®13% EUH 2 B8 it E M5 M A
Vol.13 No.11

2023 &£ 11 A

Intelligent Computer and Applications Nov. 2023

X EHS . 2095-2163(2023)11-0077-05 FE KRS TP242.6 XEkFRER: A

R EA R FEIRANDIENHE Y EINER R g

HiBMR', @i, Fmg'”
(1 RRECAS HLEB T2, SR &0A 471023; 2 TRREAY THANBASSHAGEARIRE, 76 % 471023)

& E: b THRETFHRUUN A TSR LA U OB R b ] T TR e 45 1), SE B HILARUES (9 R 06 42 ), F R 2k IR
TG F SRR . AR SOR TR BE 2% ) B4 YOLOv4 SRR THF5E . 4% YOLOv4 FAIAE7E 14 N 2 — |, G
A ) TP A rh Je 35 07 ) 1 [R5, X YOLOv4 303k Ay BT R 47 Bl itk fF 3 AN HRAEJZ i fi Hh (32,24,75) ,(16,12,75)
(8,6,75) ¥4 /n%1(32,24,87) ,(16,12,87) ,(8,6,87) B 2 NFHREAE L (v,y) BHIL BT 2 NFHRBEAMALE
T BT TSk 1), S B HTCRG AR s okl T TR 38 1, DT S BRI (9 R TG ¥ ik, SEU 3R M, Sl a3 ek YOLOv4 &
1A DL S B S A T A R (R B R 0 A R WU 1) 3R 3% s

KR FHIRB; WA ; YOLOv4

Cooperative robot arm object grab system of depth visual gesture recognition
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Abstract; In order to improve the accuracy of gesture recognition and control the grasping direction of the gripper during the
grasping process of the manipulator, a gesture recognition module based on depth vision is developed to realize the flexible control of
the manipulator.In this paper, the deep learning model YOLOv4 is used to study gesture recognition. In view of the problem that the
YOLOvV4 model has a single output content and can‘t control the clamping direction in the process of grasping, the YOLOv4
algorithm model is improved by increasing the outputs of three feature layers (32,24,75), (16,12,75) and (8,6,75) to (32,24,
87) ,(16,12,87)and (8,6,87). The horizontal direction of the gesture is judged by the position information of the two key points
of the gesture, and the orientation of the gripper is controlled in the grabbing process, so as to realize the flexible control of the
manipulator. Experiments show that the improved YOLOv4 algorithm can realize the accurate recognition of real —time gesture
images and the flexible control of the manipulator.
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Fig. 1 Overall scheme design of the system
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Fig. 2 YOLOV4 network structure diagram
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Fig. 3 Gesture key points
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Fig. 5 Steps of mechanical arm grabbing object system
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Fig. 4 Gesture detection results
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Tab. 2 Instructions gesture correspond to gestures in instruction
mode
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Fig. 7 Command control experiment result chart
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Fig. 8 Experiment result diagram of in follow—up mode
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Tab. 3 Instructions corresponding to gestures in follow—up mode
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