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Abstract Principal component analysis (PCA) has been widely used in process industries, which could maintain the maximum
fault detection rate. Although many issues have been addressed in PCA, some essential problems remain unresolved. This study
improves PCA for fault detection performance in the following ways. Firstly, a relative transformation scheme based on Mahalanobis
distance (MD) is introduced to eliminate the effect of dimension of data instead of dimensionless standardization, and improve
the accuracy and real-time performance of fault detection. The theoretical derivation proves that relative transformation based on
MD can directly eliminate the effect of dimension and give reasonable explanation of PCA in the relative space, the analysis and
simulation results show its superiority and effectiveness. Secondly, an improved squared prediction error (SPE) statistic is given to
improve the fault detection performance of standardized PCA, which can make the standardized PCA-based fault detection method
more suitable for the actual industrial process. Finally, two improved methods are combined to detect the fault more effectively. The
proposed methods are applied to detect single fault and multi-fault of looper system in hot continuous rolling process, simulation
results demonstrate the effectiveness of these improvements for fault detection performance in terms of sensitiveness, accuracy and
real-time performance of fault detection.
Key words Relative-transformation PCA based on Mahalanobis distance, improved squared prediction error (SPE), fault detection,
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Over the last few decades, multivariate statistical approaches, such as principal component analysis (PCA), partial least squares (PLS) and independent component analysis (ICA) have aroused extreme interest in the fields of fault
detection. Of all these approaches, PCA is one of the most
widely used fault detection method. The core idea of PCA
is to determine a set of orthogonal vectors, i.e., loading
vectors, ordered by the amount of variance described in the
loading vector directions. PCA has been heavily researched
and applied to industrial processes for fault detection[1−3] .
In order to adapt various characteristics of an industrial
process, a lot of extensions of PCA have been developed
such as nonlinear PCA[4] , dynamic PCA[5] and multi-block
PCA[6] , 2DPCA[7] , etc.
Although many issues have been discovered, two essential problems remain unresolved in PCA.
On one hand, in order to eliminate the influence of dimensions on the system, process data often need to be
standardized so that each variable is given equal weight
before the application of PCA[8] , but this is accompanied
with new problems. From the standpoint of feature extraction of PCA, extracting principal components (PCs)
from standardized data is equal to extracting the PCs from
the comparative matrix, but comparative matrix only contains interacting information without differential information among variables. If we use PCA to extract feature
information from the standardized data, accurate principal
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component model will not be obtained; from the standpoint
of dimensionality reduction of PCA, when the data is standardized, each variable is allocated with the same weights,
which will cause the eigenvalues of covariance matrix to be
approximately equal, i.e., the feature information of each
PC is so approximately equal that the representative PCs
can not be extracted effectively; from the standpoint of energy conservation, the standardized data cannot obey the
criterion of energy conservation. For this problem, Wen et
al.[9] propose a relative PCA-based fault detection method,
in which each variable is allocated corresponding weight via
determining important levels of different variables according to prior knowledge. However, the method needs a large
amount of system′ s prior knowledge to select the relative
transforming factor and the weight coefficients. Unfortunately, the method has no extensive applications, The main
reason was because it is pretty difficult to obtain enough
prior knowledge in the actual process.
On the other hand, traditional monitoring indices,
Hotelling′ s T 2 and squared prediction error (SPE), are generally used in PCA-based fault detection methods to determine whether the fault has occurred or not. However,
measures of Hotelling′ s T 2 statistics and SPE statistics are
different because the former is Mahalanobis distance (MD)
measure and the other is Euclidean distance (ED) measure.
Two statistics cannot act together to estimate process condition accurately. The traditional SPE ignores the compactness between the current prediction error and normal
prediction error, which will result in data information loss
and low detection rate. Some researchers have committed
themselves to improve the monitoring index. Dunia et al.
improved the SPE index by introducing an important tuning parameter, which can reduce the false alarms[10] , but
it is very difficult to choose appropriate tuning parameter.
Zhao et al. proposed an MD-based SPE index and an
overall index to improve the monitoring performance[11] .
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However, how to improve effectively the monitoring index
and detection rate are still open problems in PCA-based
fault detection methods.
For dealing with the drawbacks above, PCA for fault detection is improved in two ways. Firstly, a relative transformation based Mahalanobis distance (MD)[12] is proposed to
handle the problem that eigenvalues are equal and energy is
non-conservative. The idea is to transfer the original space
into the relative space by computing MD between original
sample data, and the theoretical derivation proves that relative transformation based on MD can directly the effect of
dimension, effectively extract the representative principal
components and obey energy conservation law. Secondly,
an improved SPE based on MD is provided, which can
effectively enhance the fault detection rate and make the
PCA-based fault detection method more suitable for actual
industrial process.

