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Research on the positioning of urban rail train based
on QPSO-DBN ensemble learning

Xu Kai  Yang Rui

(School of Information Science and Engineering, Chongging Jiaotong University, Chongqing 400074, China)

Abstract: Highly accurate positioning is an important prerequisite for automatic train driving. In terms of the problems that the existing
machine learning is used for train positioning, such as the insufficient theoretical basis for feature selection and difficulty in determining
the proper structure of model, which lead to the unstable and inaccurate data about train positioning. A new positioning method about
urban rail train is proposed based on an ensemble deep belief network (DBN). This method firstly preprocesses the original dataset,
then uses the Pearson coefficient to filter the features, finally utilizes the quantum particle swarm algorithm ( QPSO) to optimize the
structure of the DBN-based learner. Comparing the proposed QPSO-DBN model with the ensemble model about the classical machine
learning methods and the traditional optimized algorithms, respectively, the positioning accuracy of the train is further improved.
Finally, the superiority of the proposed model is verified by simulation experiments.

Keywords : deep belief network ; quantum particle swarm optimization; ensemble learning; train positioning
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Fig. 3 Overall framework of ensemble DBN optimized by computational intelligence
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Table 3 Result of DBN with different features
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DBN,  -0.62097 -0.00345  0.09739  0.066 29
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Table 5 Results of different model evaluation indicators

A MAE 1/ m ME/m MAE/m MSE/m
SVR 514992 0.02876  0.15113  0.095 65
BP -5.73902  -0.03175 0.16264  0.104 88
MLP 563413 0.031 14  0.17733  0.101 09
DBN 0.209 11 0.001 21 0.10548  0.069 55
£ DBN  -0.84945 -0.00473  0.02281  0.016 87
PSO-DBN  -0.16625 -0.00093  0.02227  0.010 27
GA-DBN  -0.026 62 -0.00006  0.02555  0.010 49
QPSO-DBN  -0.33924 -0.00182  0.01939  0.009 88
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