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Figure 2 Flow chart of adaptive interval prediction

method for intermittent sequences based on tensor

representation
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Figure 3 Actual after-sales data of large

vehicle manufacturing enterprises
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Table 1 Prediction error of the comparative methods

By % MAE RMSE RMSSE
BHT-ARIMA 1.68 2.42 0.76
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Croston 1.77 2.79 0. 84
LightGBM 1.85 2. 80 0.78
LSTM 1.74 3.20 0.91
SVR 1.47 2.78 0.78
Transformer 2.15 4.33 1.22
Informer 2.03 3.45 1.02
ATy 1.57 2.37 0.73
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Adaptive Interval Prediction of Intermittent Series Based on Tensor Representation

MAO Wentao'*, GAO Xiang1 , LUO Tiejun3 , ZHANG Yanna'’, SONG Zhaoyu1

(1. College of Computer and Information Engineering, Henan Normal University, Xinxiang 453007, China; 2. Engineering Lab of
Intelligence Business and Internet of Things of Henan Province,Henan Normal University, Xinxiang 453007, China; 3. Zhuzhou CRRC
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Abstract; In the actual business, parts demand occured randomly and demand fluctuates, so the demand sequence
for spare parts showed obvious intermittent distribution. At the same time, due to factors such as manual reporting
errors or special events, the actual demand for spare parts was prone to abnormal changes, making it difficult for
traditional time series prediction methods to capture the evolution of the demand for accessories, resulting in high
uncertainty and insufficient reliability of prediction results. To solve this problem, an adaptive interval prediction
method for intermittent series based on tensor representation was proposed. Firstly, hierarchical clustering was used
to screen similar sequences based on the average demand interval and square of the coefficient of variation of acces-
sory sequences, forming sequence clusters to increase predictability. Secondly, the original demand sequence was
reconstructed by tensor decomposition. The outliers in the sequence were then corrected while retaining the core in-
formation of the original sequence to maximum extent. Finally, an adaptive prediction interval algorithm was con-
structed, which could obtain the predicted value and prediction interval of the parts demand through the dynamic
update mechanism to ensure the reliability of the results. The proposed method was validated on the aftersales data-
set from a large vehicle manufacturing enterprise. Compared with existing time series prediction methods, the pro-
posed method could effectively extract the evolutionary trend of various types of intermittent series and improve the
prediction accuracy on the intermittent time series with small size as well. Experiments showed that the average root
mean square scaled error (RMSSE) of this method was 0. 32 lower than that of the mainstream in-depth learning
method of demand prediction. More importantly, when the prediction results were distorted, the proposed method
could provide a reliable and flexible prediction interval, which could be helpful to provide a feasible solution for in-
telligent parts management.

Keywords: demand forecast; intermittent time series; tensor decomposition; parts management; interval predic-

tion; time series clustering