1

PCA-based fault detection

PCA is a multivariable statistical technique which is
commonly used to monitor process operation. It produces
a lower-dimensional representation in a way that preserves
the correlation structure between the process variables,
and is optimal in terms of capturing the variability of the
data[8] . PCA involves the computation of loadings and
scores matrix by computing the covariance matrix of X,
X ∈ Rn×m , where n is the total number of samples and
m is the number of variables. Covariance matrix of X is
expressed as CX = E[(X − E(X))(X − E(X))T ], and the
eigenvalues and corresponding eigenvector can be solved by
(1) and (2).
|λI − CX | = 0

(1)

(λi I − CX )pi = 0, i = 1, 2, · · · , m

(2)

which pi is eigenvector of eigenvalues λi , and P = {p1 , p2 ,
· · · , pn }, hence, score matrix is expressed as T = X · P .
Considering that the process variables are often correlated, m variables can be expressed by a uncorrelated fewer
variables, where a represents the number of the principal
components that retains to explain the majority of the variability in the data[13] . Data matrix can be represented by
a PCA model in a lower dimension as follows:
X = Ta · PaT + E =

a
X

ti p T
i +E

(3)

i=1

Ta , Pa , E are score, loading and error matrices, respectively. Ta · PaT is an a-dimensional PC subspace and represents (m − a)-dimensional residual subspace that cannot
be expressed by the PCA model.
For a new testing observed vector xnew , two statistics
are usually used to monitor the process. One of the indices
used for fault detection is the SP E statistics:
SP E =

m
X

(xnew − x̂new )2 = xnew − xnew Pa PaT

2

=

j=1

xnew P̃a P̃aT

2

(4)

where P̃a is an m × (m − a) matrix that consists of the
remaining columns of eigenvectors. Therefore, SP E can be
viewed to measure the deviation of the observations to the
lower-dimensional PCA representation. The distribution
for SP E statistic is defined as follows by [14]:

SP Eα = θ1
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2θ2 h20
θ2 h0 (h0 − 1)
+1+
θ1
θ12

#

1
h0

(5)

Pm
i
2
where
j=a+1 λj (i = 1, 2, 3), h0 = 1 − 2θ1 θ3 /3θ2 , and
Cα is normal deviate corresponding to the (1 − α) × 100 %
percentile. A violation of the threshold would indicate that
the systematic variations are out of control, namely, the
fault occurs.
The other index used for fault detection is Hotelling′ s T 2
statistic:
−1 T
−1
T
T
T 2 = tDλa
t = (xT
new Pa )Dλa (xnew Pa )

(6)

where Dλa is a diagonal matrix, which is the estimated
covariance matrix of the principal component scores and
t is the scores vector which indicates deviation from normal values inside a-dimensional PC subspace. T 2 statistic
measures the variations in the score space only, which can
be interpreted as measuring the systematic variations of the
process, and a violation of the threshold would indicate that
the systematic variations are out of control. The threshold
for T 2 can be computed by the following equation:
Tα2 =

a(n2 − 1)
Fα (a, n − a)
n(n − a)

(7)

where Fα (a, n − a) is the upper 100α % critical point of the
F -distribution with m and (n − m) degrees of freedom.

2

Relative-transformation PCA based
on Mahalanobis distance

To handle the problem that eigenvalues are equal and
energy is non-conservative, a relative transformation based
Mahalanobis distance is given, on this basis, a relativetransformation PCA method based on Mahalanobis distance is proposed.
2.1

Relative transformation based
lanobis distance (MRTPCA)

on

Maha-

We define a relative transformation on the original space
for building a new space whose dimensions are composed
of all points in the original space. The newly-created space
is called the relative space and generated through relative
transformation, for X ∈ Rn×m ,
Γ : X → Y ⊂ R|X|
x i ) = (di1 , di2 , · · · , di|X| ) = yi ∈ Y
ΓX (x
(8)

where X = x 1 , x 2 , · · · , x |X| , |X| is the element number
P
xi , x 1 ) = (x
x i − x 1 )T −1 (x
x i − x 1 ) is the
of matrix, dij = d(x
Mahalanobis distance between sample i and j of X, here
P
represents covariance of matrix X [12] .
Definition 1. Relative transformation based on Mahalanobis distance is denoted by:


d11 d12 · · · d1n
 d21 d22 · · · d2n 


(9)
XR =  .
..
.. 
..
 ..
.
.
. 
dn1 dn2 · · · dnn
Relative transformation based on Mahalanobis distance
has some advantages: 1) It is independent of dimension; 2)
It can remove the correlations among variables; 3) Mahalanobis distance which is calculated by both standardized
data and centralized data are equal.
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Theorem 1. Relative transformation is a kind of distance enlarging transformation, i.e.,
x ri , x rj ) ≥ d(x
xi , x j ), ∀ x i , x j ∈ X
d(x

