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Abstract

Aiming at the problem that the single model has insufficient ability to predict chaotic time series,
this paper combines a chaotic linear regression model and an Elman neural network model to de-
sign a combined prediction model and applies it to Lorenz chaotic time series. First, a chaotic li-
near regression model is established, then an Elman neural network model is established, and fi-
nally, a combined prediction model of a chaotic linear regression model based on a weighted
arithmetic average operator and an Elman neural network is established. The validity of the com-
bined model in actual prediction is tested by Lorenz chaotic time series. Simulation experiments
show that the combined prediction model is significantly better than these two single-item predic-
tion models in terms of prediction accuracy, which verifies that the proposed combination model
has good prediction performance.
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Figure 1. Elman neural network structure diagram
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Figure 2. Chaotic linear regression model prediction results. (a) Prediction curve; (b) Error curve
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Figure 3. Elman neural network model prediction results. (a) Prediction curve; (b) Error curve
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Figure 4. Combined prediction model prediction results. (a) Prediction curve; (b) Error curve
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