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Abstract

Traffic flow forecast can provide the forecast results of future traffic conditions and provide strong
support for traffic planning. In order to realize efficient real-time short-term traffic flow predic-
tion, it is necessary to consider several key dimensions such as time, space, day and week. The
processing of multi-dimensional data forms a complex high-dimensional structure. However, the
vector and matrix structures used by traditional linear and nonlinear models are no longer suita-
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ble for processing such high-dimensional data. Therefore, in this study, we propose a high-dimen-
sional data structure, the tensor model. This model can not only effectively capture the complex
relationship between multi-dimensional data, but also provide real-time and accurate traffic flow
prediction. By introducing tensor models, we are able to better understand and utilize multidi-
mensional data, providing new tools and perspectives for traffic management and planning.
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Figure 1. CP decomposition diagram of the tensor
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Table 1. Tensor completion algorithm based on CP decompaosition
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Figure 2. Tucker decomposition diagram of the tensor
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Table 2. Tensor completion algorithm based on Tucker decomposition
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Figure 3. Schematic diagram with a period of days
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Figure 6. Four-dimensional traffic tensor structure based on traffic flow data
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Figure 7. Traffic flow data for 56 days at monitoring point 1
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Table 3. Comparison of short-time traffic flow prediction algorithms

3. B AZER UM E AT

Methods 15 min 30 min 60 min Average
MAE RMSE MAE RMSE MAE RMSE MAE RMSE
ARIMA 23.574 24.932 31.56 33.17 37.013 38.323 30.716 42.142
NNMF 20.32 284 20.39 28.69 20.51 29.2 2041 28.76
CP-ALS 12.97 17.87 12.87 17.93 13.12 12.83 12.99 16.21
Tucker-ALS 10.93 14.66 10.96 14.95 11.05 15.78 10.98 15.13
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