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Real Time Detection Method of Mobile Phone Lens Defects Based on
YOLOV2 Network Model
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(1.College of Computer and Information, China Three Gorges University, Yichang 443002, China
2.College of Science, China Three Gorges University, Yichang 443002, China)

Abstract: For the defect detection of mobile phone lens, the manual visual method has the advantages of low efficiency, high
false detection rate and easy to be affected by subjectivity; and the existing machine vision methods have the problems of high cost
and static pictures. A real time detection method of mobile phone lens defects based on YOLOV2 network model is proposed. Firstly,
the samples of mobile phone lens defect detection data set are normalized. Then, the training parameters of the network model are
adjusted, and the data set is sent to the YOLOV2 network model for iterative training. The performance curve of the training process is
analyzed, and the optimal weight is obtained. Finally, the verification set samples are tested and analyzed. The experimental results
show that the real-time detection speed of this method can reach 14 frames/s; the defect location accuracy is high, and the detection
accuracy is 96.13%. It can meet the needs of real-time detection of mobile phone lens defects under low-cost conditions.

Key words: YOLOv2; mobile phone lens detection; machine vision; normalized processing
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Ship Track Following Control System Based on Improved DDPG Algorithm
Yu Fan Jiang Xiaoming Zhang Hao Cao Lichao Zhou Yong Liu Xiaoguang
(Institute of Intelligent Manufacturing, GDAS, Guangzhou 510070, China)

Abstract: Since the ship is disturbed by uncertain factors such as wind, wave and current, the traditional ship track control
method is difficult to accurately model in the uncertain environment and the control system is in the condition of multi input and multi
output, which leads to the ship easy to deviate from the preset track and affects the safety of ship driving. In order to reduce ship yaw
and realize accurate control of ship track, depth deterministic strategy gradient (DDPG) algorithm is introduced into the control system.
Firstly, the kinematics of ship is analyzed, the basic principle of DDPG algorithm is introduced in detail, and the algorithm is improved.
Then, the ship track following control system is built in Matlab/Simulink and the simulation experiment is carried out. The experimental
results show that the system has good stability, can respond quickly to external interference, and has a certain reference value for ship
track control.

Key words: DDPG algorithm; track following; ship control system
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