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An Identification Method of High-speed Railway Sign Based on

Convolutional Neural Network

MENG Lu' SUN Xiao-Yu' ZHAO Bin®> LI Nan®

Abstract Rail transit plays an important role in China's comprehensive transportation system.Intelligent percep-
tion of environmental information around rail traffic is also becoming more and more attractive. Combining the
methods of deep learning and image processing, the paper designs and implements an intelligent system that is
based on convolutional neural network for identification of rail digital signs around high-speed rail. The system not
only collects videos by installing a camera in the high-speed rail cab but also automatically locates and identifies the
numbers in the railway sign by the depth learning algorithm such as object detection and semantic segmentation,
which can solve the cumbersome and inefficient manual processing. The total system of the algorithm consists of
three sub-modules: the object detection module is based on the single shot MultiBox dector (SSD) model and im-
proves it to be more suitable to detect the small target in the rail transit; the semantic segmentation module uses
the full convolution method to further process the result of the object detection module and then get accurate digit-
al region in the rail sign; the design of the digital identification module referred to the famous handwriting recogni-
tion system that recognizes the MNIST dataset. Besides,it improved the characteristics of the numbers in the rail-
way signs and achieved the accurate identification of each number. The experimental results show that the system
can adapt to the conditions of various rail transits, including: day and night. The comprehensive accuracy of recog-
nition is 80.45 %. Furthermore,the average accuracy of the daytime is 87.98 %, and the average accuracy of the night
is 72.92 %.
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Fig. 1  The image captured by the camera in the cab, the number range is 000 ~ 999
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Table 1  The hyperparameter of feature fusion
SSD algorithm
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Table 4 The hyperparameter semantic
segmentation algorithm
B U
Iteration 100 000
Learn rate 0.0001
Learn rate decay factor 0.98
Batch size 2
Optimizer SGD
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Table 5 The hyperparameter of digital recognition
algorithm
S BUA
Iteration 80 000
Learn rate 0.001
Learn rate decay factor 0.99

Batch size 8

Optimizer SGD
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Table 6  Server configuration Table 8 Test results in different training datasets
B FeE IS ik A mAP (%)
RE Ubuntul6.04 EPN EPS FHEREA SSD 81.29
WAF 64 GB (PN R FFAERL A SSD 83.57
GPU Tesla K40 R + BK SPN FHIERL A SSD 80.12
B 12 GB AR + R BR FHERRE SSD 79.30
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