(10)

x ri

where
represents relative transformation space.
xi , x 1 ), d(x
xi , x j ), · · · , d(x
xi , x n )), j = 1,
Proof. xri = (d(x
P
xi , x j ) = (x
x i − x j )T −1 (x
xi − x j ), then,
· · · , n, d(x
xri , x rj )2 =
d(x

n
X

xi , x k ) − d(x
x j , x k ))2 =
(d(x

k=1
n
X

x i − x k )T
((x

k=1

x j − x k )T
(x
n
X

−1
X

−1
X

xi − x k ) −
(x

xj − x k ))2 =
(x

x i − x k )T
((x

k=1,k6=j

x j − x k )T
(x

−1
X

x i − x k )T
((x
x j − x k )T
(x
n
X

xi − x k ) −
(x

xj − x k ))2 |k=j =
(x

x i − x k )T
((x

k=1,k6=j

x j − x k )T
(x

−1
X

x i − x j )T
((x
x i − x j )T
((x

xi − x k ) −
(x

xj − x k ))2 +
(x

−1
X

−1
X

−1
X

−1
X

xi − x k ) −
(x

xj − x k ))2 +
(x

−1
X
−1
X

x i − x j ))2 ≥
(x
x i − x j ))2
(x

xi , x j ) = (x
x i − x j )T ×
here i, j, k = 1, 2, · · · , n, because d(x
P−1
x i − x j ), we can obtain that: d(x
xri , x rj )2 ≥ d(x
x i , x j )2 ,
(x
r
r
r
xi , x j ) ≤ d(x
xi , x rj ).
xi , x j ) ≥ 0, d(x
xi , x j ) ≥ 0, d(x

and d(x
Therefore, relative transformation can make the data
more distinguishable[12] .
Theorem 2. Mahalanobis distance of standardized data
is equal to that of centralized data, i.e.,
xi , x̃
xj ) = dm (x̄
xi , x̄
xj )
dm (x̃

(11)

xi , x̃
x j ) represents Mahalanobis distance of stanhere, dm (x̃
x i , x̄
x j ) represents MD of centralized
dardized data and dm (x̄
data.
Proof. Given a training set of n observations and m
process variables: X ∈ Rn×m , assuming the data is centralized, so the standardized formula is as follows:
xi,j = x̄
xi,j /sj (i = 1, · · · , n; j = 1, · · · , m), sj is the
x̃
standard deviation of jth observation.
xi , x̃
xj ) = (x̃
x i − x̃
x j )T
dm (x̃
[S −1

−1
X

xi − x̃
xj ) =
(x̃
X
xi − x j )]T (S −1 ·
x i − x j )]×
· (x
·(S −1 )T )−1 [S −1 · (x

x i − x j )T · S T · (S T )−1 ·
(x

−1
X

xi − xj ) =
·S −1 · S · (x

x i − x j )T
(x
here
trix.
2.2

P

−1
X
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xi − x j ) = dm (x
xi , x j )
(x

represents covariance of centralized data ma

MRTPCA for fault detection

MRTPCA consists of three main steps. The first step
is devoted to design the relative space matrix, in which
the relative-transformation principal component statistical
model is built. The second step demonstrates the derivation of the control limits of T 2 and SP E statistics. The
third step explains how to monitor new observations by
SP E statistics and T 2 statistics.
Step 1. Build relative principal components statistical
model
xT
1) Acquire a training data set X = [x
, xT
, · · · , xT
], x i
n
1
2
∈ Rm , and then relative space is built by computing Mahalanobis distance between samples, which is described in
the following: ΓX (x∗i ) = (d(x)i1 , d(x)i2 , · · · , d(x)in ) = x R
i
∈ X R.
R
2) Build relative space matrix, X = [d1 , · · · , dn ], di ∈
Rn .
3) Compute the covariance matrix of X R , eigenvalues, corresponding eigenvector and relative-transformation
R T
principal components tR
i = (x ) pi , here, pi represents the
ith loading vector.
Step 2. Determine the new T 2 and SP E control limits
The data in relative space does not obey Gaussian distribution. Therefore, the control limits of T 2 and SP E
can not be obtained by (5) and (7). The kernel-density
method[15] does not require any assumption on data distribution, and the monitoring performance is superior to
the T 2 of the control limits, in this paper, the control
limits are designed by using kernel-density method. Kernel density estimation can be expressed as f (x, σ) =
Pn
−1/2
1
(σ(x − xi )) which is random variable of mi=1 ϕ
nσ
dimensional matrix, and ϕ(x) is a kernel function.
Step 3. New process monitoring for observations
1) Given a test data set Xtest ∈ RN∗m , N is the number of sample, and m is the number of process variables.
Compute Mahalanobis distance between test data and train
data, dt (x) = Dm (X, Xtest ). And the test relative space
matrix is built as: XtR = dt ∈ Rm∗n .
2) Compute the test relative-transformation Principal
R T
Components, tR
ti = (Xt ) pi .
2
3) T and SP E statistic can be computed by (4) and
(6).
2.3 Effectiveness analysis of MRTPCA method
Firstly, relative transformation based on MD is independent of dimension, MD of standardized data is equal to that
of centralized data (which is proved in Theorem 2). Therefore, it is indicated that relative transformation based on
MD can directly eliminate the effect of dimension and solve
the following problems: the loss of information of useful
variables, and the difficulty to extract representative PCs,
etc.
Secondly, relative transformation based on MD complies
with the law of energy conservation.
Theorem 3. Relative transformation based on Mahalanobis distance complies with law of energy conservation[9] ,
i.e.,
kXk22 = λ X R

