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Granularity Encoder-Decoder Framework-Based Multivariate

Time Series Prediction

ZHAO Dan, REN Huorong, REN Jincheng
(School of Mechano—Electronic Engineering, Xidian University, Xi’ an 710071, China)

ABSTRACT: A prediction method that integrated fuzzy information granulation and a convolu-
tional neural network and long short-term memory (CNN-LSTM) encoder-decoder structure
was proposed to address the problems of complex variable correlations, significant nonlinearity,
and frequent local fluctuations in multivariate time series prediction. First, the original time series
was preprocessed using triangular fuzzy granulation within a fixed time window, achieving noise

reduction and dynamic structure compression. Subsequently, a deep hybrid prediction model com-
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posed of a convolutional neural network and a long short-term memory network was constructed
to extract local spatial features and model temporal dependencies, enabling high—precision point
prediction from series. Finally, the proposed method was validated on two representative multi—
variate time series datasets, namely the real-time power grid energy demand and the X1 an air
quality index (AQI) datasets. The results show that the MAE, MAPE, and RMSE of the pro-
posed method in energy prediction tasks are 269.637, 0.022, and 374.072, respectively, reflect—
ing reductions of 26.69%, 35.29%, and 20.58% conpared with the CNN-LSTM baseline. In the
AQI prediction task, the method likewise achieves superior predictive accuracy, with error reduc-
tions of 22.82%, 35.65%, and 28.38%, respectively. These outcomes demonstrate the strong gen-
eralization capability and robust stability of the proposed model. The proposed model is suitable
for non—stationary and multivariate time series prediction scenarios, offering promising applica—
tions for urban energy dispatch and environmental quality monitoring.
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Fig. 5 Granulation graph of real-time energy demand in the energy time series subsequence
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Table 1 Comparison between prediction errors of various
models under different predictive performance

evaluation indicators
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