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Abstract: In order to effectively learn the mixed traffic
congestion patterns from the urban expressways and
improve the accuracy of short-term travelling speed
prediction, based on the convolution neural network, and
incorporated with the Inception Module, a short-term
travelling speed prediction model was established. The
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travelling speed information was arranged into two-
dimensional matrices which could represent the traffic
states, and the features represented by the input time-
space travel speed images were learnt. The optimum
model was obtained as the result of a systematic neural
network design and training process, with the ability to
automatically recognize multi-scale mixed traffic
congestion patterns and extract high-dimensional features
of the traffic data. Besides the regression analysis method
as well as the gradient magnitude similarity deviation
indicator was introduced to conduct a comprehensive
evaluation. The case study shows that the proposed model
outperforms other models in learning the temporal/
spatiotemporal features from traffic data with a high
prediction accuracy, which can be further applied to

making short-term prediction for other traffic parameters.

Key words: traffic engineering; short-term travel speed
prediction; convolutional neural network (CNN); urban

expressways; inception module
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HBRUZEL 5,7, 12
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Fig. 7 Optimum structure of Inception-CNN
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Fig. 8 Architecture of comparison model
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Tab.3 MAEs and MAPEs of the model predictions

R MAE/(km+h™))  MAPE/%
ARIMA 3.57 5.83
ANN 2.67 4.36
RNN 2.49 4.08
CNN 2.54 4.12
Inception—CNN 2.45 4.00
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Fig. 10 Model results in different dataset
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Tab.4 Regression analysis of models

R b b R?
ARIMA 0.805 2 13.3336 0.628 4
ANN 0.9938 0.1367 0.908 1
RNN 0.9927 0.3381 0.9178
CNN 0. 988 0.2518 0.916 3

Inception—CNN 0.986 3 0.693 5 0.920 3
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Fig. 11 Time-varying curve of travelling speed prediction
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