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Structure Adaptive Sequential Regularized Extreme Learning
Machine Based on Time Series Prediction and Its Application
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Abstract: To improve the on—line prediction precision of time serials under small initialization sample, a
structure adaptive sequential regularized extreme learning machine (SA—SRELM) is proposed. For this new
method, at the stage of on—line sequential learning, the output weight of SA—SRELM is renewed by different re-
cursive methods according to training sample size. Meanwhile, when training sample size is added to a destined
value, new samples are added and the oldest samples are removed to enhance the dynamic adaptability of predic-
tion model. Based on above process, the prediction model is built. Three typical chaotic time series prediction ex-
amples are used to verified the validity of proposed method. In the end, the proposed method is used to predict
aeroengine exhaust gas temperature. The results show that SA—SRELM can get better generalization performance
compared with regularized extreme learning machine (RELM) and sequential regularized extreme learning ma-
chine (SRELM) . The prediction accuracy for SA—SRELM is almost six times and twice as high as RELM and
SRELM, respectively.

Key words: Regularized exireme learning machine; Small sample; Time series prediction; Dynamic

adaptability; Generalization performance

12 2% HLAS I (1) 7 o i e TR B e o A 25 IR T AR
BN AT AR R Gl R R e A P R R Y
Jit 7S A s LR AT AR B IE L E il T A R AR T S A S R S LR ) e S R

T

* UgFEHEER: 2014-03-31; 1EiTHHE: 2014-05-16,
BEE&WMB.: ERAKEARSE (61004128),
fEE®AN . 7 2 (1985—), B, 14, I fEMEI2 M S il . E-mail: trees241@163.com



$36k: 3

SR 3 B IE DU AR 3 > AR ] P 41 B0 e Rz H 459

AU T TR A 2 A s AL RE A S A F, mT Dy T
By 5 HlE s HG ke e 412 A3 e SRR A ok T A A S it A S
KB OLAE 4E 12 B B S KL R
(Exhaust gas temperature , EGT) J& 1] & W 2 Wt fiip 25 &
S HLE BE 19 2B 1 RE S K, R T I s R
A IR ) B A Y AT I R S B =S K Sl HILIR 2
W A ROR AR Z — TR 2 S ) AL
S5 N TR RE 7 vk BAT O S E T Y B0 A 0R
R AR LAk WS E 1 S5 A0 A, BEAR 2 5 3 I T
FL 23 O Sl AL HE R BE B TI0I rh I 2R A A A
R M 2 W £ 5 vk S BT HE TR B O
VF il S 25 % TROHL A RE S B Hh A7 A B S T E
Ab PR RE AT TR G, TR R P AR 2 I 4y
500 ) T S AR5 e e 1 R AL R AR 5G] R AL R HE I
T ) R AT TR AR AT R SN
T RE 7 ¥R A AR B S R0 LA M T 2 TR IR X
S5 B 7E T HE AR B Y TE e I i 2 B
B A

1 3 27 °J BLJZ 2006 4F H Huang 45 %7 % 2 1
Fi% — 7P 7 0 PR GEZ RI  M 2 I 4% 5 A Gk 2 T 4%
D7 YRR L, I 2 S B B K Y 4R e 2 AL T g
FAE, HA RO S T R T W SR R AL, B B ]
T WE R AR G AR TR 2 2T LY
i R AL T o SRR R A Y PR A B TR R
JZ H P B AT S A A B S R AR A O
23R W ELM A9 B M Koz AL PR RE L O It AR OC 52
$H T RELM ™ 5l i 78 0 2 H AR oA St A
(B 3, AT A I o 2 v, AN A /N A DI 2k
W& 22, I8 R R AL T HAZ AL RE ) 1Y 45 kg XU E AT 45
i, B T ELM A AR E M Mz AL BE T, 4R T RELM
5 ELM —FEAT 4R T T 85 2R W, Jc ik F) T & 4 52
bR 2 2 BT B SO AR . O 92 0 RELM 1Y 7E 26
T, 5 5% A Bt T AT 3 A SR gt H R ASULEL 1 R B
TF DU AR s 2 29 L (E O HUE T R0 R I R AR
BER A B, A6 ) Bf /N AS A B0 T X DL R4 1Y
T 4

BTS2 B v UL R A0 6 IR AR AR B D B O
Bt T AR A A AR RIS 2B 5 i HE A TS O SRS 25 A
FI 3 W FF 53 I D0 A 3 27 > BIL(SA-SRELM) , 3f: 1 JH gt
TR T il RF 18] 7 470 R ] 6 A 2 A gl AL G g 2
R BEATHIE o

