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Precise positioning of cloud track by bi-direction long short memory
YAO Shun-yu, WANG Zhi-wu™ , YAN Guo-zheng
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Abstract: At present, a new type of cloud track has emerged in China. Cloud track has the advantages
of low cost, low energy consumption and short construction period. This new type of cloud track re-
quires precise positioning of track detection. In order to eliminate the position error of cloud track de-
tection, a new type of track detection vehicle was designed, and a new SIN-GPS positioning algorithm
based on double-layer bidirectional LSTM network was developed. Firstly, the construction and sen-
sor parameters of the track detection vehicle was inod uced. Then, the traditional SIN-GPS positio-
ning algorithm and its shortcomings was analyzed. If GPS signal disappeared, the positioning error
was very large. a bi-directional LSTM algorithm was proposed to illustrate the dynamic learning and
compensation of errors when GPS signals disappeared. Finally, the accuracy of the algorithm in differ-
ent motion states of the cloud track detection vehicle with three groups of experiments was analyzed.
The results of experiments show that LSTM algorithm is superior to traditional algorithms and other
intelligent algorithms. It reveals that the error of LSTM is 79. 8% smaller than that of SINS when the

vehicle is moving. The error of SINS is smallest when the vehicle is static. When setting the speed
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threshold of 0.2 m/s, using LSTM algorithm when it is larger than this threshold, and directly using

SINS when it is smaller, the most accurate location results can be obtained.

Key words: Strapdown Inertial Navigation System (SINS)/Global Positioning System (GPS) integra-

tion; (Global Positioning System) GPS outages; (Long Short Term Memory) LSTM;

neural network
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(a) Structure of railway track vehicle
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(b) Support platform of railway track vehicle
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Fig. 1 Cloud track detection vehicle
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