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Abstract: This paper proposes a multi-layer sparse tensor decomposition model based on
multidimensional feature sharing (MFS-MSTD). On the basis of CP (CANDECOMP/PARAFAC)
decomposition, this model applies low rank regularization to the spatiotemporal factor matrix. The
mechanism of sharing a low rank factor matrix is adopted to express the complementarity between
multi-source traffic data, and the gradient update of the factor matrix can be completed in non-
random missing or segment level missing scenarios. A real experment results show that in the
scenario of non-random missing speed data, MFS-MSTD reduces the RMSE, MAE, and MAPE by an
average of 17%, 21%, and 18% compared to the baseline method; in the scenario of non-random
missing traffic data, RMSE, MAE, and MAPE decreased by an average of 52%, 54%, and 33%. In
the face of more complex road segment missing scenarios, the imputation performance of MFS-MSTD
is superior to the baseline models TGMC-S and MTNTF, and it can well fit the trend of traffic volume
changes in unobserved road segments.
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Fig. 1 Classification of missing traffic data scenarios
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Fig. 3 The scene for instance verification
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Fig. 4 Imputation performance in non-random missing scenarios
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Table 5 Imputation performance in road segment missing scenarios
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Fig. 6 The imputation results in the scenario of non-random missing of 50% volume data(MFS-MSTD)
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