2 EN#wZSIH(RELM)

A F I ES R, ={(x.)} . xeR ., t,eR N

N
i=1

3 ELM 7 2 H2%5 8 22 56 KU 7 R iz AL RE T AN i
0 B, AR B 5 R AU d /AR B RELM Gl 5 51 A
SRy VR PR OXURS: B L, TR Y S B 28 K
W5 5 235 Ay JRURS 8] A9 3 b, 6T REELME fige 2R [l I [1) L ]
B AL R 29 A Ak )

- (1 pr Y v
mln(zﬁl\ﬁ,\ + 3¢ s)
L
st ;= Z,Big(aixj + bi) -& (1)
i=1

Atf =1, N 5 g(*) R SRR L B
S H; a=[a, - o WEEEIADRIZEHS
T ARUE: By=[B, -+ B . B WEBE A
W J2 i 26 T B i HR LA 5 b, 5 1 A W2 28 T 10 B
%ie=[e, - & . e JEIEE; RRM ERE
Al 10 851, 8 S M Y H R 8

L(wvgﬂﬁh‘) = %Bzﬁ\ + %‘(;8 -
w(HwBs\ =Ty _8)

(2)

2w =[w,

G(alx, +b1)
H, = :

o wy] R I H AU
G(a,x, +bL)]

Glayxy+b) -+ G(ayxy,+b,)
TW = [tl coe tN]T

XL 91 1 6 5 78 R G 0 4 B S
i B, Wi B,

-1
EAV=(H.$HN+§) HIT, (3)

Rif IeR™ | B, =B - B . mscT iz

o1 25 9 RELM B 61 51 030 47
v= Z[{G(aiu +b,) (4)

X ueR NERE A, ve R NEBL G .
3 G BENFFRIENREE S

RELM it i 51 A IE W 46 2 B Be 06 A7 2052 = ELM
H T 25 R 45 ) LAY O Y 92 Ak RE ) 22 B [l {5
Je 5 ELM — 48 & T8 407 20, I gk AR o3 e
A, RS 3 o A I 2 ok EOR et S TR Y kR
RIEIN T YN Ia) o i 45 7 28 5 BEA o 55~ L (On-
line Sequential Extreme Learning Machine, OS—ELM )
{10 7 2R 368 4 J7 15 AT LA S 0 T ASE A () A 2R R
{HJZ OS-ELM J7 3% i B2 19 580 H 2R AN RE Il



460 e Pt

20154

SRREARBCE A 2 0 B2 T SR E ) 4 T
TR BE Nz A e ) 0 A RGR 72, DL X T W0 4R R
A% BB B /D A B, OS—ELM X L A5 W6 25 10 8
Ivi] B i o I R A B B3 28 38, OS—-ELM AS W7 1)
B AT T AN X TH R AR 47 AT o] b 38, 3 (i 75
B HRE A A T i 4 T ) 45 b A, DTS BOUI 2575
) B T AT X R G s S AR AL BR B RE ) R . &
X} b ] B, SA-SRELM % j& X A [m] B A % H % A
AN TR] 1 i s A 358 D7k DT i e 0 AR A (4 R
BEFZ AL PERE . SA-SRELM B #2401 F .

TG AR SR BT, Y B S R AR B H R AT
Wk (No<L) B, B 20 =8 (5) firm

G(a,,b,,x,) Gla,.b,.x,)
H,= : :
N,

: e : (5)
G(anblaxwo) e G(aL,bL,xNO) "

RELM %) 4 i tH AU 7] Rt
B,=H)(I/x+H,H,) T, (6)
MU REAR IR, B T AR AR R D R R B
U i B A SR 47 0 00 S A (%) TR T AS 59 B TH
BEA . 4 i i 20 B2 i o 4

Gla,,b,,%,) Gla,,b,,x)
Hl‘: S oo E =

Glapb.x) - Glab.x) (7
[ - hZ]T

i HHALAE
B.=H!(I/\+HH))'T, (8)

BREA (%, 100,,,) I i 0 AU AZE Sy
Bml:H/;I;l(l/)\+HA+1H2'+1)_]T/(+1 (9)

Wa s A B HL = [H) RLL]

