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Abstract: Bus arrival time prediction is an important basis for the decision-making assistant system of bus dispatching. It helps
dispatchers to find late vehicles in time and make reasonable dispatching decisions. However, bus arrival time is influenced by traffic
congestion, weather, and variable time when stopping at stations or travelling duration between stations. It is a spatio-temporal
dependence problem, which is quite challenging. This study proposes a new algorithm called STPM for bus arrival time prediction based
on deep neural network. The algorithm uses space-time components, attribute components and fusion components to predict the total bus
arrival time from the starting point to the terminal. In this algorithm, time-dependence and space-time components are used to learn the
internal spatio-temporal dependence. It uses attribute components to learn the influence of external factors, uses fusion components to
fuse the output of temporal and spatial components, as well as attribute components, to predict the final results. Experimental results show
that STPM can combine the advantages of convolutional neural network and recurrent neural network model to learn the key temporal and
spatial features. The proposed algorithm outperforms existing methods in terms of the error percentage and accuracy of bus arrival time
prediction.

Key words: arrival forecast; gradient boosting tree; ConvLSTM
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Fig.1 Distribution of bus travel time of route No.11 and 22 in Xiamen city
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Table 2 Symbols in STPM and their meanings
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Table 4 Comparative experiment results
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STPM 5.68 80.23
CNN 9.94 58.69
LSTM 6.05 77.98
Adaboost 7.32 66.97
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SVM 9.69 57.05
HP 29.15 1.18
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Fig.10 Comparison of prediction results of deep learning methods
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Fig.11 Comparison of prediction results of conventional methods
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Table 5 Comparative training time and testing time

x5

IR ]« AR Z K AT TREM I 1] FR) %65 L

B4 YIZma(s)  TEE(s)  SHEEEEWM)
STPM 19445 0.079 6 7.839
CNN 306.8 0.005 6 0.008
LSTM 560.8 0.0559 0.194
Adaboost 23.9 0.0192 -
DecisionTree 29.9 0.0177 -
SVM 24.2 0.987 6 -
HP 19.1 0.008 2
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