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Urban Traffic Flow Completion with Multi-view Attention Mechanism
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Abstract Traffic flow information is an important basis for intelligent transportation systems and urban computing. Traffic flow
data is a new type of time series data. Due to the data collection method and the influence of external complex factors,the phe-
nomenon of data loss is common and unavoidable. How to effectively mine the spatial-temporal characteristics of traffic flow data
and the correlation between the data becomes the key to improve the missing data completion accuracy. Traditional statistical
methods cannot meet the increasingly complex data requirements,and the application of deep learning promotes the development
of missing data completion methods to higher accuracy. The article deeply analyzes the spatial-temporal characteristics of traffic
flow, makes assumptions about the missing traffic flow, and proposes a UMAtNet (U-net with Multi-view Attention Mecha-
nisms) traffic flow complement model. The model fuses closeness,trend and period time data with spatial data,and adopts diffe-
rent data correlation measurement methods to fuse a multi-view attention mechanism, which can optimize the impact of the model
on the spatial correlation of missing data. In order to verify the model,we use the open source data set of Beijing traffic data in the
experiment,and analyzes in detail the influence of each part of the model and the loss function on the completion accuracy. The
experimental results show that the fusion of UMAtNet and corresponding components can further improve the completion
accuracy.

Keywords Completion of traffic flow,Spatial-temporal characteristics, Multi-view, U-Net, Attention mechanism
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Table 1 Experimental environment and settings
0S Ubuntu 18.04. 3 LTS
Memory 128 GB
CPU Intel® Xeon(R) Gold 6130
CPU@ 2.10GHz X 64
GPU GTX1080Ti
Number of GPU cards 4
CUDA version 9.0
cuDNN version 7.3.1
tensorflow version 1.5.0
Keras version 2.1.6
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1% % (Root Mean Square Error, RMSE) , H Bk Ly .

o 1 HiW A ,
RMSEfJHXWH (X, — X)) (15)
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Table 2 Comparison of experimental results (RMSE) with base line
Model/Missing-rate P 10% 20% 30% 40% 50%
HA 14.74 20. 64 25. 20 29.19 32.70
Linear Regression 17.14 18.75 19.86  20.77  21.66
AdaBoost 13.58 18.85  23.26  26.51 30. 10
DCGAN 5.22 7.16 9.75 10. 81 12.83
ConvLSTM2D 8.60 9.02 13.01 16. 83 17. 89
Conv3D 5.70 6.51 7.24 10. 33 11.92
TCN 13.71 14.10 14. 30 14. 65 15.08
PconvNet 17.71 18.77 20.70 21.58 22.05
U-Net 5. 60 6.76 7.54 9.22 12.14
UMAtNet 3. 80 5.10 5.98 6.79 7.78
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Fig. 10 Comparison of the completion effects of each model
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Table 3 Results with different components of the model (RMSE)

Model/Missing-rate P 10% 20% 30% 40% 50%

U-Net 5.60 6.76 7.54 9.22 12.14
USAtNet 3.84 5.60 6. 20 6.81 7.91
UMAtNet 3.80 5.10 5.98 6.79 7.78

UMAtNet+ Skip 3.26 4.56 5.62 6.50 7.53
UMA(tNet+ Skip+ Ext 3.13 4.43 5.44 6.48 7.46
12 {[?< U-Net
—®— USAtNet
—— UMAtNet
10 +UMAtNet+Sk§p
UMA tNet+Skip+External|

RMSE

/
=
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Missing rate P

P11 BT U-Net (19S5 A5 5 20 4 % b 4 52 58 45 51 19 5 )
Fig. 11 Data completion experiment comparison results of different

model components based on U-Net
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Table 4 Results with different Loss function (RMSE)

Loss/Missing-rate P 10% 20% 30% 40% 50%

L_total 3.67 4.78 5.92 6.97 7.92
MAE 3.20 4.45 5. 47 6.38 7.46
MSE 3.13 4.43 5.44 6.48 7.46
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Fig. 12 Comparison of different loss functions
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