSL Wy Bl I7 St rb Bk e 10 FoR
[Fi) A f18y ) A o) A5 28 3000 3, e T ) S A7 2 2 T AT
1050ti-gpu FLfiRi, 7E Cornell JINHUEE 4 5 E S Y B I7 5
HMEE SR AR 4 PR

R4 PB4 3f b SE38

Table 4 Comparison experiment of grasp detection networks

) Cornell data NERIR7/5
sk WHE/s  WERRR % WHEs ERRR/%
SCHR[ 18] 74k 0. 89 74 0. 90 71
SCHR[ 6] 71k 0.33 91 0.35 87
ARSI 0. 16 89 0.17 86
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(a) Grasp detection result
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Fig.9 Multi-target grasp detection
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(b) Grasp detection result
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Fig.10  Grasp experiment platform
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Table 5 Optimal grasp posture detection and grasp

experiment results

ik Hirkr e J0R JOROR e
ME /% WE TIE/% /s
i 20/20 100 19/20 95 0.24
TAE 20/20 100 20/20 100 0.24
Bk 20/20 100 17/20 85 0.25

R+ 4 19/20 95 18/20 90 0.27
T REAERAN 20/20 100 17/20 85 0.26
T+ BRAA 19/20 95 16/20 80 0.27
T +BkA+EE 18720 90 15/20 75 0.28
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