2
2

(12)

x i , i = 1, 2, · · · , n}, where
Proof. Data set is X = {x
xi ∈ Rm is the ith sample, and the weight of data set
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is represented as X̄ = (x̄1 , x̄2 , · · · , x̄n ). Let, d2m (xi , xj )
xi , X̄) + d2m (xj , X̄) +
= (dm (xi , X̄) + dm (xj , X̄))2 = d2m (x
xj , X̄), here dm (x
xi , xj ) is the Mahalanobis
2dm (xi , X̄)dm (x
distance of vector x i and x j .
xi , X̄)dm (x
x j , X̄) =
dm (x

Vol. 39

consists of 23 process variables. In the same operation condition of modeling data, Fig. 1 and Fig. 2 respectively show
t1 versus t2 graph (t1 refers to the first principle component, t2 refers to the second principle component) using
standardized PCA method and MRTPCA method.

n
n
1 XX
x i − X̄
X )(x
xj − X̄)T =
(x
n2 i=1 j=1
n
n
X
1X
xi − X̄)
x j − X̄)T =
(x
(x
n i=1
j=1
n
1X
xi − X̄)(nX̄ − nX̄)T = 0
(x
n i=1

Then,
XR

2

=

2

n
n
1 XX 2
xi , x j ) =
dm (x
n2 i=1 j=1

n
n
n
n
1 XX 2
1 XX 2
x
x j , X̄) =
d
(x
,
X̄)
+
d (x
i
m
n2 i=1 j=1
n2 i=1 j=1 m

Fig. 1

t1 versus t2 graph by standardized PCA method

n
n
n
X
1X 2
2X 2
x i , X̄) +
x j , X̄) =
x i , X̄) =
dm (x
d2m (x
dm (x
n i=1
n i=1
j=1
n
n
2 XX
n i=1 j=1

(

xi − X̄)T
(x

−1
X

xi − X̄)
(x

)2

=

"
#2
n
n
−1
X
X
1X
T
x i − X̄)
x i − X̄) =
(x
(x
n i=1
j=1
2n(

−1
X

)2 (

n
X

s2j )2 = 2n(

j=1

P

−1
X

)2 (

n
X

xj ))2
var(x

j=1

here
represents covariance of centralized data matrix.
Thanks to the facts that
(

n
X

xj ))2 =
var(x

j=1

n
X

x 2j } =
E{x

j=1

T

E{tr(XX )} = E{tr(XX T )} = E{tr(X T X)} =
E{tr(X T P P T X)} = E{tr(T T T )} =
n
X

T 2j } = kT k22
E{T

j=1

and due to normal PCA obey conservation of system energy, i.e., kT k22 = kXk22 .
P
So X R = 2n( −1 )2 kXk22 = λ kXk22 , here, λ =
P−1 2
2n(
) .

Thirdly, relative transformation is a kind of distance enlarging transformation, which has been proved in Theorem
1. Relative transformation can make the data more distinguishable. Therefore, extracted principal components
using MRTPCA method are more representative.
Example 1. To validate the extracting performance of
relative-transformation PCA, Tennessee Eastman process
(TEP) data is used. The details on the process description
can be found in [16]. Normal data is considered, which

Fig. 2

t1 versus t2 graph by MRTPCA method

It is easy to observe that the variation by PCA method
along the horizontal axis equals to the vertical axis approximately in Fig. 1, it means that the eigenvalues of covariance
matrix are approximately equal. In Fig. 2, the variation by
MRTPCA based method along the horizontal axis is much
greater than the vertical axis. Moreover, the contribution
rate of the first and second principle component based on
standardized PCA is 22.5 % and 19.6 %, respectively. The
contribution rate of the first principle component based on
MRTPCA is 91.5 %, which has obvious representativeness.
Therefore, extractive principal components of the proposed
method are more representative.
2.4 Complexity analysis of MRTPCA method
In the training stage of MRTPCA, the matrix X ∈
Rm×n is transformed into the relative space matrix by relative transformation based on MD. The size of relative space
matrix is changed to the square of the number of samples
from (m×n). When the sample number becomes large, the
calculation of eigenvalues and eigenvectors in off-line modeling will be time consuming. Therefore, the off-line modeling complexity and training time of the proposed method
is more than SPCA method. However, in on-line fault detection process, only 1 principal component can represent
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change of data in that separability between normal data
and fault data is enlarged by relative transformation based
on MD. Thus, from the perspectives of on-line detection
process, the MRTPCA can dramatically improve real-time
performance of on-line detection, especially when the process variables are very large.

