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Improvement of echo state network accuracy with Adaboost

HAN Min, MU Da-yun

(Faculty of Electronic Information and Electrical Engineering, Dalian University of Technology, Dalian Liaoning 116023, China)

Abstract: Modifying the prediction model of individual echo state network(ESN) improves the total prediction result
with limited extent. To solve this problem, we consider an ensemble of ESN. The general performance and prediction
accuracy of each individual ESN is boosted by using the Adaboost algorithm. Based on the Adaboost algorithm results,
we develop an ESN predictor(ABESN). In this predictor, the weights of training samples are constantly adjusted according
to the fitting error, the greater the fitting error, the heavier the weights for the training samples. Therefore, the ESN
predictor will focus on the hard-learning samples in the next iteration cycle. The prediction models of individual ESN are
weighted and added up to form the final predictor of the ensemble of ESN. The presented model is tested on the benchmark
prediction problem of Mackey-Glass time series as well as the time series of sunspots. Simulation results demonstrate its

high prediction accuracy and effectiveness.
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of echo state networks)
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Fig. 1 Structure of ESN
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Fig. 2 Sunspot predictive results using ABESN
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Table 1 Comparison of different predictive model
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Fig. 3 Mackey-Glass predictive results using ABESN



604 ECI U 2 o I VA

08 35

Feor KT ESNIEAR (1) TIRS S5 fe 7, AL 71
125 ) 1 TR B2 AN L ESNR) A% A TR, 1y % 1~ HoAth
EA 5, ASCE A BRI A% SR ) =
HLSVESM)HH fifh £ b 4 Z0% #1200, I A K
92200, Jir 75 21 1 70 22 Sk 24 0.0085; 25T H 4128
FEIE WS (SOM) 77 4 It 45 R 2450.035, X Y. 1 1 5
FEA K 10014 % FMLPsEL 3%, o2t ST REA )
K4 500, T IA B 1 TR 224 40.060.

A2 RIAEAL 64 T 45 RAR £ 21k
Table 2 Errors comparisons of different models
Tﬁ@ j%l%ji Ermse

ABESN i £ 1 4E%2300, YI1Z5K 5800  0.00220
ESNsDl  fi# #&- #h 4E %1000, 125K £3000 0.00063
SVESMB) i £ 4 %1200, 125K 52200 0.00850

SOM YK JE1001 0.03500
MLPs WK ES500 0.06000

5 458 (Conclusions)

ASCHEH T — o AL ] 7 4 T A S ABESN
THAR 25, BN FI ] Adaboost. RTH. I 42 T137 28 isf I i 42
W LR ESN2E 3] R 77, LA3E vy L Y00k, B, Jo k3
FMackey-Glass /i 8] J3 51 R FH 52 7~ 52 s £ 4 i,
SEBIE R, nr A DU 41

A TR R A TN B) 3 0 T 1) — Fh 223k, 2R S
I, Adaboost. RTH % R 4 I 25 158 22 K A Wi 18 20
BUAE G 77 B ANESNTIUI AR 7Y, P B AN 155 280 n A
LA A — R, XM A T3 p—
ESN A% 70 (1) 2% 2] g e 2] 7 1R K 1935 B i
XfMackey-GlassH [8] 7 1] . K FH 54 51 Fr 25040 1) 7
BT, 5 5 —ESN Y 2 Tl 45 A LA T — o 42
157, AT IR SEAS SC AT H I ABESN W 2% A5 B8 53 1)
TR BE, BE T U 179 N FH 3 B T8) 3% 270 S St il 4 Al
.

£ % 3k (References):

[1] WAy, St i ) e 4 43 i CRE A F (M. i S e K2
H AL, 1991.
(YANG Shuzi, WU Ya. Time Series Analysis in Engineer Applica-

tion[M]. Wuhan: Huazhong University of Science Technology Press,
1994.)

[2] HORNIK K, STINCHCOMBE M, WHITE H. Multi-layer feed-
forward networks are universal approximators[J]. Neural Networks,
1989, 2(3): 359 — 366.

[3] CAI X D. Time series prediction with recurrent neural networks
trained by a hybrid PSO-EA algorithm[J]. Neurocomputing, 2007,
70(13/15): 2342 — 2353.

[4] TRAT, TER, XE Y. FEFRBFAZ W44 (1L 2 I (0] )3 41
LRI, $ I 5 1 H, 2009, 26(2): 151 - 155.

(ZHANG Donggqing, NING Xuanxi, LIU Xueni. On-line prediction
of nonlinear time series using RBF neural networks[J]. Control The-
ory & Applications. 2009, 26(2): 151 — 155.)

[5] JAEGER H, HAAS H. Harnessing nonlinearity: predicting chaotic
systems and saving energy in wireless communication[J]. Science,
2004, 304(5667): 78 — 80.

[6] LINXW,YANGZH, SONG Y X. Short-term stock price prediction
based on echo state networks[J]. Expert Systems with Applications,
2009, 36(3): 7313 - 7317.

[71 GE Q, WEI C J. Multiresolution-based echo state network and its
application to the longterm prediction of network traffic[C] /2008
International Symposium on Computational Intelligence and Design.
Piscataway, N J: IEEE, 2008, 1: 469 — 472.

[8] SHIZ W, HAN M. Support vector echo state machine for chaotic time
series prediction[J]. IEEE Transactions on Neural Networks, 2007,
18(2): 359 - 372.

[91 FREUND Y, SCHAPIRE R E. A decision-theoretic generalization of
on-line learning and an application to boosting[J]. Journal of Com-
puter and System Sciences, 1997, 55(1): 119 — 139.

[10] SOLOMATINE D P, SHRESTHA D L. AdaBoost. RT: a boosting al-
gorithm for regression problems[C] /2004 IEEE International Joint
Conference on Neural Networks. New York: IEEE, 2004, 2: 1163 —
1168.

[11] SHRESTHA D L, SOLOMATINE D P. Experiments with AdaBoost.
RT, an improved boosting scheme for regression[J]. Neural Compu-
tation, 2006, 18(7): 1678 — 1710.

[12] GAVIN B, JEREMY W, RACHEL H, et al. Diversity creation meth-
ods: A survey and categorization[J]. Information Fusion Journal,
Special Issue on Diversity in Multiple Classifier Systems, 2005, 6(1):

5-20.
Ve B~
OB (1959—), &, #%, WS, BF5T 5 1) ok s

4 IR WL 1] 2 5 23 BT & KRG 43S A S, E-mail: minhan@dlut.
edu.cn;

BRZE  (1985—), &, WiLwFF A, BT I 248 I i) 7
B AR 5 TR, E-mail: dymu@mail.dlut.edu.cn.



