FAet M4l
2018 4F 4 H

H 3 b 2
ACTA AUTOMATICA SINICA

Vol. 44, No. 4
April, 2018

£ T B EEFFIRIME S T EAEFTISAL T
EXH I RFE F W KE

B FE XML G AR BR8N A % SR R (RS 5% R T S MR S I A SR 4 LR, 2 T R T R A A R
HY 22 A% B I [8] 5 0 T 20k, iz 483k B AE A 22 48 3 4% & 8] 1341 (Multi-dimensional support vector regression, M-SVR)
WTERZE A0 i th RE P, R B B A ) 2 AN AE 5T P AT B A TN, 528, X ST AT B T RO )2 R 2,
SEIUXF AT A A2 A 43 FoR, SRR TR P A0 i A2l £k, ARAE T 40 3 32 b e i) R BT S A AT S0 S R, AT
— LRI RRBLER T REITI; Ba, FFEIE AR ST E AR, FIH M-SVR #F7T0. &@ e a7, kA4S
FVELEEIE DA S BR E RS TR, A3 B A SCREE W AR 5 AT, R TR A7 5 3R 5 24 92 Fr L
PRARHEAT XS SR Ee, 45K, 5 SRR M M, A SCRE A 320 2 A8 = B E)Y 500 AR S5 T 15 S, TR 2
T, BEAR e T

KR EHRF IR, FlLk, FEIFH, 4SRRI

SIAMIN BI0E, BHE, B, Kt BT T 505 R £ AR B Ry 5 45 6 A0
619—634

DOI 10.16383/j.aas.2017.c160707

[ kA, 2018, 44(4):

Structural Prediction of Multivariate Time Series Through Outlier Elimination
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Abstract
dency among all variables, a new multivariate time series structural prediction method through outlier elimination is
proposed. This algorithm predicts on the selected multivariate time series by using the structural output characteristic.

To solve the problem that the traditional multivariate time series prediction generally ignores the depen-

Firstly, to recognize the relatedness among the sequences, the variable sequences are initially divided by hierarchical
clustering according to fuzzy entropy. Secondly, to further evaluate the similarity of the sequences in the obtained
cluster, the principal curve is introduced to calculate the abnormality degree of each sequence, and then the outlier
sequence can be eliminated in terms of the value of abnormality degree. As a result, similar sequences can be distin-
guished. Finally, for the similar series, multi-dimensional support vector regression (M-SVR) is used to construct the
prediction model, and then the structural prediction for multivariate time series is conducted. Moreover, a theoretical
proof is provided to show the proposed method has an upper bound of the loss of information and a lower bound of
reliability and that the proposed method is reasonable and feasible from the perspective of information entropy. Ex-
periments are conducted on three chaotic time series datasets and five real-life datasets. The results show that the
proposed method can effectively recognize the inner group structure among multivariable sequences, so as to obtain
a better forecasting accuracy and numerical stability than those widely used methods in terms of two different error
measurements.
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Fig.5 The result of clustering on original sequences
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Fig.6 The principal curve of B class

U, FIHIE (5) A B &P AT T4
M H AT BT AEH, P81 AFES 2 1
SR I T AU S YA, A 3~ 6 [
R FEAET 2 FIErRFs 1 fEs) 2 %
PR, 54 SRR B R e 2

25

b

L5

Outlier

0.57

S1 S2 53 S4 S5 S6
Sequence

K7 B EEFIINTHNET

Fig.7 Abnormal factor of every sequence in B class
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Table 1 Prediction performance parameters of capillary of three stages
e RMSE MAE
WIRIT 5 REG ST S WIHIT A REG ST
751 3 0.0589 0.0511 0.0319 0.0405 0.0357 0.0248
75 4 0.0843 0.0814 0.0364 0.0638 0.0603 0.0270
F3 5 0.0559 0.0508 0.0379 0.0435 0.0387 0.0292
741 6 0.0675 0.0585 0.0350 0.0494 0.0435 0.0269
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Fig.8 The prediction of three stages with
OE-MSVR algorithms

I 9~ 11 %1, OE-MSVR e84 I Fiii{E
SEIAERIEE, BT /DB BRI A A, K5
PR P T 0 ply £ P i LS il 4% SVR S 1)
H5 EAE W3 P A R, AH IS 43 1) 18] 5 14 75

MMEYY S HIAAAE 2 ELM BRI 45 R A
ORFEE, A B Al P P 539 -5 SR i ZE AR A
K.

