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Abstract

Echo State Network (ESN) has been widely used in time series prediction due to its simple struc-
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ture and fast convergence speed. In order to solve the problem that random weight matrix gener-
ated in ESN is not applicable to specific time series, an improved particle swarm optimization
(PSO) algorithm is proposed to optimize partial random weights in ESN. Compared with the stan-
dard particle swarm optimization algorithm, the inertia weight and learning factor are adjusted to
improve the optimization performance of the algorithm. To verify the effectiveness of the pro-
posed method, the Mackey-Glass time series, the nonlinear autoregressive sliding model (NARMA)
and the Lorenz time series are simulated. Experimental results show that the method proposed in
this paper can further improve the prediction accuracy of ESN for time series.
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Figure 1. Standard structure of ESN
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Figure 2. Mackey-Glass time series prediction (7 =17 )
[& 2. Mackey-Glass B EIFFIFUM( 7 =17 )

Table 1. Model error comparison

= 1. REIREILE

Method RMSE
ESN 4.03¢—03
ESN-PSO 2.97¢-03
ESN-IPSO 9.27e—04
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Figure 3. Mackey-Glass time series prediction (7 =30)
[& 3. Mackey-Glass B [E]FFIFUM( z =30)

Table 2. Model error comparison
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Method RMSE
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Figure 4. NARMA time series prediction (k =30)
[ 4. NARMA B8] 5T (& =30)

Table 3. Model error comparison

3. BALREILE

Method RMSE
ESN 1.96e—01
ESN-PSO 1.17e-02
ESN-IPSO 4.35¢-03
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T Fr 4 (1) ESN-IPSO #5244 f) RMSE {H f 41K, 4 4.35¢—03. [A]ff , 55 ESN Al ESN-PSO LAY A L, ESN-IPSO
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Figure 5. Lorenz-x(t) time series prediction
[# 5. Lorenz-x(t)B 18] 751 50

Table 4. Model error comparison
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