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Prediction of complex system based on MVMD-ISSA-LSTM Fusion algorithm

Huiqiang Su
School of Mathematics and Information Science, North Minzu University, Yinchuan, Ningxia

[ Abstract] Aiming at the characteristics of multi-noise, non-stationary and randomness of complex time series
data, this paper proposes a multi-strategy fusion algorithm to achieve accurate prediction. Firstly, multivariate
variational mode decomposition (MVMD) is used to decompose complex time series data into finite modal
components. Secondly, the sparrow search method (ISSA) is improved, adding the optimized Tent chaos map to make
the initial population of sparrows evenly distributed, introducing dynamic adaptive weight adjustment to the
discoverer step to prevent the algorithm from falling into the local optimal, adding anti-parameter overstepping
Settings to make the algorithm searcher more stable, adding Gaussian variation perturbation to improve the
algorithm's ability to jump out of the local optimal. Therefore, the algorithm is embedded into the Long and short
time memory network (LSTM) to form a fusion algorithm to find the best parameters and achieve the purpose of
accurately predicting complex time series data. Finally, the regional daily maximum temperature data is taken as an
example to verify the effectiveness and accuracy of the fusion algorithm. The research proves that the fusion
algorithm proposed in this paper has a good performance in the prediction of complex time series data.

[ Keywords] Complex temporal data; Multivariate variational modal decomposition; Sparrow search

algorithm; Long short term memory network; Noise reduction
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