3

Improved SP E
lanobis distance

based

on

Maha-

In standardized PCA, SP E and T 2 statistics can be computed by (4) and (6), It can be seen above that T 2 statistics
monitors the change of principal component subspace by
measuring the controlled condition of process; SP E statistics monitors the change of error subspace by measuring the
correlation among each variable of sample data. In terms
of distance measure, T 2 statistics represents the distance
between relative principle components and clustering center of normal data, namely, T 2 = (M − 0 )Σ−1 (M − 0 )T ,
where M = [t1 , t2 , · · · , tp ] is the principal components, 0
represents clustering center of normal data. On the other
hand, SP Ei = (I − ti )(I − ti )T can be represented by the
distance between prediction error and clustering center of
normal data, then SP E = (E − 0)(E − 0)T , where E is
the prediction error. Measure of SP E and T 2 statistics are
different because one is MD measure and the other is Euclidean distance (ED) measure. Therefore, two statistics
can not act together to estimate process condition accurately. Furthermore, ED only suits for measuring evenly
distributed sample data, but prediction error can hardly
obey evenly distribution. The SP E statistics ignores the
compactness between the current prediction error and normal prediction error, which will result in data information
loss, poor effect of monitoring and low detection rate[11] .
MD measure can take full account of the sparsity between the current prediction error and normal prediction
error, and MD of the residual vector can measure totally
feature of residual subspace. Thus, this paper proposes a
new process monitoring for observations which uses the MD
of the residual vector instead of SP E statistics,

Fig. 3

The flowchart of fault detection and identification
process based on IMRTPCA

are from the same production condition in rolling process,
and the time interval of training and testing data sampling
is very short. As is known, 10 000 sample data are collected,
and the sampling period of rolling process data is 10 ms,
and hence the time interval of training and testing data
sampling is less than 100 s. In conclusion, it is definitely
feasible that the single fault data and multi-fault data of
looper system in rolling process can be used to verify the
effectiveness of the proposed method without considering
the slow time-variant characteristic of rolling process.
5.1

Looper system description

Looper system plays a significant role in rolling mill
systems, the schematic of the looper system is shown in
Fig. 4[17] .

M SP E = (E −0)Σ−1 (E −0)T = (I −ti )Σ−1 (I −ti )T (13)
where Σ is the covariance of residual error.

4

MRTPCA based improved SP E for
fault detection

To further improve the fault detection performance, the
current paper combines the MRTPCA and improved SP E
to detect the fault more effectively, namely, improved MRTPCA (IMRTPCA), which consists of three main steps. The
first step is devoted to the design of relative space matrix
using MRTPCA in which the relative-transformation principal component statistical model is built. The second step
demonstrates the derivation of the control limits of T 2 and
M SP E statistics. The third step explains how to monitor new observations by T 2 and improved M SP E. The
flowchart of fault detection process based on IMRTPCA is
shown in Fig. 3.

5

Fault detection for looper system

In this section, the proposed methods are used to detect
looper faults of rolling process. the looper system and its
faults are first discussed, and then the proposed methods
are applied to detect looper faults. The simulation data
used in this paper, contain training data and testing data,

Fig. 4

The structure schematic of the looper system

If the looper fault occurs, continuous rolling process has
to be interrupted and a lot of time and manpower is wasted
to deal with it for restoring production. The change in
physical or structural parameters will give birth to the
faults for looper system, in other words, abnormality of
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looper angle may lead to looper faults, besides, abnormality of rolling force and rolling velocity are also major causes
of looper faults[18] . To monitor the looper faults, MRTPCA
method, PCA based improved SP E method and a combination based on two improved methods are used. There
are 77 variables related with looper system. The process
variables and units are shown as Table l.
Table 1

The process variables and units in rolling process

No.

