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Traffic Data Restoration Method Based on Tensor Weighting and Truncated Nuclear Norm

WU Jiangnan,ZHANG Hongmei,ZHAO Yongmei,ZENG Hang and HU Gang

College of Equipment Management and Unmanned Aerial Vehicle Engineering, Air Force Engineering University,Xi’an 710051, China

Abstract The problem of missing data seriously affects a series of activities in intelligent transportation systems,such as monito-
ring traffic dynamics, predicting traffic flow,and deploying traffic planning through data. Therefore,a traffic flow data reconstruc-
tion model WLRTC-TTNN (low rank tensor completion of weighted and truncated nuclear norm) combined with weighted and
truncated nuclear norm is proposed by using the low-rank tensor completion framework based on tensor singular value decompo-
sition, which can effectively repair the missing spatio-temporal traffic data. The truncated nuclear norm of the tensor is used as a
convex proxy for tensor rank minimization instead of tensor rank minimization, which preserves the main feature information in-
side the spatio-temporal traffic data,and further optimizes the model by penalizing smaller singular values according to the gene-
ralized singular value threshold theory,and finally the WLRTC-TTNN algorithm is implemented using the alternating multiplier
method. Experiments are conducted on two publicly available spatio-temporal traffic datasets selected with different missing sce-
narios and missing rates,and the results show that the complementary performance of WLRTC-TTNNN is better than that of
other baseline models,and the overall complementary accuracy improves by 3% ~37% ,and the complementary effect is more sta-
ble in extreme missing scenarios.
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BN 2 KE B 5 WLRTC-TTNN #8254 3% A0 3 A i WL-
RTC-TTNN, #{A¥KFH . WLRTC-TTN £ G 5 S ¥ ¥ &
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Table 2 S vs. G in random missing scenario g%k 30 % H1 60 % B A A2 AR K
k%  TRMF BGCP HaLRTC  CP_ALS WLRTC-TTNN . < -
20% 3.14/7.47 3.57/8.28 3.33/8.13 3.59/8.33  2.68/6.11 K3 SHGRARAAA LI K 5T 4T e
30%  3.19/7.56 3.59/8.31 3.46/8.48 3.60/8.33 2.77/6.32 Table 3 S vs. G in non-random absence scenario
40% 3.25/7.76 3.59/8.29 3.61/8.86 3.61/8.37 2.86/6.52 Bk & TRMF BGCP HaLRTC  CP_ALS WLRTC-TTNN
G 50% 3.34/8.02 3.77/9.31 3.77/9.30 3.66/8.49  2.97/6.75 20% 4.27/10.24 4.27/10.20 4.21/10.45 4.29/10.27  4.11/9.74
609 3.47/8.37 3.96/9.83 3.96/9.82 3.72/8.61  3.10/7.06 30% 4.32/10.27 4.31/10.25 4.27/10.60 4.33/10.29  4.17/9.78
70% 3.70/8.97 4.18/10.45 4.18/10.45 3.82/8.81  3.28/7.46 40% 4.37/10.37 4.32/10.25 4.38/10.88 4.32/10.28  4.20/9. 83
80% 4.04/9.89 3.80/8.76 4.47/11.32 4.13/9.38  3.54/8.11 G 50% 4.46/10.57 4.52/11.31 4.52/11.30 4.45/10.48 4.28/10.00
2000 3.71/5.96 4.50/7.45 3.47/5.93 4.49/7.42  3.21/5.04 60% 4.53/10.80 4.69/11.81 4.69/11.80 4.58/10.73 4.33/10. 12
30%  8.75/6.07 4.52/7.51 3.64/6.33 4.57/7.63  3.30/5.24 70% 4.68/11.31 4.96/12.65 4.97/12.66 4.90/11.09 4.40/10. 36
40%  3.79/6.16 4.54/7.58 3.83/6.76 4.55/7.58  3.40/5.42 80% 4.87/11.85 5.32/11.88 5.77/14.61 5.24/11.64 4.59/10.74
S 50% 3.84/6.29 4.08/7.31 4.07/7.30 4.61/7.71  3.51/5.64 20% 5.26/9.12 5.65/9.93 4.69/8.79 5.63/9.95  4.48/7.66
60% 3.91/6.46 4.34/7.91 4.34/7.90 4.63/7.77  3.64/5.89 30% 5.27/9.14 5.68/9.96 4.96/9.51 5.74/10.20  4.62/7.96
70%  4.07/6.84 4.76/8.89 4.76/8.89 4.65/7.78  3.86/6.28 40% 5.30/9.19 5.68/9.94 5.27/10.19 5.70/10.04  4.85/8.33
8020 4.38/7.59 4.68/7.84 5.31/10.25 4.81/8.12  4.17/6.89 S 50% 5.38/9.44 5.64/11.20 5.64/11.19 5.78/10.34  5.00/8.77
60% 4.27/10.24 4.27/10.20 4.21/10.45 4.29/10.27  4.11/9.74
70% 4.32/10.27 4.31/10.25 4.27/10.60 4.33/10.29  4.17/9.78
40 80% 4.37/10.37 4.32/10.25 4.38/10.88 4.32/10.28  4.20/9.83
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Fig. 6 Completion effect diagram with random miss rate of 30%
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Fig. 7 Completion effect diagram with random miss rate of 60%
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Fig. 8 Completion effect diagram with non-random miss rate of 30%
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Fig.9 Completion effect diagram with non-random miss rate of 60%
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