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Abstract: According to the multistage characteristics of the batch process, we propose a new stage separation method

for the production process. Based on the variation in loading matrices and principal component matrices which reflect the

evolvement of the underlying process behavior, a two-step substage separation is proposed. To objectively show the similar-

ity between the loading matrices and the similarity between the principal component matrices, two similarity measurement

methods are applied to estimate the variation of the process characteristic with higher accuracy. These two methods are

respectively based on the weighted cosine of the angle between loading vectors, and based on the weighted absolute value

of the singular value variation. Process substage separation is realized because the loading matrices and the singular value

matrices in the same operation substage are with great similarity. Based on the improved stages separation method, the

multiway principle component analysis(MPCA) modeling is applied to online monitoring and fault variable detection in a

three-tank system. The experimental results verify the effectiveness of the method.

Key words: batch processes; principal component analysis(PCA); substage separation; process monitoring; fault vari-
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2 MPCA (MPCA modeling)
2.1 (Two-

dimensional time-slice data unfolding for batch

process)
,

�

X (I × J × K), I , J K

( )

.

MPCA ,

. ,

, , A∼D6
[10].

,

1 (

D ), K Xk(I ×J)(k =
1, 2, · · · ,K).

.

1

Fig. 1 Two-dimensional time-slice data unfolding for

batch process

2.2 MPCA (MPCA modeling)
, MPCA

PCA . MPCA

K Xk(I × J)(k =
1, 2, · · · ,K), (1)

K Pk(J ×
J) = [pk,1 pk,2 · · · pk,J ](k = 1, 2, · · · ,K) .

(2) , tk,i,j k

i xi = (xi,1, xi,2, · · · ,

xi,J) j pk,j(J × 1)
.

Xk = TkP
T
k , (1)

Tk(I × J) =

⎡
⎢⎢⎢⎢⎢⎢⎣

tk,1,1 · · · tk,1,j · · · tk,1,J

...
...

...

tk,i,1 · · · tk,i,j · · · tk,i,J

...
...

...

tk,I,1 · · · tk,I,j · · · tk,I,J

⎤
⎥⎥⎥⎥⎥⎥⎦

=

[tk,1 · · · tk,j · · · tk,J ]. (2)

, J ,

(3)

, (3) , Var(tk,j) = λk,j tk,j

, tk,j .

λk,j Xk(I×J) XT
k Xk

j ( ) . J

(4) Sk, Xk(I×J)
.

Var(tk,1) � Var(tk,2) � · · · � Var(tk,J), (3)

Sk = diag{λk,1, λk,2, · · · , λk,J}. (4)

MPAC 2

. , K MPCA ,

K Pk(k = 1, 2, · · · ,K) K

Sk(k = 1, 2, · · · ,K).

2 k PCA

Fig. 2 PCA modeling for the kth time-slice matrix
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2.3 MPCA (MPCA based

process monitoring model)
PCA

, Hotelling−T 2 Q ,

. , k

, i xk,i(1 × J)
T 2 :

T 2
k,i = tk,iS

−1
k tT

k,i, (5)

tk,i = xk,iPk k i

xk,i(1 × J) .

Q ,

(squared prediction error, SPE),

, :

SPEk,i = (xk,i − x̂k,i)(xk,i − x̂k,i)T. (6)

, T 2

F (7) [1]:

T 2
α ∼ A(I − 1)

I − A
FA,I−A,α, (7)

: A , I , α

.

SPE (8) [6]. mk

k

SPE , vk .⎧⎪⎨
⎪⎩

SPEk,α = gkχ
2
hk,α,

gk = vk/2mk,

hk = 2m2
k/vk.

(8)

2.4 (Fault variable detection)
(contribution plot)[11],

, T 2 SPE

,

.

, :

T 2 SPE . T 2 SPE

, ,

.

3 (Separation of sub

stages for batch process)
,

,

.

2 , Pk

; Sk

.

.

Pk Sk

. :

,

1 ,

; ,

,

, ,

2 .

,

, .

3.1 1 (First sub stages separation)

.

