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Robot Dynamic Object Positioning and Grasping Method based on Two Stages
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'College of Information and Control Engineering, Xi’an University of Architecture and Technology,
Xi’an 710055, Shaanxi, China;

*College of Automation Science and Engineering, Xi’an Jiaotong University, Xi’an 710049, Shaanxi, China

Abstract A two-stage dynamic multi-object positioning and grasping method is proposed to solve the problem of fast and
accurate grasping of various types of dynamic objects on a factory assembly line. In the first stage, the proposed multiscale
context-aware single-branch fusion semantic segmentation network is used to obtain the mask area of the target object:
first, the feature extraction network adopts a single-branch structure, which reduces the number of network parameters
while ensuring the extraction of rich spatial information and high-level semantic information; subsequently, the feature
fusion network improves the expression ability of spatial data and semantic information through the bilateral guided feature
fusion module; finally, the feature enhancement network is designed, and the feature assisted convergence module is
embedded in the shallow and deep networks to accelerate the convergence speed of the network. In the second stage, a
quick pose estimation strategy based on contour point detection is applied to predict the optimum posture of the grasping
point in the mask region. The test results on the self-built dataset and the pipeline platform grab experiments demonstrate
that the proposed method can detect and predict the position and posture of the object grab points in real time and
accurately complete the object grab. Furthermore, its segmentation accuracy, prediction time, and grab success rate are
better than the comparison method.

Key words machine vision; robot grab; two-stage positioning and grabbing algorithm; multi-scale context perception;

feature enhancement; pose estimation
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Table 1  First seven-layer convolution structure of improved VGG

Network Input Kernel Output
size

64 X 640X 640
64 X 640X 640
64X320X320
128X320X 320
128X320X 320
128 X160X160
128 X160 160
128X160X160
128160 X160

128 X80 80

size
3X3
3X3
2X2
3X3
3X3
2X2
3X3
3X3
3X3
2X2

size

3X 640X 640
64X 640X 640

MaxPooling 64X 640X 640
Conv3+BN-+ReLU 64X320X320
Convd+BN-+RelLU 128X 320X 320
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layer
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MaxPooling

Multi-scale context-aware single-channel fusion network structure
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Figure 3 Context embedding layer structure
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Table 2 Comparison of model parameters, model prediction

time, and segmentation accuracy
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Table 3 Accuracy and prediction speed comparison of multi-

scale perception layers

Average running

Method mloU /% . .
time of test image /s
Proposed method (one
91.5 0.32
MSPL )
Proposed method (two
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Proposed method ( four
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Fig. 6 Experimental results of object pose estimation. (a) Original images; (b) pose estimation result images
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Table 4 Pose data table of item grabbing point

) Posture o
Thing - —  Predict time /s
Coordinate ~ Angle /(°)
(545,433) 120. 23
Gel pen 0.015
(526,517) 58.34
) (422,485) 124.55
Paper knife 0.014
(463,491) —29.07
(368,432) 128. 56
Remote control 0.015
(538,331) 31.20
. (407,420) 122.96
Scissors 0.016
(544,399) —34.17
(544,379) 127.37
Screw 0.014
(654,522) 59. 88
(695,217) 82.24
Nut 0.016
(537,318) 84.25
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Fig.7 Pipeline experiment platform
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Table 5 First group of grasping test results

Thing Num?er of Number of Success
experiments successful crawls  rate /%
Remote control 30 29 96.7
Paper knife 30 27 90
Scissors 30 28 93.3
Screw 30 24 80
Nut 30 26 86.7
Gel pen 30 28 93.3
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Table 6 Second group of grasping test results

Thing Numper of Number of Success
experiments successful crawls  rate /%
Remote control 30 29 96.7
Paper knife 30 28 93.3
Scissors 30 28 93.3
Screw 30 26 86.7
Nut 30 26 86.7
Gel pen 30 28 93.3
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Fig. 8 Robot object grabbing diagrams. (a) Overall pictures; (b) partial pictures
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Table 7 Third group of grasping test results

Thing Numl.oer of Number of Success
experiments successful crawls — rate /%
Remote control 30 30 100
Paper knife 30 28 93.3
Scissors 30 28 93.3
Screw 30 28 93.3
Nut 30 28 96.7
Gel pen 30 29 96.7
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