%338 2 H 3 £ % K Vol. 33, No. 2

2007 % 2 A ACTA AUTOMATICA SINICA February, 2007
ETEE R MUR &/ =@ TR F 2580 =

H OE AXTEmA I TSR R A R AR M EEE, R T — RS 4L (Radial basis function, RBF)
FHINAU W fe - — T [7] )5 (Weighted partial least squares regression, WPLSR) #8455 IR 7 v 38 v s 3 AR . 1% 41
B OTEEE SN RBF SEUREA S (AL A 48 s 4R 5 AR i Al 2 0 AR 400 o BE AR S5 W 02 B) e B 43 A s BT e AT D% Tl
S THREE ST, BEE N HONSAFEA A FCRUE, IFHEm R ERICRIE A PLS 4, SEilnil PLSR, LIIRTF TR M A8 R 47 1)
RS2 o I T 0 T et T s R i, RBF-WPLSR 3875t PLSR. WPLSR A RBF-PLSR B =ik (KA 2.
KR BEREL B D ZFlIA, T

hESEES 02124 TQ021.8

Radial Basis Function-weighted Partial Least Square Regression and Its
Application to Develop Dry Point Soft Sensor
YAN Xue-Feng!

Abstract
(WPLSR) has proposed to develop the dry point sensor in petroleum distillation products. Many operation factors have

A novel approach of integrating the radical basis function (RBF) with weighted partial least squares regression

effect on the dry point products and correlation among them. Firstly, this approach uses RBF to carry out the nonlinear
transformation for the sample data. Secondly, the space distribution a of a nonlinear transformation sample data set is
analyzed, and each nonlinear transformation sample is self-adaptively weighted according to its different ratios of predicting
contribution for the predicting sample. Thirdly, PLSR is applied to weighted nonlinear transformation sample data set
to remove the correlation and develop a model with high predicting precision. Finally, PLSR, WPLSR, RBF-PLSR and
RBF-WPLSR are utilized to develop the naphtha dry point soft sensor. The comparison results show that the prediction
by RBF-WPLSR is the most precise.

Key words Radial Basis Function, Weighted, Partial Least Square Regression, Dry Point

1 3515

B ) B 23 7 el R T U ) R R AR,
HAZ 8 b TG 5 8 0 8 Ze o A HEAT I 2, HURE
2oy A ELINF IR, R 0 3t S7 TR P IR 2 1
B A, W] LS 2y M T RUBUE R AR Y
SEI R, Ok AR AR AR i R L
BBy, St TIRZ ik AdMaeRz
TEE M A1 JA 5 i 81, LA TR i A 1 AR T 0L T
Ao AEE DR AR R R G A1 2 P I 2%
JEL Sl T DA B m AR MEAR R, (05 LI
BIE. A, T —Fiied i £ (Radial basis
function, RBF) FIHIAU i f /s — 3k [m )5 (Weighted
WCH H 31 2005-8-26 it e H 19 2006-3-20

Received August 26, 2005; in revised form March 20, 2006
B % A AR 54 (20506003), #H & A 2 B R W5 E S0 H

partial least squares regression, WPLSR) #H45 &
(PR 5. R A A E SN RBE SEIUFE A%
PR AR E AR s SRJEXT T D ANAE A A 1) 0 (FR
TR 5 ), R R A LM AR 4 o A AT A5 S 4
ol 111 SR 7 7 TP TR (WD Y PO S S (6 e WA P =|
I YA AN FEAS Z BOAAEL. X 7% 8 3 A% B (AL A7 A
THAER, B IR A Bt 4 Ui 5 2 5 (A
VAR PLS Begr, M S it DA ) d5e 21y — e ] I,
DLE ST BT i TR B2 K, TR fi R 2 1R S0
B, K RBF-WPLSR & H 14 18 3 A7 i il 52
O, SRR LR

2 FREEE MR E/I—FM)T

(106073), L/ WARTH (04QMX1433) %)

Supported by National Natural Science Foundation of
P. R. China (20506003), Key Project of Chinese Ministry of Ed-
ucation (106073), Science and Technology Phosphor of Shanghai
(04QMX1433)

1. HRHTRSZ Q3T Bifg 200237

1. Automation Institute, East China University of Science and
Technology, Shanghai 200237

DOI: 10.1360/aas-007-0193

2.1 FEIHEM LK

RBIF 92516 T 5 & 4 A5 4 (8 10 4 5k 0 0
VR E A p R (@) RIS 2 XN g
{y), = 1,2, 0, SRR ISR A
B flz) , B2 ELM: flm) =y, L4k
HR 1, ISR T B AR RS R B, IR



194 H | 1k

F {1

33 %

LKA
z) = ZAjeXp(*llfv* cl*/o7) (1)

Horr, A m?ﬂ‘aﬁ’%éﬁ mfé%ﬁvl\i&; c; AT

||| RMRRTEHEG of A AR A1
ZH.

