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Fig. 1. Probability density curves of different distri-

bution without outliers.
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R2 GAIF B AR S AR 22 (Lorenz J731)

Table 2. Prediction errors of different models for data with different ratios of noise and outliers (Lorenz time series).

By RELM RESN SVELM BELMN MKELM APSO-KELM Robust-ELM
RMSE(77R A) 0.5988 0.5178 0.0097 0.3551 1.0495 0.9781 7x 1075
RMSE(77 B) 0.0751 0.0785 0.0858 0.0757 0.1169 0.0638 0.0565
RMSE(77: C) 0.7319 0.9401 0.0891 0.6229 1.2754 1.0780 0.0575
RMSE(77: D) 1.9033 2.0017 0.2037 0.8589 2.7595 2.8176 0.1032
RMSE(/ R E) 4.2149 2.9057 0.2807 1.3080 6.5310 3.1581 0.1550
RMSE(J7:\F) 6.3879 5.1405 0.4013 2.0430 8.3929 7.3918 0.2219
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Fig. 6. Prediction results of Lorenz series z(t) with noise
and outliers: (a) Prediction curves of Robust-ELM for
Lorenz-z(t) time series; (b) prediction error of Robust-

ELM for Lorenz-z(t) time series.
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Table 3. Prediction errors of different models for data with different ratios of noise and outliers

(Rossler time series).

Y RELM RESN SVELM BELMN MKELM APSO-KELM Robust-ELM
RMSE(HF® A) 0.2730  0.1510 0.0151 0.1516 0.7229 0.4818 2.5 x 1074
RMSE (% B) 0.2977 0.1281 0.0763 0.0502 0.1668 0.0379 0.0476
RMSE(# K C) 0.4973 0.3741 0.0809 0.3200 0.7927 0.7258 0.0494
RMSE(HF: D) 0.8623  1.1424 0.1476 0.5736 1.4319 1.2566 0.0959
RMSE(HF R E) 2.4689 2.1436 0.1931 1.8378 2.9298 3.3037 0.1462
RMSE(H R F) 4.2413 4.7960 0.2197 2.6950 4.6779 3.6058 0.1781
b T NAZ R B B B AR B, R AR S R
= 10f 1 . \
T solh ] —HERBH R T R X TR 2 1700 4 2 2003 4F
3 0 1 K BH 8 5 A0 g ] A UL B YR N 1) 5. 22 s 1]
Q
-5F 1 g v YN N S
S , , \ FRE, 77 209 HE, EPERT 200 4LE N UIZRRE
0 500 1000 1500 2000 ST S 4
1000 K, JF 99 ULAE I IREEA.
g 0 ' ' ' H I GBI AR b B H AR R B N S H
5 05} 1 =] ey I —
: s R 7 T S AR R BH 28 8] 2 27 4 8 s
2 0
% —o5r 1500
& 1o . . . i — = W R KB RS
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T 1000 | | |
ime i I \ it |
7 AW RIS AT Rossler i 1 x(t) TN 45 w0l ” ,'| ” ﬁ ¥ l
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Fig. 7. Prediction results of Rossler series x(t) with noise % I‘ l| ' ‘ |,I | |: ' lul
and outliers: (a) Prediction curves of Robust-ELM for —500 :|| l'l * l l I
Rossler-z(t) time series; (b) prediction error of Robust- I ' ‘ I
ELM for Rossler-z(¢) time series. —1000 1 !
7 : S —1500 L L -
4.3 KMEF-®ARREENEF5 0 50 100 150 200
i)
mESH "
. . " N 8 SN U 7S (R KR TR I (8] 77 31
N SRR P SRR B A 2P, R LN T o - . .
_ ) ig. 8. Sunspot chaotic time series with outliers and
X BH R 7 R RT A0 — JC VR LIS [ 3 7 T o noise.
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Table 4. Prediction errors of different models for data with outliers and noise (Sunspot time series).

TR RELM RESN SVELM BELMN MKELM APSO-KELM Robust-ELM
RMSE(77: A) 21.8540 22.3974 21.3388 25.6201 27.1851 27.6898 20.2187
RMSE(77: B) 20.7572 20.7519 21.5102  20.50102 27.2556 27.1689 20.6013
RMSE(77:( C) 25.2352 28.9051 21.8440 29.1947 31.4600 30.0833 20.7516
RMSE(77: D) 39.2112 35.9152 22.3461 33.8170 47.8562 43.5513 20.8311
RMSE(/ X E) 62.5675 91.7411 22.5145 48.3793 91.5065 48.9116 20.8542
RMSE(J7:UF) 128.3522 140.6035  23.4275 93.8488 124.63 58.6643 21.0985
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Fig. 9. Convergence curves of Robust-ELM for Lorenz

chaotic time series.
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Abstract

Chaos is seemingly irregular and analogous to random movement happening in a determinative system in nature, and
more and more types and numbers of time series with chaotic characteristics are obtained from the actual systems, such
as atmospheric circulation, temperature, rainfall, sunspots, and the Yellow River flow. The chaotic time series prediction
has become a research hotspot in recent years. Because neural network can be strongly approximated nonlinearly, it has
better prediction performance in the chaotic time series modeling. Extreme learning machine is a kind of neural network,
and it is widely used due to its simple structure, high learning efficiency and having global optimal solution. Extreme
learning machine initializes the input weight randomly and just adjusts the output weight in the training process, in order
to be able to obtain the global optimal solution, so it has faster convergence speed and can overcome the disadvantage
of gradient vanishing. Due to the above advantages, in recent years, the improved algorithms of the extreme learning
machine have been developed rapidly. However, the traditional training methods of extreme learning machine have very
poor robustness and can be affected easily by noise and outliers. And in practical applications, the time series are
often contaminated by noise and outliers, so it is important to improve the forecasting model robustness and reduce the
influence of noise and abnormal points to obtain better prediction accuracy. In this paper, a robust extreme learning
machine is proposed in a Bayesian framework to solve the problem that outliers exist in the training data set. Firstly, the
input samples are mapped onto the high-dimensional space, and the output weight of the extreme learning machine is
used as the parameter to be estimated, then the proposed model utilizes the more robust Gaussian mixture distribution
as the likelihood function of the model output. The marginal likelihood of the model output is analytically intractable
for the Gaussian mixture distribution, so a variational procedure is introduced to realize the parameter estimation. In
the cases of different noise levels and the different numbers of outliers, the proposed model is compared with the other
prediction models. The experimental results of Lorenz, Rossler and Sunspot-Runoff in the Yellow River time series
with outliers and noise demonstrate that the proposed robust extreme learning machine model could obtain a better
prediction accuracy. The proposed robust extreme learning machine not only has the strong capability of the nonlinear
approximation but also can learn the model parameters automatically and has strong robustness. At the same time, the
time complexities of different models are compared and the convergence of the proposed model is analyzed at the end of

the paper.
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