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Robust Regularized Online Sequential Extreme Learning Machine for

Outliers Restraining
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Abstract: Aiming at the online learning with outliers, this paper proposes a robust regularized online

sequential extreme learning machine (RR-OSELM). The proposed RR-OSELM is able to learn the newly

arrived samples incrementally by a recursive fashion, and assign inverse weights for each example based on

the priori error so as to reduce its sensibility to outliers. The Tikhonov regularization technique is incorporated

in the RR-OSELM to further enhance the stability of the algorithm in real applications. Experimental results

show that the proposed RR-OSELM is more robust than its counterparts, and it can be applied to the online

modeling and prediction of data streams with outliers.
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— MR
— SEFR%art

12
1.0
081
0.6

~ 04r
02r
0.0 p
02}
00 s 64 20 2 4 6 810

(a) Training setx without outliers

— H%iH
— Skhrfih

1.2
101
0.8
0.6

~ 04
021
0.0 p
—02t
408 64 20 2 4 6 810

(b) Training sit with outliers
[l 2 RR-OSELM 1Y pR & i 25 4

Fig. 2 Function approximation results of RR-OSELM

— M2
— Skhrfid

YR Bef & B RF (LI, LSBT 4805 TE Ak Y
L K A0 T ™ i D) SR e RN BT 2 B
N B LA 2k % W] RR-OSELM 76 /4 f {5 T2 1 #5

BA R 2 WA ROR X i — L 5k T 4 S0
9 RR-OSELM %1 % T 8 Bf (0 B A7 545 i 4t
THHRETT -
3.2 REATE 5T

AR /NFT HE $F Mackey-Glass, Rossler, Logistic,
Henon, Lorenz, Tkeda Fll Quadratic iX 7 /> £ L i1 I
TR 8] 7 91 AR Ay S5 00 5 4 4R | 8] 900 508 >R 1 g
B Runge-Kutta 55 6 4= B8 8 o VAl 25 Fh 3%
XoF B A 1 A A B ) A0 A B TP AR
Pt /NSRS I T — 8 B 10 B AL, X B
(B0 F BEBL AL 2 28 A8 B ATLZE B, A= B3 16 o 25 I 2 4
i ME S R RAEZ R X . R 245 T
T F S BCE SE 0 SE R R b d L oo B SR
718 XoF Hsf ] 7 371 i A7 A 225 8] H1 A4S B9 i A 2 B0 I ]

x2 BUREHIE
Tab.2 Dataset description
i ] 7 9 YILhre MR %Ef{ﬁ (d.o)
LS ES A~

Mackey-Glass 1 000 500 8 (17, 1)
Rossler 1 500 500 13 (1,5)
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Ikeda 1 500 500 13 (5, 1)
Quadratic 1500 500 13 (5, 1)
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Tab.3 Parameter values of each algorithm

i [i] ) 31 ELM n R-ELM (n, 0) OSELM n R-OSELM (n, 9) RR-OSELM(n, ¢)
Mackey-Glass 100 (150, 109 140 (160, 109 (200, 109
Rossler 120 (100, 10°%) 110 (80, 10 %) (200, 107
Logistic 90 (200, 10°%) 110 (190, 10 % (200, 10 %)
Henon 110 (160, 10 170 (200, 109 (200, 109
Lorenz 150 (200, 101 160 (200, 101 (200, 10°%)
Tkeda 190 (200, 109 190 (200, 10°7) (190, 10 %)
Quadratic 140 (190, 107 200 (170, 107 (200, 10°%)
F4 BWMEETN RMSE L&
Tab.4 Prediction RMSE comparisons of each algorithm
B [ )5 371 Kl
ELM R-ELM OSELM R-OSELM RR-OSELM
Mackey-Glass 6.63E—03 5.64E—03 6.95E—03 5.69E—03 8.45E—04
Rossler 2.79E—02 4.70E—03 7.03E—03 4.79E—03 2.66E—03
Logistic 8.52E—03 8.21E—03 1.22E—02 8.26E—03 3.74E—04
Henon 1.98E—02 1.72E—02 2.64E—02 1.72E—02 8.03E—04
Lorenz 5.80E—01 5.30E—01 6.42E—01 5.25E—01 2.51E—01
Tkeda 1.70E—01 1.64E—01 1.80E—01 1.656E—01 1.54E—01
Quadratic 4.28E—02 3.80E—02 5.24E—02 3.86E—02 4.82E—04
4 g:él: -L/E data streams[J]. Journal of Intelligent Information
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