fie & M & ¥ M

Chinese Journal of Scientific Instrument

38 S5
2017 45 H

Vol. 38 No. 5
May. 2017

T CNN i S EK R Z R R IERERINE E "

IO RAR,RNEHRRF
(b S RFHM S B LB Jbad 100044)
 OE Y SRR RS R E S A YR A R 2R . ARG AT SN, R T R T B
PRZ R4 (CNN) BRFAE PR PR A o BT X HRRAIE T35 3 32 2 12 %) 1) AT, 8 11 7 A 1) 4 32 2 T 45 2 4 5 %o WA Al 2% X1 1 1 ) %
LEFT T B[R], 35 K B BUZ B R AT TUSe I 45 s o By 1k TR 4 i B T S B0 0 BR MR R AR SR I, 32 M AR B 1 5
B PRI SRR o S S A AR 22 M 4%, FE AR IE VA 28 A SR D T AR R AR T S A A R v R Y
Ko SIS TR BRI EUS P 0. 15 s HERI 2N 99.5%
KR TN B E R TSI ZAG TR ; PO RRIE BB v it A i
FE4S%ES: TP391.4 TH701 U215.8 XERFRIREE: A EXREZERSEKRE: 580.30 520.60

Fast feature extraction algorithm for high-speed railway clearance
intruding objects based on CNN

Wang Yang, Yu Zujun, Zhu Ligiang, Guo Baoqing

(School of Mechanical, Electronic and Conirol Engineering, Beijing Jiaotong University, Beijing 100044 , China)

Abstract: The high-speed railway clearance intrusion detection system is used to detect whether there is object intruding the safety
clearance of the high-speed railway. To enhance the reliability of the system, a new CNN based fast feature extraction algorithm is
proposed. Aiming at the problem of slow feature calculation speed, a simplified full connected network structure is proposed, and the
structure of the neural network is simplified to two full connected convolutional layers. To avoid the accuracy decreasing caused by
simplifying network structure, the convolutional kernels of the convolutional layers are pre-trained. Finally, in order to prevent the
symmetric feature extraction caused by full connection, fast feature extraction algorithm with sparse parameters added is proposed, and
the network is trained with sparse coding algorithm. The improved CNN accelerates the calculation speed while ensures the accuracy. At
the same time, the new algorithm satisfies the requirements of real time capability and high accuracy. Experiment result shows that the
speed of processing single image is 0. 15 s and the accuracy is 99.5% .
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Fig.1 Comparison between ILSVRC and railway scene

sample datasets
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Table 1 The difference between traditional CNN sample

dataset and railway scene sample dataset
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Fig.2  Acquisition of CNN sample set and the sample

set with pre-trained convolutional kernel
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Fig.3 Selection of the number of the convolutional kernels
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Fig.4 Schematic diagram of the network architecture
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Fig.7 Convolutional kernel pre-trained process
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Fig. 8 The pre-trained convolutional kernels
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