M 1 ATAE ), BEH ST BRI BARAY 751,
OE-MSVR il RAEA Wi v, KB 575 P51y
FAE S WA R SR B R N AE (Y R IR, 4 0 e 15 2]
HAT OO AR BEORARLLE ¥ 51 I, 544 AR X rh 4
FHAHMERE SRR TR, Sar 9~11
AR, TEH BT R e ) LT #R AR, OE-MSVR
T 25 AR ] A e A P AR R, R R T
OE-MSVR "] A 248 2 A48 5 18] P 51 ) N FE 4G
PR, CEASTITIG B S iy, A e AR TR B A
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R B R SR B PR BB, 308 B AN [ R AR 1) R 4R
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Fol-BP &/ P55 T 2014 442 H ) 248 SRR
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SRR B L 2.
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Fig.18 The abnormal factors of four datasets
# 3 A monitor system ¥ TINS5 RAEREFR IR X LE
Table 3 Prediction performance parameters of capillary of A monitor system dataset
- RMSE MAE
J74
OE-MSVR Fol-BP SVR ELM AR OE-MSVR Fol-BP SVR ELM AR
A 1 0.1318 0.4561 0.8583 0.2388 0.1628 0.0949 0.3288 0.4115 0.1115 0.1628
75 2 0.1006 0.5843 0.4862 0.1926 0.1514 0.0835 0.4236 0.3271 0.1249 0.1514
75 5 4.7365 9.1443 14.5330 6.8052 4.0215 3.0607 6.4887 14.2472 2.4689 4.0215
%) 6 0.5226 1.6900 0.7693 0.4723 0.4642 0.3459 1.1693 0.6508 0.3407 0.4642
F4) 7 0.3767 1.2893 0.5828 0.3817 0.2548 0.2730 0.9145 0.4679 0.2784 0.2548
A 17 0.2112 0.9896 1.6971 0.4789 0.2820 0.1642 0.7497 0.7099 0.2239 0.2820
FF51 18 0.7122 2.2701 0.9597 0.8947 0.6812 0.5146 1.7620 0.7590 0.6643 0.6812
7% 19 0.1244 0.7442 0.2993 0.0434 0.0994 0.0613 0.4913 0.2992 0.0038 0.0994
F 4 Ttalian air quality $RSEHIN S5 RAEREFRARN 1L
Table 4 Prediction performance parameters of capillary of Italian air quality dataset
4 RMSE MAE
gl
OE-MSVR  Fol-BP SVR ELM AR OE-MSVR Fol-BP SVR ELM AR
J#5 2 121.9587 122.2608 123.6130 122.9571 123.4309 75.7143 70.2002 75.4696 76.6154 69.6428
7% 5 146.4420 148.3487 146.5258 146.3931 168.6011 89.7674 89.3968 88.6896 92.8062  100.1906
5] 7 113.6631 113.6741 117.6938 122.5415 123.6603 76.7395 77.8434 81.9074 85.8995 85.7884
J¥51 9 165.8359 167.1297 167.6215 174.2383 184.5600 100.3676 100.1063 101.4094 106.4807 108.7986
7% 10 178.1549 180.5234 186.9799 190.4919 200.0233 120.5245 118.7809 125.6156 129.6792 131.0641
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# 5 Istanbul stock exchange ¥ H il 25 R L REFEFRRT L
Table 5 Prediction performance parameters of capillary of Istanbul stock exchange dataset
o RMSE MAE
OE-MSVR Fol-BP SVR ELM AR OE-MSVR Fol-BP SVR ELM AR
) 1 0.0119 0.0192 0.0121 0.0133 0.0119 0.0090 0.0140 0.0092 0.0101 0.0092
5] 2 0.0151 0.0217 0.0153 0.0167 0.0151 0.0116 0.0167 0.0117 0.0128 0.0117
751 5 0.0097 0.0170 0.0095 0.0110 0.0098 0.0072 0.0123 0.0073 0.0083 0.0073
# 6 Gas sensor array drift ZaH NS5 RN RERSHRXT L
Table 6 Prediction performance parameters of capillary of Gas sensor array drift dataset
e RMSE MAE
OE-MSVR  Fol-BP SVR ELM AR OE-MSVR  Fol-BP SVR ELM AR

7312 9.08E+404 2.58E405 9.17TE+404 1.17E+05 9.27E+04

A4 22.7062 74.2977 27.8097 26.3881 25.4101
55  31.5850 111.9757  34.3149 39.0925 34.9793
FH 6 45.5174 221.2905 52.0124 59.9806 52.5336
75112 18.0458 80.8880 24.1219 28.6046 20.4600
73113 26.9213 79.6147 26.4391 34.9546 30.0822
75114 36.5061 241.8456  38.7079 49.0467 43.4256
75122 3.2263 5.0164 3.4150 2.7369 2.3271
75130  3.1137 6.3610 3.4056 2.7941 2.2838

5.20E+04 1.58E405 5.73E+404 7.48E+04 5.30E + 04

10.9343 39.8237 17.5229 17.1492 15.2092
16.1337 73.2789 20.6630 25.5340 21.5229
22.6310 118.2681 27.9837 36.8887 30.6452
9.0439 45.7426 16.7021 16.8084 12.8685
13.2553 49.2278 16.5452 24.2313 19.3481
15.8653 138.9438 20.7230 27.4320 24.8211
2.7023 2.9809 2.9791 1.8935 1.4541
2.5935 4.2371 3.0138 1.8682 1.3841
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