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Traffic Speed Forecasting Algorithm Based on Missing Data

HUANG Kun and SUN Weiwei
School of Computer Science, Fudan University, Shanghai 200438, China
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Shanghai Institute of Intelligent Electronics and Systems,Shanghai 200438, China

Abstract Traffic speed forecasting is the foundation of intelligent transportation system,which can ease traffic congestion, save
public resources and improve people’s quality of life. In real situations, the collected traffic speed data are usually missing.and
most of the existing research results only consider the scenarios with relatively complete data. The paper focuses on the traffic
speed data in the missing scenarios, captures the spatio-temporal correlation, and predicts the future traffic speed. In order to
make full use of the spatio-temporal characteristics of traffic data, this study proposes a new deep learning-based traffic speed
forecasting model. Firstly,a “recover-predict” algorithm is designed.which first uses a self-supervised learning method to enable
the model to recover the missing data and then predict the traffic speed. Secondly,a contrastive learning method is introduced to
make the feature representation of the speed time series more robust. Finally, the scenarios with different missing data rates are
simulated,and experimental results show that the prediction accuracy of the proposed method outperform existing methods with
various missing rates,and experiments are designed to analyze the comparative learning method and different recovery algorithms
to prove the effectiveness of the proposed method.

Keywords Traffic speed forecasting, Recovery of missing data,Graph neural network,Contrastive learning,Deep learning
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Table 1 Performance comparison of different methods
PeMSD1, PeMSD45, PeMSD4,,

Method MAE MAPE/Y% RMSE MAE MAPE/% RMSE MAE MAPE/%  RMSE

ARIMA 33.089 21.705 49.116 33.192 23.968 49.653 33.135 24.710 49.469

SVR 30.933 22.084 46.937 31.320 22.665 47.755 31.997 23.091 48.534

GRU 27.057 19.312 41.024 27.641 20.484 41.765 28.439 21.211 42,882

STGCN 19.962 14. 250 30.872 20. 226 13.937 31.287 20.057 14.560 31.273

GWNet 19. 624 14. 180 31.003 19. 730 14.025 30.676 20.049 14.767 31.435

GMAN 19.738 14. 694 29.398 19. 884 14. 835 29.595 19. 990 14. 980 29.695

GMSDR 19. 835 14. 377 30. 049 20. 040 14.708 31.616 20.229 15.419 30.622

SNMF-Graph SAGE 20. 270 14.198 31.803 20. 669 14. 356 32.511 20. 857 14.863 32.919

Ours 19. 239 13.715 29.299 19.298 13. 698 29.379 19. 623 14.519 29. 690

LRTC-TNN-STGCN 19.510 13.797 30.593 19.616 13.957 30. 640 20. 813 14.963 30.512

SSIM-STGCN 19. 688 13.977 29.852 19. 608 14.035 29. 889 20.531 14.727 30.977
GA-GAN-

STGCN 19. 936 13. 834 31.540 20.156 13. 884 31.693 21.195 14. 740 32.915
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Table 2 Recovery performance comparison of different methods
Vethod PeMSDA, PeMSD14, PeMSD1,,
etho

MAE MAPE/Y% RMSE MAE MAPE/% RMSE MAE MAPE/Y%  RMSE
SNMF 27.484 25.112 37.279 27.691 25.249 37.523 31.623 30. 464 42.579
LRTC-TNN 21.207 19.163 31. 884 24.346 19. 087 35.423 28.067 36.095 38.208
SSIM 23.122 22.645 34.172 25. 347 21.049 38.299 29. 256 28.393 39.117
GA-GAN 24,758 23.071 36.589 26.501 23.587 38. 166 28. 250 28. 467 40.519
Ours 18.673 16. 981 27.131 18.705 16.018 27.346 21.392 20. 040 31.083

99 2%
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Table 3 Performance of different prediction models
PeMSDi,,

Method
MAE MAPE/%  RMSE
GWNet 19.624 14.180 31.003
GMAN 19. 738 14.694 29. 398
GMSDR 19. 835 14.377 30. 049
STGCN 19.962 14. 250 30. 872
RP@GW Net 19. 409 13.784 30. 324
RP@GMAN 19. 638 15.091 29.360
RP@GMSDR 19.671 13.995 29.562

Ours(RP@STGCN) 19.239 13.715 29.299

STGCN TE 4l % PeMSD4,, | BLA & IF B3, RP@
STGCN #l lt STGCN #E MAE, MAPE/ % , RMSE ix 3 i 4§
Fr B BRI T 3.62%,3. 75%,5. 10% . 31X §d WA 7E 3T 4F 3k
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Table 4 Ablation study of contrastive learning loss

PeMSD4,, PeMSD43,  PeMSD4,,
Method
MAE MAE MAE
Ours 19. 239 19.298 19. 623
Ours™* 19. 467 19.512 19. 821
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