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Continuous Imputation Method of Instantaneous Water Flow Data
Based on LRTC-TNN
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Abstract : In the process of collection, sorting and storing instantaneous water flow data, there are different degrees of data missing, which
will not only cause deviation in data analysis, but also affect later decision—making, especially the problem of continuous water flow
missing. In the research on missing value imputation of water flow data at home and abroad, there is no complete solution to the
imputation problem of continuous missing values in adjacent time. Therefore, based on the low rank assumption of the instantaneous
water flow data set,we propose a nonconvex low rank tensor completion model-truncated nuclear norm (LRTC-TNN) to impute the
missing values in the instantaneous water flow time series data. The optimal LRTC-TNN model is solved by the alternating direction
method of multipliers ( ADMM) ,and the truncation of tensor modes is automatically determined by using the general rate parameters.
The missing values are predicted by using the tensor completion strategy. The proposed method is applied to the imputation experiment of
instantaneous water flow data in a water plant and compared with other latest and traditional methods, which is efficient, especially for the
imputation of continuous missing values.
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