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Subspace fault detection method
based on independent component contribution
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(State Key Laboratory of Industrial Control Technology, Institute of Industrial Process Control,
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Abstract: In order to handle the problem of fault detection for industrial processes, an improved subspace method is

proposed based on the definitions of the independent component (IC) contribution and the contribution matrix. First, the

appropriate independent components are extracted by independent component analysis(ICA), and then, the contributions of

different independent components on the process variables are calculated to construct the contribution matrix. According

to the contribution, a set of suitable subspaces, which can reflect different root causes, are constructed by corresponding

variables. The fault detection models are established on these subspaces. Finally, combining all the above fault detection

models and choosing the proper ensemble strategy based on the actual requirement or the spread characteristic of the faults,

we make the ensemble decision for the fault detection of industrial processes. A case study on the Tennessee Eastman(TE)

process for each mode (1 normal and 21 faulty) illustrates the effectiveness of the proposed method.

Key words: ICA; subspace; fault detection; IC contribution

1 (Introduction)

[1∼3],

, PCA, PLS

,

,

. ,

, ,

.

(ICA)

, , ICA
[4] [5] [6]

. ICA ,

Kano[7] ICA

, . Lee[8,9]

[10] ,
[7∼10] .

,

,

,

, ;

, ,

,

, .

, ,

,

.

[8] ,

: 2009−01−18; : 2009−06−12.

: (60774067, 60736021).



3 : 297

,

, .

, ICA

,

,

, ,

. , ,

, .

2 IC (Subspace

construction based on IC contribution)
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Fig. 1 Comparison of single model method and subspace method
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2.1 ICA (ICA monitoring method)
X = [xxx1,xxx2,xxx3, · · · ,xxxn]T

m(m � n) sss1, sss2, sss3, · · · , sssm,

X = AS + E. (1)

: A , S = [sss1, sss2, sss3, · · · , sssm]T

, E .

ICA ( [11]).

, S E,

[8] I2, SPE ,
[12] ,

.

2.2 IC (IC contribution and

contribution matrix)

1 A =

⎛
⎜⎜⎝

a11 · · · a1m

...
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an1 · · · anm

⎞
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xxxi
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xxxi = ai1 × sss1 + ai2 × sss2 + ai3 × sss3 +

· · · + aim × sssm, i = 1, · · · , n, (2)

sssj xxxi⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

ηij =
|aij |

|ai1| + |ai2| + · · · + |aim| ,

s.t. 0 � ηij � 1,

i = 1, · · · , n, j = 1, · · · ,m.

(3)

2 1, xxx1,xxx2,

xxx3, · · · ,xxxn, :

η =

⎛
⎜⎜⎝

η11 · · · η1m

...
...

ηn1 · · · ηnm

⎞
⎟⎟⎠ . (4)

ηij , sssj xxxi ,

sssj .
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2.3 (Subspace construction algo-

rithm)
, Φj :

η1j , η2j , η3j , · · · , ηnj , j = 1, · · · ,m

η , j

sssj xxx1,xxx2,xxx3, · · · ,xxxn ,

ηij , K .

ηh1j > ηh2j > ηh3j · · · ηhKj ,

s.t. j = 1, · · · ,m, hK ⊂ 1, 2, · · · , n.
(5)

xxxh1 ,xxxh2 ,xxxh3 , · · · ,xxxhK
j

Φj .
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Fig. 2 Subspace construction algorithm
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3 (Subspace fault de-

tection method)
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3.1 (Ensemble strategy design)
2 , m

, m , 2 ICA

, m ICA . 1

, −1 , m

y1, y2, y3, · · · , ym, yi ⊂ (1,−1), 1 � i � m.
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. , m ,
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;
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m , ,

ϕ(x) =

{
−1, (find(Y ) = −1) � l,

1, .

s.t. Y = [y1, y2, y3 · · · ym], yi ⊂ (1,−1),
1 � i � m, 1 � l � m.

(6)

l , , l, 1 �
l � m ,

. l ,

, ,

.

3.2 (Ensemble strategy selection)
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3.3 (Method real-time perfor-

mance analysis)
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xxx ∈ R
n×1, m,

WICA ∈ R
m×n, n/m = α,

, ICA

OTICA = nm + n + m = αm2 + αm + m, (7)

TICA = O(αm2). (8)
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p ,

q, WIC−subspace ∈
R

q×p, p/q = β,

OTIC−subspace = m(pq + p + q) =

m(βq2 + βq + q), (9)

TIC−subspace = O(mβq2). (10)

,

λ =
TIC−subspace

TICA
=

O(mβq2)
O(αm2)

=
β

α
× q2

m
. (11)

: α, β ICA

,

. , λ < 1 ,

ICA . , q p

, q � p. ,

, q ,

, ICA ; ,

IC ,

,

, ,

.

4 (Simulation)
Tennessee Eastman(TE) Downs Vogel

1993 Eastman
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, , ,
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, Washington
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Fig. 3 Detection rates of different strategy in the TE process
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1 TE ICA

Table 1 Fault detection rates(%) of ICA method

and that of IC-subspace method

in the TE process

ICA

I2 SPE I2 SPE

1 99.75 99.50 99.75 99.88

2 96.88 98.00 98.50 98.75

3 0 4.75 8.62 7.75

4 17.50 95.50 100 99.88

5 100 100 100 100

6 100 100 100 100

7 96.38 100 100 100

8 92.00 97.62 98.12 98.25

9 0 6.75 10.25 12.25

10 73.88 76.50 85.75 84.25

11 38.00 60.88 86.88 79.13

12 99.75 99.75 99.88 99.75

13 94.75 94.37 95.63 95.37

14 99.88 100 100 100

15 0.13 6.75 12.75 15.75

16 73.75 73.25 88.62 86.50

17 88.38 91.87 97.00 96.13

18 89.38 90.87 90.87 91.75

19 15.13 39.50 74.88 87.50

20 65.87 76.75 89.00 77.75

21 36.00 45.00 61.75 54.63

2 ,

.

: ICA ,

,

, ,

.

,

,

, ,

.

4 ICA 4 ,

,

. 5∼8 4,

7,5,9 4 ,

, 4 7 , 4

, 5 9 ,

4 . 3

4 , , ,

, 4

( 4,7) ,

( 5,9) , , ICA

, 4

,

, (I2

SPE ).

2 ICA

Table 2 False alarm rates(%) of ICA method and

that of IC-subspace method on normal

operating mode

ICA

I2 SPE I2 SPE

0 0.8 1.8 2.6

4 4 ICA

Fig. 4 Simulation of fault 4 by ICA

3 4

Table 3 Fault detection rates(%) of each

IC-subspace for fault 4

1 2 3 4 5 6 7 8 9

I2 1.375 0.25 2.875 100 0 80.25 100 0.125 0.25

SPE 1.375 1.375 2.00 96.75 1.875 99.25 98.12 1.25 0.75

5 4 4

Fig. 5 Simulation of fault 4 in IC-subspace 4
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6 4 7

Fig. 6 Simulation of fault 4 in IC-subspace 7

7 4 5

Fig. 7 Simulation of fault 4 in IC-subspace 5

8 4 9

Fig. 8 Simulation of fault 4 in IC-subspace 9

5 (Conclusion)
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