Process variables

Unit

1∼6

Looper torque of L1 ∼ L6

kN·m

7 ∼ 12

Looper hydraulic cylinder pressure of L1 ∼ L6

kN

13 ∼ 18

Looper angle of L1 ∼ L6

Deg

19 ∼ 24

Tensile force of L1 ∼ L6

kN

25 ∼ 31

Error force of F 1 ∼ F 7

kN

32 ∼ 38

Up work roll position of F 1 ∼ F 7

Mm

39 ∼ 45

Down work roll position of F 1 ∼ F 7

Mm

46 ∼ 52

Work roll velocity of F 1 ∼ F 7

m/s

53 ∼ 59

Electrical machine torque of F 1 ∼ F 7

kN·m

60 ∼ 66

Force of F 1 ∼ F 7

kN

67 ∼ 73

Bending force of F 1 ∼ F 7

kN

74

Strip steel velocity of finish rolling entry

m/s

75

Strip steel velocity of finish rolling exit

m/s

76

Strip steel temperature of finish rolling exit

◦

C

77

Strip steel temperature of finish rolling entry

◦

C

5.2

Vol. 39

RPCA for fault detection, respectively, the 99 % control
limits are calculated in each simulation.
For RPCA, we first standardize every variable′ s dimension in looper system. Secondly, according to prior information, and analyzes and determines the different important
levels of different variables. Then it allocates weights for
each variable under the criterion of conservation of system
energy. Finally, we use the relative-principal-component
model to analyze the system. In this simulation, the relative weight W = diag{[2, 2, 2, 2, 2, 2, 10, 10, 10, 10, 10,
10, 8, 8, 8, 8, 8, 8, 3, 3, 3, 3, 3, 3, 2, 2, 2, 2, 2, 2, 2, 1, 1, 1,
1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 2, 2, 2, 2, 2, 2, 2, 1, 1, 1, 1, 1,
1, 1, 5, 5, 5, 5, 5, 5, 5, 3, 3, 3, 3, 3, 3, 3, 1, 1, 1, 1]}.
The fault detection result obtained from the proposed
method (MRTPCA and IMRTPCA), SPCA and RPCA are
shown in Figs. 5 ∼ 8, respectively. The black solid line in
each figure is the threshold for the T 2 and improved SP E
statistics, the statistics above its threshold indicates that
the fault is detected.

Simulation for single fault

Looper shaft deadlocking fault is the common fault of
looper system, which is caused by abnormal looper hydraulic cylinder pressure and looper angle. The looper shaft
deadlocking fault will lead to shape wave of strip surface
and even the strip folded fault and strip breaking fault,
and then affect the normal operation of looper system and
strip quality. In this section, looper shaft deadlocking fault
is considered. There are 200 samples collected in normal
condition for modeling, also, there are 200 samples for test,
testing data were on-line collected when the looper shaft
deadlocking fault occurs, and the fault occurs in 101th sample. All data, normal data and fault data, are collected
from actual rolling process.
In this section, we carry out IMRTPCA-based fault detection for looper system, firstly, acquire training data set of
xT
looper system: X = [x
, xT
, · · · , xT
], x i ∈ R77 , and then
1
2
200
build relative space by computing Mahalanobis distance between samples, X R = [d1 , · · · , d200 ], where di ∈ R200 , and
compute the covariance matrix of X R , eigenvalues, corresponding eigenvector and relative-transformation principal
R T
components tR
i = (x ) pi , here, pi represents the ith loading vector. Secondly, obtain the control limits of T 2 and improved SP E statistic by (5) and (7). At last, for on-line collected looper system data, compute Mahalanobis distance
between it and training data, and obtain T 2 and improved
SP E statistic by (4) and (6). For comparison purpose,
the MRTPCA, IMRTPCA, standardized PCA (SPCA) and
relative PCA (RPCA)[9] are applied to detect looper shaft
deadlocking fault. First, we use a data set of 200 normal samples for training purpose. Second, a test data set
of 200 samples is used to test the fault detection ability of
MRTPCA, IMRTPCA, SPCA and RPCA. To draw a significative comparison between proposed method, SPCA and

Fig. 5

The SPCA-based T 2 and SP E statistics for fault
detection for looper shaft deadlocking fault

It can be seen from Fig. 5, the fault is detected at 126th
and 118th sample, and the persistence of the SPCA-based
T 2 and SP E statistic is not very satisfactory. It is obvious
that the RPCA, MRTPCA and IMRTPCA are the effective
methods from Figs. 6 ∼ 8.
However, MRTPCA and IMRTPCA-based statistics are
more sensitive than the RPCA-based statistics, RPCA can
detect fault at 105th and 107th sample. And MRTPCA has
the similar detection performance as RPCA. The simulation result obtained using improved SP E (M SP E) statistic has been compared with traditional SP E statistic, and
is shown in Fig. 7 and Fig. 8.
It is concluded that M SP E statistic has shown superior
performance of fault detection in terms of detection rate
and persistence compared to traditional T 2 statistic and
SP E statistic. IMRTPCA-based MSPE statistics is the
most sensitive since the SP E statistics is improved by using
MD, and M SP E statistics can detect fault in sample 102.
And MRTPCA and IMRTPCA-based statistic outperform
the RPCA and SPCA-based statistic in terms of exceeding
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The RPCA-based T 2 and SP E statistics for fault
detection for looper shaft deadlocking fault

Fig. 8 The IMRTPCA-based T 2 and M SP E statistics for
fault detection for looper shaft deadlocking fault
Table 2

