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Abstract: An improved principal component analysis (PCA ) is presented w hich uses principal-component-related
variable residual (PVR) statistic to replace Q-statistic The principal components in PCA is decided by virtue of
cunulative percent variance and multi-correlation coefficients The mproved PCA is applied to mycetozoan
fermentation processmonitoring and fault diagnosis The simulation result show s that the mproved PCA can avoid
the conservation of Q -statistical test and ensure enough information in principal component subgpace Comparedw ith
a systen performance monitoring based on characteristic subgace, the mproved PCA ismore effective

Key words PCA; statistical processmonitoring; fementation; fault diagnosis

1 ; PCA
’ ) PCA ’
, (PCA) 2 PCA
[1.2]
X nxm, n L]
[3]
. y m ,
' ] X nxm ’
(FVR) Q
1 2004-06-21; : 2004-09-20

(2001BA 2048 01-03).
(1970—), , ,
(1950- ), , ,



572 20
X mem. PCA 3
Xmem = Xonem + Enem = T2 Q :
A ToxkPmxk + Tox m- 1) Pmx - K. A(l) , )
Xwm o X , Enxm , Txk (el
Pmx k I [7]
Prx (- k(k< m) : PCA
X mxm R = :
X memX mem/(n - 1) , PCA
Pmxm, :
R = PrxmZPmxm, Toxm = X mxmPmxm. (2 Q
X= diag(A),Aa(i= 1,2, ,k)
X e Prxm T Q
,k m 4 Q
, , PCA
, , (
) A\ T Q
. T Q : (
X 1xm, T? ) , )
T?= EAME 1tAI:\<k= ’
X 1xmPmx k2 PmsciX Ixm < Q
n: _- k: Fin ko (3) ' " , °
X 1xm,Q (PVR) : m- s
Q= ElmeIAxm = (CVR) . Q
X 1xm (I = PmxiPmxi)X Ixm € Qu (4) :
Dtk Xoaxm L Fion ko PVR = Xs(I - PPI)Xs, (6)
o, k,n- k F CVR = Xums(I - Pm- sPm- s)Xm- s (7)
TEixm  Xixm Qu Q S m- s
o 3
. Q P/R CVR
, , PVR CVR Qu :
(cPv) s CPV
PCA PVR«= twrQ« CVRs= vrQ« (8)
p(X'i,T)( ri)[4], uvr + Uvr = 1,
= PX,T) = (Zk apt)”, (Wve = 1- va/zm . (9)
— i 1
i= 1,2 ,m,j=12 ,k (5) Y (5) PV
X0 Xoxm i Tk
A A A X : PV (5)
Pij Pmx k . ,
P(Xi,T) ,
,T? PVR CVR

[5]



5 PCA 573
PVR , 1
CVR K kK j=m
e " R RIORTL
, PCA , 1 4 2876 4 2876 42 87
PCA 2 31204 7 4080 74 08
4 3 13701 8 778 1 87 78
4 Q 5912 9 369 3 93 69
pH. 8 Q0001 10 0000 100 00
1 | 7) :
60 , [7]
(3) (4) :
’ ’ Q T? , 1
X 100x 9, 9 , 100 Q T°
; X 100x 9 , 30
X 100x 8 20t
2) X 100% 9 X 100x 90X 100% o/ (100- T?
1) ’ Ali= 1,2 10 ¢ B4R 12.884
9) Poxo % 20 20 60
3  CcRv ( () ——
) 1 . 1, Chv =
87 78% > 8% 3 3 (@ T2
PCA 3 30
l ] 2 l 20 L
>3 , Q 9, () FEHIPR: 11.406
90% , i
ChPv ,
4) 3 K Ali=1,2,9 REFAL
Poxa (b) Q
5) (3) (4) , 1 (71 Q@ T
T? Q 12 884, 11 406, T? , Q
o= 99%. ) 1
6) ¥> Q 85 ,
, PV
1 PV : pH, ( cv ) 1
, Cv . (8) (9 PVR CVR Q ,
PVR 4 801,CVR 6 605 ,
Q :
2
pH
Y(k= 3 Q 826 Q 974 Q 848 Q 887 Q 772 0939 0843 Q758 Q956




574 20
8) (6) (7) .
PVR CVR , 2 5
ig 10 R
= IS K Rs Iy PEHIEN: 4 81 , PCA ’
ﬂ:ﬂ_
= 5 , Q )
: S . P
0 20 40 60
R Fr Al Hr
(References)
(a) [1] Nomikos P,M acGregor J F. M onitoring batch process
10 AR using multi-w ay principle component analysis[J]. J of

CVR gt e

RATALEL

(b)
2 PCA

9 PCA

[7] T? :

Qu , PVR
CVR , . Pv

Qa, Qu PV

American Institute Chamical Engineer, 1994, 40 (8):
1361-1369
[2] Kourti T,Lee J,M acGregor J F. A nalysis, monitoring
and fault diagnosis of batch process using multi-block
and multiway PLS[J]. J o Process Control, 1995, 5
(4): 277-283
[3] , \ M ]
, 2000: 44-76
[4] , . M ]
, 1994: 35-82
[J] ( ), 2004, 25(1): 20-23
(LiY, Xie Z, Wang G Detemination of principal

(5]

components in PCA model on basis of fault
reconstruction [J] J o N ortheastern U niversity
(N atural Science), 2004, 25(1): 20-23 )

[6]M acGregor J F, Jaeckle C, Kiparissides C et al
Process monitoring and diagnosis by multiblock PL S
methods [J] J o American Institute Chanical
Engineer, 1994, 40(5): 826-838

(71 , :

[J1 , 2004, 55(1): 151-154

(Guo M, Wang SQ. Systan performance monitoring

and region identification based on characteristic

subsgpace[J] J o Chenical Industry and Engineering,

2004, 55(1): 151-154 )

( 570 )

[11]LiuJ S, Chen R. Sequential monte carlo methods for
dynamic systans[J] J o the American Statistical
A ssociation, 1998, 93(443): 1032-1044

[12] Doucet A, Godsill S J, Andrieu C On sequential
sinulation-based methods for Bayesian filtering [J ]

Statistics and Canputing, 2000, 10(3): 197-208

[13] Andrieu C, de Freitas N, Doucet A, et al An
introduction to M QM C for machine learning [J ]
M achinelL earning, 2003,5(1/2): 5-43