(9) ,

.

dp
i,j

= 1 −
J∑

l=1

γl

|pT
ilpjl|

‖pil‖ · ‖pjl‖ . (9)

(9) γl ,

. γl :

γl =
1
l
/

J∑
h=1

1
h

, l = 1, 2, · · · , J. (10)

(10)
J∑

l=1

γl = 1, 1 > γ1 > γ2 >

· · · > γaa
> 0 .

(9) 2 Pi Pj J

.

1, γl < 1, dp
i,j � 0.

(9) 0, Pi Pj

.

1 :

Step 1 (9)(10) 1

P1(J ×J) = [p1,1 p1,2 · · · p1,J ] 2

P2(J × J) = [p2,1 p2,2 · · · p2,J ]
dp

1,2. dp
1,2 < δp(δp ),

1, 2 s1 , P1(J × J)
P2(J × J)

P̄ 1 =
1
2

2∑
k=1

Pk;

Step 2 (9)(10) s1

P̄ 1 3 P3

dp
s1,3. dp

s1,3 � δp, 3 s1,

s1

P̄ 1 =
1
3

3∑
k=1

Pk,

,
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ks1 , dp
s1,ks1

� δp .

s1 P̄ 1 =
1

ks1 − 1

ks1−1∑
k=1

Pk,

ks1 s2;

Step 3 ks1 , s2

,

, s3, ,

.

1 ,

s1, s2, · · · , sC . sl(l = 1, 2, · · · ,

C) ksl−1 ∼ ksl
− 1, ks0 = 1, ksC

=
K + 1, (11) :

P̄ l =
1

ksl
− ks(l−1) − 1

ksl
−1∑

k=ks(l−1)

Pk. (11)

3.2 2 (Second sub stages separa-

tion)
(12) ,

.

dS
i,j =

J∑
l=1

γl |λi,l − λj,l|. (12)

(12) γl (10) .

dS
i,j � 0, (12) Si Sj

.

2 :

Step 1 s1 , (10)(12) 1

S1 = diag{λ1,1, λ1,2, · · · , λ1,J} 2

S2 = diag{λ2,1, λ2,2, · · · , λ2,J}
dS

1,2, dS
1,2 < δS(δS ),

1 2 s1,1,

S1 S2 S̄1,1 =
1
2

2∑
k=1

Sk;

Step 2 s1,1 S̄1,1

s1 , ks1,1

, dS
s1,1,ks1,1

�δS . s1,1

S̄1,1 =
1

ks1,1 − 1

ks1,1−1∑
k=1

Sk,

ks1,1 s1,2;

Step 3 k1 ,

s1,2 ,

, s1,3,

, s1

.

Step 4 Step 1∼Step 3 , s2

,

s2,1, s2,2, · · · . ,

2 .

2 ,

,

, .

,

. ,

, [8]

[9]

.

, ,

. ,

PCA .

4 MPCA
(Multi-sub-stage MPCA

modeling, on-line process monitoring and

fault variable detection)
4.1 MPCA (Multi-sub-

stage MPCA modeling steps)
,

,

PCA . ,

, .

MPCA 3 . :

1) I , 2.1

, ,

(0 1 ).

2) PCA,

Pi(J × J)(i = 1, 2, · · · ,K)
Ti(I × J)(i = 1, 2, · · · ,K)

Si(J × J)(i = 1, 2, · · · ,K).

3) 3.1

1 , s1, s2, · · · , sC .

4) 3.2 1

2 , s1,1, s1,2, · · · , s2,1,

s2,2, · · · , sC,1, sC,2, · · · , sl,m(

1 l , 2

m ) S̄l,m.

5) (13)

al,m(al,m � J),

.

al,m∑
i=1

λl,m,i/
J∑

j=1

λl,m,j . (13)
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3 MPCA

Fig. 3 Illustration of substage based MPCA modeling

method

6) ,

.

, al,m(al,m � J) ,

P̄ l,m ,

J × J J × al,m(al,m �J);

S̄l,m , J × J

al,m × al,m ;

7) PCA , (14) .