Method

Fig. 7

The MRTPCA-based T 2 and SP E statistics for fault
detection for looper shaft deadlocking fault

the threshold by a greater degree.
Moreover, MRTPCA and IMRTPCA have significant effect on computational cost for fault detection. From the
perspectives of off-line training model, the scale of relative
matrix for MRTPCA and IMRTPCA is 200 × 200 matrix,
and the original matrix is 200 × 77, it is obvious that the
eigen decomposition calculation of MRTPCA and IMRTPCA will be time-consuming. However, in this simulation,
under the same fault detection rate, the number of principal
components used for MRTPCA and IMRTPCA are only 1,
which for SPCA and RPCA are 28 and 17, respectively.
Thus, from the perspectives of on-line detection process,
the MRTPCA and IMRTPCA can dramatically improve
real-time performance of on-line detection, especially when
the process variables are very large.
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Comparisons of fault detection performance for
4 types of methods for single fault

Statistic

Fault

Off-line

On-line

detection

modeling

detection

rate (%)

time (s)

time (s)

SPCA

T2

87.0

0.330

0.140

SPCA

SP E

91.0

0.330

0.140

RPCA

T2

97.5

0.300

0.140

RPCA

SP E

96.5

0.300

0.140

MRTPCA

T2

97.0

1.250

0.080

MRTPCA

SP E

98.0

1.250

0.080

MRTPCA

T2

97.0

1.250

0.080

MRTPCA

MSP E

99.0

1.250

0.080

Fault detection results and performance of 4 types of
methods are shown in Table 2 for single fault. The results
show that the proposed approach with improved SP E has
better detection performance than other methods, although
training model is more time-consuming.
In fact, the objective of fault detection is to detect fault
as soon and accurate as possible, rather than the off-line
modeling time. So off-line modeling time can be ignored.
Form Table 2, the potential advantage of applying relative
transformation based on MD to remove dimension and improve performance of PCA is clearly shown.
5.3

Simulation for multi-fault

In looper system, there are several faults that often occur
simultaneously or within a short amount of time. Multifaults will lead to coupling of fault feature, which requires
more effective fault detection methods. In this section,
multi-faults testing data are considered. Training samples
and testing samples used in SPCA, RPCA, MRTPCA, and
IMRTPCA for comparison are as follows:
1) The training data consists of 400 samples obtained

1540

ACTA AUTOMATICA SINICA

from actual rolling process.
2) The testing data consists of 380 samples obtained by
introducing some different fault signal at different sample
instant, the introduced faults are considered as representative, based on experience with the process. The testing
data is constructed by the following way, Fault 1 and Fault
2 are introduced between 81th and 160th sample, Fault 3
and Fault 4 are introduced between 201th and 280th sample, Fault 5 is introduced from 351th sample to 380th sample, where Fault 1 stands for increasing gain (by 10 %) of
L2 angle transducer; Fault 2 represents increasing gain (by
10 %) of F 7 pressure transducer on piston side; Fault 3
stands for reducing (by 70 bar) system pressure; Fault 4
stands for adding offset (of 5 bar) to pressure transducer
on rod side; Fault 5 represents wear of control edges (overlap decreased by −1 %) in servo-valve[16] .
This subsection will show that the proposed MRTPCA
and IMRTPCA method can extract more useful information from the sampling data and are more sensitive to multifault comparison with SPCA and RPCA method.
Fig. 9 is the T 2 and SP E statistics charts of SPCA
method for multi-fault case, and Fig. 10 is the T 2 and SP E
statistic charts of RPCA for the same case. For RPCA, we
allocate weights for each variable under the criterion of conservation of system energy and use the relative-principalcomponent model established to analyze system. In this
simulation, the relative weight is chosen to be the same as
that in Subsection 5.2. W = diag{[2, 2, 2, 2, 2, 2, 10, 10,
10, 10, 10, 10, 8, 8, 8, 8, 8, 8, 3, 3, 3, 3, 3, 3, 2, 2, 2, 2, 2,
2, 2, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 2, 2, 2, 2, 2, 2, 2,
1, 1, 1, 1, 1, 1, 1, 5, 5, 5, 5, 5, 5, 5, 3, 3, 3, 3, 3, 3, 3, 1, 1,
1, 1]}.

important levels of different variables according to prior information. Unfortunately, the RPCA method cannot effectively and directly eliminate effect of dimension and relative
weights of RPCA are mainly dependent on prior information, and thus more false alarms will arise in the T 2 and
SP E statistic charts.
Fig. 11 is the T 2 and SP E statistic chart of proposed
MRTPCA for multi-fault, and Fig. 12 is the T 2 and M SP E
chart of proposed IMRTPCA using improved SP E for the
same fault. It is exciting to see from Fig. 12 that the
IMRTPCA-based statistics is able to detect faults between
sample 86 and 160, between sample 205 and 280, and
between sample 357 and 370, respectively. And M SP E
statistics can detect faults between sample 84 and 160, between sample 201 and 280, and between sample 353 and
374, respectively.

