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A new online extreme learning machine with varying weights and decision
level fusion for fault detection
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Abstract: Online sequential extreme learning machine learns samples one by one or chunk by chunk, so it is appropriate
to analyze online process data and to detect system faults. To improve the detection accuracy and rapidity, a new online
extreme learning machine algorithm with varying weights and decision level fusion has been proposed, which increases
the weights of the new samples predicted wrongly by current data monitoring model in learning, and introduced decision
level fusion to improve integrated decision-making ability of the model. Performance comparisons of the method are
presented using UCI datasets and Tennessee Eastman process. The results show that the proposed algorithm produces
comparable or better performance with higher accuracies and lower training time.
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S AE LR WA I 7 9% (AN PNNL SVM) BL R A% 45 () 1E
Tk 75 28 4% FR 2 > 1 ROS-ELM #E4T 4] b, 28 6300t
AR RAE N SE B0 45 T S R A T
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18 FH 28 SCBIE (1 77 32 AT TS 56, 76 1 ~ 500 5 Bl Y
PR Ige R 2T AN L (A

3) IEMMLIE - C: A 2R — 38 R 36 1 5 1A
[2730, 230 G |5 N fI e ).

I1() = #(0)) = {1’ =

4) R RPIFEAREIEINE Ak AMKIK K
BN (0,101 Y5 FE A BL 0.1 A5 K I EUE, 3 F 22 X6
UE 5 V5 XA 3R P £ 5 £ (Haberman, magic, statlog) 3
AT TS B, S 06 &5 SR WY, d i 1) AME & TR ALE {041,
0.2,0.3,0.4}, (Al X T4 Bt 5, o I A2 IRV
FESEE{0.1,0.2,0.3,0.4} LA EAL L & A

5) SRBANEQAEZ A IR A I, 22 2L
MGT 2 2 FEONGR RIE K, NG D S A R
S A5 R AN B, T O S B A 4 3 AN 2 UL AT R S

6) WO PR L 433K H sigmoid. sin. radbas = Ff
B R B R EATI, B3 A T UL =1 ~
500 I, BV AE Segment HAE 48 RIS L. 45K %
B, SR H Sigmoid BRI VAU TSI 45 1. o8
I, BT S % B Sigmoid 15 N FEZ B0 R AL

1.0
0.9}
o 0.8f
[5) r
< 07
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0.6} - - Sin
05 . . e Rzlldbas
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L
3 FEBGERB TN ETRE
FAN AR SR [ 7], WIEERY BN SRFE AN BN =
L+ 50, T AIEREARBOR D>, W16 BOREAA 2
NNy =L+ 10.

F1 BENALE S MIEAENLEER

ROS-ELM WROS-ELM MROS-ELM WMOS-ELM
sk FEAAN KL
Acc/ % Acc/ % Rate /% Acc/ % Rate /% Acc/ % Rate /%
Segment 2100 93.05 93.62 0.61 93.80 0.81 94.12 1.15
Satellite 4435 96.46 96.58 0.12 96.74 0.29 96.94 0.50
Gesture 1747 91.52 91.99 0.51 92.00 0.52 92.08 0.61
Seeds 210 94.43 94.60 0.18 94.43 0.00 95.06 0.67
Wine 1599 60.42 60.13 —0.48 61.28 1.42 60.94 0.86
Haberman 306 73.94 74.86 1.24 73.76 —0.24 75.12 1.60
letter 20000 82.48 83.74 1.53 84.33 2.24 86.48 4.85
Contraceptive 1437 52.42 52.88 0.88 51.94 —0.92 53.20 1.49
Fertility 100 85.59 87.06 1.72 88.65 3.58 87.18 1.86
magic 19020 84.07 84.4 0.39 84.72 0.77 84.88 0.96
Hayes 132 53.91 55.36 2.69 53.64 —0.50 56.68 5.14
Pendigits 10992 98.49 98.62 0.13 98.75 0.26 98.81 0.32
Climate 540 91.76 92.13 0.40 91.24 —0.57 91.83 0.08
Statlog 6435 88.12 88.37 0.28 88.46 0.39 88.54 0.48
SPECTF 267 78.58 79.53 1.21 79.44 1.09 79.62 1.32
Vowel 990 82.35 87.76 6.57 85.24 3.51 88.78 7.81
Wilt 4839 95.65 96.01 0.38 95.79 0.15 96.18 0.55
Yeast 682 58.37 60.30 3.31 58.71 0.58 60.37 3.43
FIE - - - 12 - 0.74 - 1.87
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SR (7], 1 18 AN UCT SE b 73 2K $i s 45 56 41E
A4 SRS (AT RO, ¥ A S WMOS-ELM 5
ROS-ELM. % F 38 I 152 75 S AU B (1) OS-
ELM 5732 (WROS-ELM) F 3% FH 1 5 2 il 65 5% & 11
OS-ELM 3% (MROS-ELM) #E AT LL 8. sz 56 b fr 5
JE AR HEALAE [— 11138 B A, 2/3 (R s 48 FH Tl
25,173 AR S T 00, IR ah Rk 1 .