,

PCA .

sl,m k,

sl,m P̄ l,m = [pl,m
1 ,pl,m

2 ,

· · · ,pl,m
al,m ] . , sl,m

k PCA :⎧⎪⎨
⎪⎩

Tk = XkP̄
l,m,

X̂k = Tk(P̄ l,m)T,

Ek = Xk − X̂k.

(14)

8) , (7)(8) T 2

SPE , .

9) (15)(16) x1,

x2, · · · , xJ SPE , C l,m

xj ,SPE
(j =

1, 2, · · · , J), .

C l,m

xj ,SPE
=

1
kl,m

kl,m∑
k=1

(x̄l,m
k,j− ˆ̄xl,m

k,j )2/SPEl,m, (15)

: x̄l,m
k,j sl,m k

xj , ˆ̄xl,m

k,j (14) .

SPEl,m = ēl,m(ēl,m)T =
J∑

j=1

1
kl,m

kl,m∑
k=1

(x̄k,j − ˆ̄xk,j)2. (16)

4.2 MPCA
(On-line monitoring and fault vari-

able detection based on sub-stage separation

MPCA)
,

x(1 × J) ,

.

Step 1 x(1 × J).

Step 2 sl,m.

Step 3 sl,m ,

(15) x t(1 × al,m)
e(1 × J). (17) I (J × J) .{

t = xP̄ i,

e = x − x̂ = x(I − P̄iP̄
T
i ).

(17)

Step 4 (18) x T 2 SPE
. {

T 2 = t(S̄l,m)−1tT,

SPE = eeT.
(18)

Step 5 T 2 SPE
; ,

, Step 1; ,
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Step 6.

Step 6 SPE .

x(1 × J) j xj SPE

(19) :

Cxj ,SPE = (xj − x̂j)2
/
SPE, j = 1, 2, · · · , J.

(19)

SPE ,

xj SPE ,

. ,

, (20)

xj SPE

.

ΔCxj ,SPE = |Cxj ,SPE − Cxj ,SPE|/Cxj ,SPE, (20)

Cxj ,SPE xj SPE

.

5 (Experiment re-

search on three-tank system)
5.1 (Three-tank system)

4 211

, CV12, CV23 , LV1, LV2,

LV3 ,

1 2 , 1 3

.

1 .

4

Fig. 4 Three-tank system

1

Table 1 Process variables of three-tank system

1 1 V1 %

2 2 V2 %

3 1 L1 mm

4 2 L2 mm

5 3 L3 mm

5.2 (Acquisition of experiment

data)
1 300 mm 3

200 mm 2 .

, 2 3

5 .

130 , 25

, 20 , 5

. 5 .
�

X(20 × 5 × 130).

5

Fig. 5 Modeling data of three-tank process

5.3 (Sub-stage separation)
�

X(20 × 5 × 130)
, 130 X1(20 × 5),

X2(20 × 5), · · · ,X130(20 × 5).

PCA.

1 (δp = 0.7), 6 7

. , s1

; s2 1

, 2 ; s3

2 , 3

; s4 2

, 3 ; s5

.

s1 ∼ s5 ,

2 , 8 9 .

, ,

,

.

6 1

Fig. 6 First stage separation result
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7 1

Fig. 7 Analysis of first stage separation result

8 2

Fig. 8 Second sub-stage separation result

9 2

Fig. 9 Analysis of second substage separation result

,

, ;

,

. 9 , ,

.

5.4 (On-line monitoring)

5 ,

, 10 .

, T 2 SPE

.

, 50

2 3 2 3 ,

, 11 . 11

, , SPE

, T 2 3

, .

10

Fig. 10 Process monitoring charts for a normal batch

11 2 3

Fig. 11 Process monitoring charts for fault of

leak valve 2 and 3

, SPE

12 . 12 ,

(55 s), 4 5( 1 2)

; , 2( 2 )

, SPE ,

: 2 ,

2 2 .

(65 s),

, ,

,

, . ,

, .
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12 2 3 SPE

Fig. 12 Variation rate of SPE contribution for leak valve 2 and 3fault

6 (Conclusion)
.

, . ,

, ,

,

. ,

MPCA

, .

,

, .
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