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Table 1 Experimental result each network model

Faster R-CNN

o 245 A5 A mAP  H P HERRR ] /ms BEHIC/N/MB

Faster R-CNN 0. 74 45. 69 315.3
SSD 0. 62 27.74 95.7
YOLOv3-SPP 0. 63 17. 49 326.6
YOLOv5s 0.73 7.72 13.7
A AR 0. 74 6.85 4.4
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Lightweight Surface Defect Detection Method of Metal Products Based on YOLOVSs
JIA Yunfei, ZHENG Hongmu, LIU Shanliang

(School of Electronic Information and Automation, Civil Aviation University of China, Tianjin 300300, China)

Abstract; In order to reduce the intelligent cost in the enterprise, the hardware equipment with low cost and low
computing power was used to detect the defects of products through the object detection algorithm model in deep
learning. Based on the YOLOvS5s network in target detection, this study adopts the idea of structure cutting,
sparsely training the network based on the BN layer, and cuting the sparsely trained model corresponding to the lay-
er with small weight value, so as to reduce the number of calculation parameters and the size of model file and to a-
chieve the effect of lightweight. Finally, the trained pruning model was hierarchically fused using NVIDIA's accel-
erated framework TensorRT to realize the reasoning acceleration effect. The experimental results showed that the
weight file size of this model was reduced by about 70% compared with the original YOLOvS5s model, and the detec-
tion accuracy on the public dataset NEU-DET reached 74.2%. In the high-performance experimental platform built
in this study, the single graph inference speed was improved by 11.3% compared with the original model, and the
network had no accuracy loss. In the low-performance experimental platform compared with the original network
model, the inference speed of this model increased by 165%, which was more significantly improved than the re-
sults in the high-performance experimental platform, indicating that this model perform well in low computing power
hardware devices. Then the model was tested by using the open top view data set of submersible pump impeller. At
last, the inference acceleration framework TensorRT is used to accelerate the model in this study, and the inference
time of single figure 5. 8 ms can be achieved on the high-performance experimental platform. The experimental re-
sults showed that the inference speed of this model could be greatly improved on low computing power hardware e-
quipment, which could help enterprises reduce their budget.

Keywords: surface defect; object detection; light weight; YOLOvSs; tensorRT
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Inverse Kinematic Parameters Calibration of 3-RPS Parallel Robot
Based on Modified Differential Evolution
PENG Jinzhu, ZHANG Jianxin, ZENG Qingshan
(School of Electrical Engineering, Zhengzhou University, Zhengzhou 450001, China)

Abstract: Due to the complex structure of parallel robot, the joint torque solved by the design parameters can-
not drive the parallel robot to achieve the ideal position and pose. However, the pose accuracy of parallel robot
directly affects the work quality. To improve the model accuracy of the parallel robot, the kinematic error mod-
el was established for the designed 3-RPS parallel robot. In addition, on the basis of the traditional differential
evolution (DE) , a competitive multi-mutation differential evolution ( CMDE) algorithm was proposed to cali-
brate the model parameters. In this algorithm, two populations were designed for the local exploitation and
global exploration, where each population contained three mutation strategies. Moreover, a competitive system
was developed in each population to select the better strategy in the calibration process, which could obtain the
best optimal parameters. The kinematic parameters by calibration were used to modify the inverse kinematics
model, and the accuracy of the modified model was verified by Adams software. The simulation results show
that the proposed CMDE could achieve 50% faster convergence speed and smaller final convergence value in
comparison to DE method. Also, compared with PSO and DE algorithms, the proposed CMDE had the strongest
anti-interference ability in the evolution process. Moreover, compared with calibration before, the improvements
of 3-RPS parallel robot with three degrees of freedom were 73. 5%, 88. 7% and 95.2% , respectively.

Keywords: parallel robot; CMDE ; parameter calibration; inverse kinematics