2.2 MiUmER/N=3kEYT

2.2.1 {fRE/N_FME)]

WREARZ RN n, AZERYEECH p, RIS RYERL
N g W EZEBIEME X N nx p(n> p) 4,
BEBIERE YU nx qg(n > q) 4. XA
R T B AR AR R AR, T UK i g/ 3R 1A
(PLSR)® %, PLS jl4 ({280 n] F NIPALS 5340,
W T ARG kA PLS 4RI nox k 4EBaAs
B, HA7 T= XU, W PLSR f#

Y=TC+E=XUC+E (2)

Horp U3 p x EYEREARIERE; C 2 kx g 4ERITRE
FFE; B nx q e/ FE. #8 NTPALS HikH+
AR O 5 U, W g A IAZ B PR AR AT
AT B Ay R v 5

y=xCU (3)

R EE, TR, A REA A
SRR AL AN F AL, O SRR O, AT BCR
F AR 773000, B 45 ANRE AR 3 AN [8] (LA
B (2) [

WY = WXUC+ E (4)

T W ok ) S R dmg(\/wi, VW2, W), B
KBUE w; >0 (i=1,2,---,n).
2.2.2 miimE/NZ %EUH%&

WPLSR LI T (76 % o0 & i, RN
AT IE TR R BRI, S AN FEAALE T A
[ PR HBAL S 20 BCAS R B AAEL. TR 1 R /SR A
FEAS 55 T %6 % 22 TR R PG HE 38 14 K /N 3 N ik AT
SYEC. B, A AT G2 1) (1) KR PG B 28RN, )
TA A BT UM T G (1) 6 1 TN gt Bk, A A
HH Y 3 B R A B2

MR A A FH T o 52 2 1) BR PG B2 25 7R/ ] A
HZMBAE 3 BLTT R, A TR FH — e ok 17 5 )
THJ7 % WAUE IS EC m (m Ry IE4L), N
5 P00 6 G RK EG BE B 5 T (P ET m N FEARRUE S 1,
HAREARUE N 0. WPLSR HERHHEL IR IR .

1) WA BaAE B (PLS i) Bk k (k
1,2,---,p); BUASBEZH A m (m = k+ 1,l<;+
2, ,n—1).

2) XFTEREXS kA m Al SR A8 X BRI,
S HR T AR AS A X 15 2 - 7 AL

21) N n MRERPIEHE jAMEAR o (5 =
1,2, ,n) WRREGHEAS, AR M EREA.

22) fEn— 1 MNEBEAR z, (i=1,2,-- ,5—
Lj+1,---,n)H, SKREFHLR EE%‘%&E@ m A
FEARRUE R 1, FERFEARBUE N 0, A SAUEHFE W.

2.3) X AR AR 1) B AR B A R R X R R AR
I Y (A ERIGFEAR) PAT AU BE, kAT
m x p i BAS AR X, = WX Al m x g 419
B Y, = WY.

2.4) XM NIPALS 5k X, FHEEGT & A
PLS &4y, He m x k 4epaZs S fipssE 7,0, I
SRR p x k dEF AR U, Ak x g 4E[H1A
RBUEFE C,y g

2.5) WHRBFEA o WHMMERE §, =
Ch WUy FUES IO gy 2 IKURE L 5
(T A I, KX BEASFEAR AT — IR Tld, X T4
XFm F kAR, 4% TSR Y. R R 6 1R 25
M, FHeHh Bk

mk _ Z Z y]l y]l (5)
j=1 I=1
Ewwmmﬁﬁgﬁ%ﬁ%Y%%mﬁsEm%ﬁ
ZNIEREDYIVIEIER
3) KA B g AN R ZFEFE R HI2E m
1T k3, AR A AL E BP0 . 2k
WORZEHE R P/ MERITTER, EFTERAT 5 M5
S nlid A Moptimal A k’optimal-
4) X BARERUEN @ TR 5, FAUE S
B HIBN moptimars FR BN Koprimarr 1% 2)
A 2.2) - 2.5) BENLL T T RIS 2* (1)
[EVE) S
2.3 RERH MURmRNREIFE L
éﬁ%l&ﬁ TR 5z /> — 3 B A AH 25 5 (R 21 5
BT VE v ik RBF 9256 58 521 f0AN B0 LU 7E 11
R, TR I NN e s R A B e Y
TIRORG L. AT PR R
1) FEAHHE K RBE HF 2 1t A2 e, s 54
ZHEAAEN RBF MBI EERNE (¢ = o) j =

1,2, m ), RN @ PTG B, T
PRAH N @, B
7 = exp(=[z— ¢l*/07) (6)

Horf, o R om0 AR oy = £ @ —
gl G=1,2,  n o, e AT O IFHL AT
AR 2, i= 1,2, n 4T (6) AL P,
TERAR LA RE A SR 0= 1,2,



24 IS

e« A0 RS- AU /> 3R [ U1 1 s A 195

e

e

2 I
B © -

IR

T Bl

K1 g 2R
Fig. 1 Flow chart of preflash tower
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Fig. 3 Analysis value of dry point versus predicting value
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Table 1 Comparison result of optimal predicting
performances of different models
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