Tk+1:[tl’ Lyy oty by tkH]T’JH:EH‘

T H T T
{+Hk+lHk+1=£+|:hk:|[Hk h..|=
k+1

HH'+1/)
hA-+1H/;F

, (10)
Hkhkrn
hl.'+1h’rlf+1 + 1/A
é\ Pk+1=Hl:+1Hlvclv+1+I//\

B,., :Hh-hrlfﬂ s Dy, :hmthH +1/A
= 10)Fm R

P,=HH' +I/A

_| P B,
Pk+l_|:Bz+l Dk+]:| (11)

b S ORR A 43 B A B SR 396 5 B AT A

P, B,
A
Bk+1 Dk+1

(12)
P'+s,.P,'B. B P' -5, P'B,_
{ _SN+1BZ+1P/:1 Sye :|
A sy, =1/(D,.,~BL,P.'B,.)
=L (9) ] TN
B.=H_P.T,., (13)

R (12) /T LAFE B Pl e R AL P
F K 133 9 4 0 OA T 3B 4, T 9T A BT A B
I 2 4 4 2 S o 3 L AT AT SR AR B,
110 6
B 25 4R A 00 4 2 A 2 R A S
7R I B R A Sl 6 B R
bt B 2R
B,=(H'H,+1/)) HT, (14)
SR A B B — i B B8 M 20 B B i 1
BE A X I e 3 B0 25 A SRS R L B
T A 175 5 T 45 58 1 o e, A 06 B A A
ST RE A IR 0O I RE AR S 47 S5 FL i 8 0
SHERE A (00, ) AR 08 A B BE A 4
O A A [ KL e 2
[T7 0] s B 506 5 v, B RS T A9 TH R A
x4 H R 2R KR MR B H,, B R

T S O ] A A [
W B 3 2 ) B AU
B1+1:(H1T+1H1+1+I/)\)_]H1T+1Tz+1 (15)
Hr
H1|+1H/+1:[h2[ h3I htl zl+1'
T ™ m™ m T
[hzl h; oo h’ll hll+1] = (16)

hzhz + h§h3 Tt thhz +h1T+1h1+1 =
H[THI + h1T+1hz+1 - thhl

H'\T, =[h; hi - h h]
[, 1, N (17)
H'T +h t.  —ht
i % OS-ELM % , 4 P = (H'H+I/A)"
P..= (H, H, +I/\)" B4 (16) 0 FRH

P =P +h h,  ~hh, (18)
é\W[l]l:P[?l-’-thﬂhHl ’muiﬁ(lg)%ﬂy
Pl;ll:Wlel_h;rhl (19)

M Sherman—Morrison 4 B >R 33 5] B AT 457



$36E H3 ZERE) T N B I DA i 2T A L 8] 5 510 S0 B =y 461
= (P +hi, h, )" = B P 3 4 % 4 H AR 22 (MAPE) HI 8 J7 H 4R 2%
_ Phj, kP (20) (RMSE) o 3 Ff 1} 8] > 51) 70 00 1 490 s A A KR AR 15 R 5
] 1+h1+|P1hzT+| Ao FHorp Lorenz B8] 52 41 f 2 (23) 4
P1+1 Z(Wzlll _thhl)il = dx (t)
=10(y, (¢) =, (2
w s Wb W (21) ()= )
I+1 l—thl,,lh.T dyL( )

FU(17) (200 FT (2D AR AKX (15) Hr, v 4591 25
A T 3 I i AU N

B.. = P1+1H1T+1T1+1:
P1+|(Pz ‘PHT +h 1, _thtlT):
P1+1(Pz_lﬁz +hib., _hlltll) =
B _P1+1hzT+1(hz+1ﬁl - t1T+1) +P1+|h|T(h1B1 - tlT)

(22)

A AN THREAS 3047 50 B, ) 155 A =X (20)
B3 (22) v iy g 3R i AT AU % BB B AT
i, 22)h P W, AR

VU A SC AR ) R A RIS BIK B 1Y) 45 4 S
1E DU, o 2 > ML HAAE BT

Step 1: M4 W 4R FEAS B H Vo 1 HUA 38 B2 7 4%
BOL(—MHCL >Ny, I 2 (6) 715 %0 ik 4 s A
B, 2 BIREARH kWK 0,

Step 2: 55 k+ 1 N HTFEA Bk, A FEASH N<
LR RE A I AREALE  JF MR A0 (12) A (13) 3
P, B AUE B, L B WEE A Step 3.

Step 3: & REA K H N>L, {H N<n (9 T 56 1% &
14 A 25 0 (R ), D) S0 B B AR I A RE AR 4R S
BRIHEEA, IF AR5 (20) AT (22) 8 W, I B, 54
FEARCH N>L H N>np, PR3 R AR AR S 1 [ B
HIERIHAEA  FFRER QD M) EH P, & B, -

Step 4:4 k=k+1,%% % Step 2.