# 1, Rate 51 o 1 HUME R & S 45 AN T1&
4 ROS-ELM &5 R 1l

Acc — Accros-ELm

Rate = x 100 %.

Accros-ELm

B2 1 A DLt BLR 45 i WROS-ELM #
MROS-ELM HJ~F 2 #E# Z2 HH A T ROS-ELM 75 7] i
B 1 1.20 % 0.74 %, H H 7E Vowel F 45 4 I, WROS-
ELM 25 6.75 %, MROS-ELM # 751 3.51 %. [A} i A
P SR I 1) WMOS-ELM [V 35 4 ff % AH X - ROS-
ELM #2 &1 T 1.87 %, 3 H1 7F Vowel 2045 £ I Lt 4t
ROS-ELM ] 7H A 22 41 e M B2 3 3 7.81 %o. W] 1Y
Tl S 243 i B2 e BV 0 SR MR 2R T o I 4 v
REAS B TE LTI R PERE.
322 HEEEESMT

NESIE WMOS-ELM X M 75 2408 1) & 4 1, 23R
1 HH B L% 35 2 A H i 4R Segment H Gesture i3 47 S
B dRFRIE FE 590,01, - - -, 0.5 HI T 245 AN S i 48
(1) I R A HRG i e 7 M P AR N g v R0 1) 1B
FEAKE L& VIR AE 2 05 2) 2R3 2 N(0, o) 73 Fi
{100 AL 508 0 B A AR Kt o L J8 PR AE L, [F) I CRIEAT:
A B 2 bR ac B A AR, S5 45 R B 4 R,

1.1

—— WMOS-ELM
--- MROS-ELM
1ot WROS-ELM
3
<
0.9}
0.8 ; ' ! :
0 0.1 02 03 04 05
Noise level
(a) Image segment
1.1
— WMOS-ELM
--- MROS-ELM
Lol 0000 e WROS-ELM
S
<
0'9 \—-&-— —-/\‘T.‘
0.8

0 0.1 02 03 04 0.5
Noise level
(b) Gesture

4 BREHIEIEER

P&l 4 A] W, it 25 M 75 20 591 fR) 384 1, MROS-ELM . WROS-
ELM 1 WMOS-ELM [ 73 K #E 1 235 R FRP AR, Sk
HA B &R
3.3 TEFEXWHEMER

FH & 4 -7 351 2 ik #2 (Tennessee-Eastman process,
TEP) 52 S PRk Tk F8 B BAORE 7 A8, V2 R A
TZAAEEE BIENAEG] R i A A
I A5UE ( F  27-281 TE i A b 3L & 4 524l
AR, 4R R E 1SR AR RTS8

BT SCHR [27-29], A% SC I TE i R 0 3 S04 3k B
HAP B 1. 24 4. 64 7. 8. 13, 14, 17, 18, 191
TE B QO AT A E SRR, S0 0K BT A B b
ARSI [—1,1].

1) BN

s WMOS-ELM 592 5 £ St (1 g e A I 75 %
SVM. PNN. ROS-ELM #{75%F bt SZ56 o s A A
S RUNZREERTNALE, % FEAE AR ks R
N2 MR 3 FroR. R 2 N PA TR &5 R, %3 N
JIT A WA P A N 425 SR 110) < 20 (1 RIS 8] 5 #6155 0. FH fh
# (Bias) PEA% 7 2K 28 11 BE, Bias /N 18 B 1% 70 25 2% 1k
RE kLT, B