Fig. 10

Fig. 9

Vol. 39

The RPCA-based T 2 and SP E statistics for fault
detection for multi-fault

The PCA-based T 2 and SP E statistics for fault
detection for multi-fault

From the two figs, we see that the SPCA method cannot
effectively detect fault, whose T 2 and SP E statistics only
can detect fault at the beginning, and both can hardly detect fault in other conditions. In Fig. 10, however, the simulation results show that RPCA can extract more fault information and has better fault detection performance than
SPCA method, the main cause is that it allocates weights
for each variable by analyzing and determining the different

Fig. 11

The MRTPCA-based T 2 and SP E statistics for fault
detection for multi-fault
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Fig. 12

The IMRTPCA-based T 2 and M SP E statistics for
fault detection for Multi-fault

In Fig. 11, however, traditional SP E statistic of MRTPCA false alarms arise and it detects fault only in the beginning of fault and between sample 358 and 380, and can
hardly detect fault in other conditions, since traditional
SP E statistic is ED measure which only suits for measuring sample data evenly distributed and ignores the compactness between the current prediction error and normal
prediction error. Therefore, it results in data information
loss, poor effect of monitoring and low detection rate.
Overall, the IMRTPCA-based T 2 and M SP E statistics
give much higher detection rate. Therefore, the IMRTPCA
statistics are more sensitive and perform better in case of
multi-faults than the SPCA, RPCA and MRTPCA statistics.
On the other hand, the SPCA-based cumulative contribution rate of first PC is only 26.79 %, and that of the first
32 principle components is more than 85 %, the number of
principal components used for RPCA are 21 as the selected
relative principal components are representative by allocating relative weights. Moreover, the IMRTPCA-based
cumulative contribution rate of the first relative principle
component is more than 85 %, which have meet reached
the requirement of feature extraction. So IMRTPCA-based
principle component model is simpler and real-time performance of fault detection is higher.
For multi-faults, the IMRTPCA-based statistics are
more sensitive than the other methods, and have superior
performance for fault detection. The applications in industrial looper system show that the proposed method in
this paper can correctly find incipient multi-fault, and can
greatly reduce false alarms in SPCA and other improved
PCA methods.
Fault detection results and performance of 4 types of
methods are shown in Table 3 for the case of multi-fault.
The results show that the proposed approach with improved SP E has the best detection performance in all of the
fault detection methods, although training model is more
time-consuming.
5.4

Conclusion and further work

Over the last few decades, PCA has been heavily resear-
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Comparisons of fault detection performance for
4 types of methods for multi-fault

Statistic

Fault

Off-line

On-line

detection

modeling

detection

rate (%)

time (s)

time (s)

SPCA

T2

52.0

0.460

0.210

SPCA

SP E

63.0

0.460

0.210

RPCA

T2

75.5

0.430

0.210

RPCA

SP E

80.5

0.430

0.210

MRTPCA

T2

93.5

1.75

0.120

MRTPCA

SP E

86.0

1.75

0.120

MRTPCA

T2

93.5

1.75

0.12

MRTPCA

MSP E

95.5

1.75

0.12

ched and widely applied to industrial processes for fault
detection, and in this paper, an improved relativetransformation principal component analysis based on Mahalanobis distance method is developed for fault detection.
This proposed method focuses on the further improvement
of PCA for fault detection from two aspects, i.e. data preprocessing and monitoring index, which are suitable for the
detection of single fault and multi-fault. The method in the
paper can effectively extract fault information and remove
the effect of dimension. The false alarms which exist in
conventional PCA and other improved PCA are greatly reduced by the proposed technique. These improved schemes
are applied to detect the looper faults in hot continuous
rolling process. Some significant contributions are summarized as follows:
1) A relative transformation scheme based on Mahalanobis distance is adopted to remove the dimension of
sample data instead of dimensionless standardization, the
proposed improved method is applied to detect looper
roller distortion fault, the result has shown that, relativetransformation PCA based on Mahalanobis distance can
improve the sensitivity performance of fault detection. Furthermore, relative-transformation PCA based on Mahalanobis distance can enhance the on-line detection efficiency, especially when the process variables are very large.
2) An improved SP E (M SP E) statistic is given to
improve the fault detection performance of standardized
PCA, the proposed improved method is applied to detect
looper shaft deadlocking fault, the result indicates that
M SP E statistic is more suitable for actual industrial process.
3) Two improved methods are combined to improve better performance of fault detection for multi-faults. The
combined method, i.e., IMRTPCA, is proposed to detect
the multi-faults which is constructed based on experience
with the process, the result illustrates that the one relative principal component extracted by combined method
is enough to represent most of the feature information of
original data, which is much less than that of standardized
PCA method. The proposed method is more sensitive than
SPCA and other improved PCA method, and has superior
performance for fault detection.
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