840 & 11 H 3 £ % K Vol. 40, No. 11

2014 4 11 H ACTA AUTOMATICA SINICA November, 2014
:H— kY 12 = \| s A
—MET L, SEEE N LRI = RS M 4%
e EHA FRR
OB EPXREARES PG AT A 0 A DSBS i ), AR SCHR HH —Ph T Ly S S50 DUl 1 5 [ AR 2 Y 245

T E AR F AR BTSN Ly VOB I, $R B SRAR I BB AR e M, RN BT Ly JEHOE WG R B RERE ), 5
IR RS2 REE, B 1 B, X T Loy SEBOEWI SRR, SR e/ A [l S S E WG R A2, Jdaed DUt B )
AT BRI PE, R G Al v I A S48 BRI I T N 38 500 0 SE 5 5000 £ BF 160 3 8 T v, 47 0485 SRAE B T A SO A 2%
PEFASE .

KR RIS LS, IEL, S EDH, 5 RHEN, £ 0 A

IR S, AR, SR, MR T Ly WEGENMLI EIFRASM LS. HE)aE, 2014, 40(11): 2428—2435

DOI 10.3724/SP.J.1004.2014.02428

An Improved Echo State Network via L;-Norm Regularization

HAN Min* REN Wei-Jie! XU Mei-Ling'

Abstract Considering the ill-posed problem and the model scale control of echo state network, an improved echo state
network based on Li-norm regularization is proposed. In order to improve the numerical stability, the proposed method
adds an Lj-norm penalty term in the objective function. Meanwhile, the method can also control the complexity of the
network and prevent overfitting by using feature selection capability of Li-norm regularization. To solve the Li-norm
regularization model, we adopt the least angle regression algorithm to calculate regularization path and select suitable
model through Bayesian information criterion, which can avoid the estimations of regularization parameter. The model
is applied to the time series predictions of both synthetic dataset and practical dataset. The simulation results show the

effectiveness and practicality of the proposed method.
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Fig.2 Prediction error of five models for Lorenz

time series
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ESN. LAR-ESN Al L,-ESN #7 f Bh 2% 2 5%
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PermBE R Rz A PERE. T BIC HENIMER T L £
7% PERLAR IR IR, mT DA 25 i A 2R PR 0L K P AN
SUORBE, NIRRT 280 AT W S Ak, Herp, ASCHR
H K Li-ESN AR AR AR R RS ) g T A T S
IR, W i AU AR AU AN R D

K1 AFEHEA Lorenz IR 7 41 i 45 S Lb 45
Table 1  Comparison of different models for Lorenz time

series prediction

il i A TR RMSE SMAPE BB piAL
ESN 2.07TE-4 T7.13E-5 100
RESN 1.39E—4  5.62E-5 100
100 FS-ESN 1.96E—4  8.76E—5 100
LAR-ESN 1.03E—4  5.61E—5 100
L1-ESN 5.17TE-5 2.12E-5 97
ESN 4.71E-4  8.68E-5 300
RESN 3.76E-=5  9.60E—6 300
300 FS-ESN 1.48E—6  6.16E—-7 269
LAR-ESN 1.30E—6  4.09E—-7 282
L,-ESN 8.47TE-T  2.94E-7 221
ESN 1.24E-3 4.57E—4 500
RESN 2.66E-5 9.03E—6 500
500 FS-ESN 1.17TE—6  4.73E-7 303
LAR-ESN 1.04E—6  4.14E-7 306
L,-ESN 5.31E-7 1.76E-7 261

R 2w AR BRI AN ] ()il S v e 5, Ak
PR 7~ Lorenz 2 Julf (8] ¢ 41 Tl 32 5 AR iR 22, mf
PLFE H, ASCHR ) Li-ESN BRI SRAS T f5 /N 1)
2. MBS MR T 300 I, ESN BLR TF4A HIEL
RERUA LS, TR 22 B . RESN A5 28 i i
FIN Ly JEHEST I, B HAT RAF g vk, H2
PR IR FFUIRG P e W B . A SCR Y Li-ESN
FEARGE R I Ly YUBUE 500, 544645 ESN R
FHLE, AT DL s 0 R g () B ok, [ I B 1 A5
TR REAE B B A g, 38 488 H GBS 280 5% i g K PRV R AE
T, & TR T RE, TT DA A S0 G i U
I\

3.2 KE™ SR AT 8 55 Fa

T P SI2 W I 49 K3 i AR A T ) 1 B
Y% 1951 4F 1 H 3] 2010 4E 7 H &N HF
BRI A, et 715 408, BT R A B
B R R R R AN AL R T AR R DRI R
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Fig.3 Prediction results for average monthly
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Fig.4 Prediction results for average monthly rainfall

2 PR TR 2 R
Table 2  Prediction error comparison for average

monthly temperature

TR 1 RMSE SMAPE
ESN 0.6785 0.2351
RESN 0.5571 0.2516
FS-ESN 0.5210 0.2344
LAR-ESN 0.5196 0.1059
L,-ESN 0.4302 0.1035

3 TR RO R R
Table 3  Prediction error comparison for average

monthly rainfall

oA RMSE SMAPE
ESN 8.3271 0.4147
RESN 8.2331 0.3379
FS-ESN 7.6252 0.2723
LAR-ESN 7.2972 0.3677
L,-ESN 6.3084 0.2716

3.3 Gas Furnace B8] &5l F70

Gas Furnace®? J&—41% F A TN a) 2 210 %
P, N ENSARECR o(t), ARl COy K
B y(t), 3eit 296 AFEAR. 56, HEATAH S A E A,
TEHHEIR IS [8] 4 1, R ANHEZL5r 10 6 Rl 4, 15 2 H
TR 5 NAS &N
u(t) = [z(t),-- 2zt = 5),y(t), - ,y(t = 3)]"
(21)
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AREATEAT IS, & N 91 AREABEAT IR, LS
AR u(t), W COy WREL y(t +1). AFIEA
(RITHN 45 R AR 4 P,

% 4 Gas Furnace I [a) 751 TR 25 EL s
Table 4

Prediction error comparison for Gas Furnace

time series

TR RMSE i
ESN 1.1600 0.0603
RESN 1.1162 0.0437
FS-ESN 0.8285 0.0211
LAR-ESN 0.7362 0.0111
L,-ESN 0.7064 0.0059

M 4 WJLAE W, Li-ESN U4 T /8 1) T
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