Bias =

AcCa — A
DCmax 7 ACC 100 %, (24)
Accpax

Forr: Acemax N ECE TV P HE 2R [ 5 K AEL Ace
FERL RS 2 AR A 2.
R2 BENR SR MEEERNIER

bt SVM PNN

ROS-ELM  WMOS-ELM

K Ace/ % Bias / % Ace/ % Bias/ % Acc / % Bias / %o Acc / o Bias / %o

90.69 128 9139 052 91.87 000 91.77 0.11
9273 0.00 8796 S5.14 9227 050 91.70 1.11
9460 0.00 9278 192 93.15 153 9373 092
7264 276 6604 11.59 7441 039 7470 0.00
9223 285 9313 191 94.08 091 9494 0.00
8 8844 000 79.04 10.63 73.85 1650 83.89 5.14
13 90.06 3.27 93.10 0.00 83.74 10.05 8627 7.34
14 58.76 16.28 49.64 29.28 60.23 14.19 70.19 0.00
17 79.14 879 49.10 4341 8224 522 86.77 0.00
18 63.54 18.09 4495 4205 7385 4.80 77.57 0.00
19 79.58 745 80.00 697 8431 195 8599 0.00
T - 5.52 - 13.95 - 5.09 - 1.33

~N N AN =
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SVM PNN ROS-ELM WMOS-ELM
MR /% 79.02  45.32 79.32 81.48
IR 8] /s 387 1214 0.01 0.07
R H] /s 0.97 5.55 0.17 0.19

% 2 7] I, WMOS-ELM [ i ZF ¥ H A
1.33 %, 376 /N T SVM. PNN. ROS-ELM [#~F 318, 43
N 5.52 % 13.95 % £115.09 %. H13 3 7] i, WMOS-
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ELM [1]°F- $5) YE 7 % Ny 81.48 %, 5 - T SVM.  PNN Fl
ROS-ELM [f] 5 3, i ] WMOS-ELM 7£ B/ # [
R AT B R I R B T R AT T REL BOAR
WMOS-ELM (1] Il Z5 Bsf 18] A1 0 1K 15 3] B K T ROS-
ELM, {H#B/D>T-0.2s.

2) FES AT I S5

TN LGAE R I FR B PR R, A 1.2 4
7 WA B A AT 525G S 50wk (18], TR AE RN Y
HASE R0 — BT SR A B 2 AT K, 2 4. & 5 A0
6 FIT 7. 22 4 IS 35 TR ff 28 2 -4 0 DX f
BRI SE, YIRS 8] 2 i A SR VI 25 50 B 7 21
B 0], 1S5 AT 6 o 1 A5 2 P v A 25 AR BT[]
THFERS L.

T4 EEMIERNKIELER

SVM PNN ROS-ELM WMOS-ELM
TFHIWERIR /9% 9373 92.00 93.83 93.98
VESSENE 567 1557 0.88 2.44

0.95
0.94 f/ )
0.93 % °

Acc
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091}
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HH 2 4 7] 1, WMOS-ELM 7£ MK & | 15735 4
1% 4 93.98 %, 4 T SVM.. PNN. ROS-ELM. H
5 7] %1, WMOS-ELM -4k ¢ I8 4 f 256 (1 4 A 15
&4 T SVM. PNN. ROS-ELM. [A 24 SVM F1 PNN [¥]
W ZRa A2 72 BT IH R AR — e SRS A, DAL b 1 2Rt [
FH O FR 24 0T 14 . B 6 B s, I R 8] Bl A A
O B 0 5 2 P B K, R PNIN R B B B2 3K,
1l ROS-ELM Al WMOS-ELM F#J Il 5} 7] 5 A {435 A
A7 AR 1, WMOS-ELM T i F 6 30 4 iy 26 A1 25
i R) 38R I R AP PR RE.

Zi L FTik, SCH R H ) WMOS-ELM 575 H T

TE 3o 2 75 28 i 55 Az 00 BsF, 7 7 ff 23 A1 2R B[] 458
R RUFHITERE.
4 & ®

N T e R Ml B B R ARG A 7 i R e, AR S
H T e A AR N e S Rl (1) ELM T 2k i b
T3 %7 A 25 ) I R R, e P 2 i 56t 3
N IREAS AT Ror U, P ASE 28 B8 3 o 1 I iR 23 R
A IALE, FE 5] NS Rl G 7 V3T S e 3R F
F UCT %4 45 23 5 56 0E T 3 F 5% s 1 A 50k, 1
TE i #2 #5483k AT 07 15258, JF S5 G H T 18
2R W ARG W 11 43 2 40922 PNN AT SVM k47 %] L, &5 3R
W], WMOS-ELM 7 31| 25 I 7] R 0 48 5l 56 _E #83%
LB P RE.
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