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[ Abstract] Deep Echo State Networks (DESN) is a combination of Echo StatesNetworks (ESN) and the idea of deep
learning. A reasonableysélection of internal state matrices and weak integration patrameters with different spectral radius can
effectively enhance the multi-scale time domain characteristics of the DESN.By analyzing the distribution of output matrix
in different netwotk layers‘through data visualization, it is found that past of/the neurons in higher network layers are
partially working in a saturated state, which weakens the dynamic prediction of the network.An adaptive algorithm of input
matrix for DESN is proposed, based on the recursive estimation  of the mean and variance of the internal network state,
whether a neuron is saturated is judged. Then the output weight ofs€ach layer is adjusted adaptively to improve neuron
dynamics. The numeric analysis results show that the DESN based on the input scale adaptive algorithm has doubled the
prediction accuracy of the dynamic system compared with the single-layer ESN of the same scale.
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