Step 5: Il 2 25 o0, ) FH 450 ¢ 1) i s BSOAE 2 37 100
DAY 5%k 22 G0 A R AR AS 1047 FUI

4  LHIIGIE

43 5] 3% B 3 b TR i B 8] )% 3] : Lorenz, Mackey—
Glass DL S K FBH 28 B[] 5 51 % SA-SRELM EI’JWEH
AEFEAT IR UE o H b Rl 2 FOR B s a5 43 1 gk
2000 > HCHE | o A 4EECo 5 BSR4, Hﬂﬁﬂiﬂ%’lﬁu
o1, A HTHT 1500 A~ %540 ok Yl 2R 58, J5 500 4> £ i
0 I 900 A5 YA BB 5 K PH R 3R 45 1902 ~ 2001 4F 3K
100 -5 d | e B A 4EE0Ch 5, i 1R 2838 Ky 1, A1 i
92 A E5 4 VR B A LI R AR Sk Sy TN AR R L X ) 8
AN B s AT T o T A% SR aE O P A FE bR AT L

NP Y

o =28%,(1) =y, (1) =%, (1), (0) (23)
dz, (¢ 8z, (t

() (0, (0) - z()
Mackey—GlassEﬂLliﬂf?ﬁ'JHﬂit(24)ﬁﬁi7ﬁ

dey(t)  0.2x,(1-20)
e [x(t-20)]"

—0.1x,(t)  (24)

RELM, SRELM I #f 28 J0 %8 H 52 B T %) 4+ A
FUBL DA #R B S A, 1] SA-SRELM f4 #it 28 o0 % H 2
AN 2 AR FILAE BRI, A SCHR 20 A, [R) AR A B AR [
(B3 30, B I 25 0 A 78 Ze )11 25 Bsf 384 in 2] 30 )5
Je sh B BE D e, LA W B THEE AR (9 52 i, HOE Wtk
B BIHCA=2"2", 2% o F 1 R4 50K H RELM,
SRELM LA & SA-SRELM X i fili i} [a] /5 51 f% i 0
45

Table 1 RELM-based, SRELM-based and DR-ELM-based

prediction results of chaotic time series

Sigmoid Radial Basis

Data Method
MAPE/% RMSE  MAPE/% RMSE

RELM 16.65 0.6766 32.3 5.2034
Lorenz—
v SRELM 5.96 0.2795 8.59 0.6408
SA-SRELM 0.89 0.0512 2.6 0.1639
RELM 15.63 0.1576 10.94 0.1135
Mackey
SRELM 2.35 0.0248 2.96 0.0347
—Glass
SA-SRELM 0.32 0.004 0.4 0.0051
RELM 24.8 11.6822 28.28 12.0048
Sunspot SRELM 16.31 7.4752 21.17 10.9023
SA-SRELM 7.9 5.8897 8.51 4.7405
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Fig.2 Prediction result curves of three methods
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Fig. 3 Prediction error curves of three methods

Table 4 RELM based AEGT prediction results

Data point ~ True value/C Prediction value/C MAPE/%
96 50.7 47.5867 6.1406
97 49.5 46.2691 6.5271
98 51.6 44.7151 13.3428
99 49.1 46.1219 6.0654
100 47.7 46.5171 2.4799
101 49.7 45.3024 8.8483

MAPE/% 7.23

RMSE 4.0237

Table 5 SRELM based AEGT prediction results

Data point ~ True value/°C  Prediction value/C ~ MAPE /%
96 50.7 49.6201 2.1300
97 49.5 49.553 0.1071
98 51.6 50.4618 2.2058
99 49.1 50.4133 2.6747
100 47.7 49.809 44214
101 49.7 51.2667 3.1523

MAPE/% 2.45

RMSE 1.3597
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Table 6 SA-SRELM based AEGT prediction results

Data point ~ True value/C  Prediction value/C ~ MAPE /%
96 50.7 49.3563 2.6503
97 49.5 49.5220 0.00444
98 51.6 50.7972 1.5558
99 49.1 48.8504 0.5084
100 47.7 48.7574 2.2168
101 49.7 49.5138 0.3746

MAPE/% 1.23

RMSE 0.7816
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Table 7 Training time of three methods

Method RELM SRELM SA-SRELM

Training time/ms 0.19 3.1 6.9
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Table 8 Prediction results under different testing sample

numbers

N..  Error indexes RELM SRELM SA-SRELM
MAPE/% 33.86 3.17 2.23
10
RMSE 16.9039 1.675 1.2639
MAPE/% 58.68 4.57 3.96
20
RMSE 27.9812 2.8526 2.3751
MAPE/% 94.94 9.8 5.01
40
RMSE 44.8965 5.2639 3.0597
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