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a  b  s  t  r  a  c  t

This  paper  proposes  a  combined  canonical  variate  analysis  (CVA)  and  Fisher  discriminant  analysis  (FDA)
scheme  (denoted  as CVA–FDA)  for  fault  diagnosis,  which  employs  CVA  for  pretreating  the data  and  sub-
sequently  utilizes  FDA  for  fault  classification.  In  addition  to  the improved  handling  of  serial  correlations
in  the  data,  the  utilization  of CVA  in  the  first  step  provides  similar  or reduced  dimensionality  of  the
pretreated  datasets  compared  with  the  original  datasets,  as  well  as  decreased  degree  of overlap.  The
effectiveness  of the  proposed  approach  is demonstrated  on  the  Tennessee  Eastman  process.  The simu-
eywords:
ault diagnosis
anonical variate analysis
isher discriminant analysis
ynamic FDA
ennessee Eastman process
rocess monitoring

lation  results  demonstrate  that (i)  CVA–FDA  provides  better  and  more  consistent  fault  diagnosis  than
FDA,  especially  for data  rich  in  dynamic  behavior;  and  (ii)  CVA–FDA  outperforms  dynamic  FDA in both
discriminatory  power  and computational  time.

© 2015  Elsevier  Ltd. All  rights  reserved.
. Introduction

Fault diagnosis, which is the determination of the root cause of
aults, is important for efficient, safe, and optimal operation of an
ndustrial process. The task of diagnosing the faults can be rather
hallenging when there are a large number of process variables that
re highly correlated due to the process dynamics and controllers.

For fault diagnosis based on data-driven methods, data collected
rom the plant during specific faults are classified into multiple
lasses, where data in each class indicates a particular fault. Among
he methods for classifying data of multiple classes, Fisher dis-
riminant analysis (FDA) determines a set of projection vectors
hat minimize the scatter within each class while maximizing the
catter between the classes. While FDA has been used for decades
n pattern classification (Duda et al., 2001), its application for ana-
yzing chemical process data began to be explored only in the last
5 years (Chiang et al., 2000, 2001; He et al., 2005).

Due to process dynamics, observations are often serially corre-

ated, that is, the observations at one time instant are correlated

ith observations at past time instants. In order to handle serial
orrelations in the data, the FDA method for fault diagnosis can be

∗ Corresponding author at: 77 Massachusetts Avenue, Room E19-551, Cambridge,
A  02139, USA. Tel.: +1 617 253 3112; fax: +1 617 258 5042.

E-mail address: braatz@mit.edu (R.D. Braatz).

ttp://dx.doi.org/10.1016/j.compchemeng.2015.03.001
098-1354/© 2015 Elsevier Ltd. All rights reserved.
extended by augmenting the observation vector with lagged val-
ues of process variables. This method is referred to as dynamic FDA
(DFDA) (Chiang et al., 2001), which enables dynamic information to
be used in classifying the observations. Since the information con-
tained in a single observation vector is a subset of the information
contained in the augmented observation vector, the augmented
vector approach can lead to improved fault diagnosis. The incor-
poration of time lags for autocorrelated variables benefits the fault
classification by decreasing the degree of overlap among the aug-
mented data (Chiang et al., 2001). However, data stacking in DFDA
significantly increases the dimensionality of the problem, propor-
tional to the number of lags included. Another drawback is that
more data may  be required to determine the mean vector and
covariance matrix to achieve the same level of accuracy for each
class. As a result, DFDA typically has high computational require-
ments that hinder its application to large-scale systems. This study
will focus on developing a scheme that can not only better cap-
ture the dynamic information in the data but also has reduced
computational cost.

Some past studies of fault diagnosis have employed dimen-
sionality reduction techniques followed by discriminant analysis.
Raich and Ç inar (1995, 1996) presented a multivariate statistics

approach for diagnosing abnormal behaviors by following princi-
pal component analysis (PCA) with discriminant analysis. A later
study (Chiang, 2001) incorporated PCA and FDA for diagnosing both
known and unknown faults. Employing partial least squares (PLS)

dx.doi.org/10.1016/j.compchemeng.2015.03.001
http://www.sciencedirect.com/science/journal/00981354
http://www.elsevier.com/locate/compchemeng
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or discrimination has been investigated extensively, such as in
hiang et al. (2000) and Barker and Rayens (2003). In general, PCA-
nd PLS-based discriminant analysis are limited in their ability to
uickly diagnose faults for process data that contain significant seri-
lly correlation, because the underlying PCA and PLS approaches do
ot generate the most accurate dynamic models, even when lagged
alues of process variables are augmented in the observation vec-
ors (Chiang et al., 2001; Negiz and Ç inar, 1997a; Russell et al., 2000;
u et al., 1995; Ricker, 1988).

Canonical variate analysis (CVA) is a dimensionality reduction
echnique in multivariate statistical analysis which utilizes state-
pace representations. CVA maximizes the correlation between the
ombinations of the ‘past’ values of the process inputs and outputs
nd the combinations of the ‘future’ values of the outputs of the
ystem (Larimore, 1997). This method takes serial correlations into
ccount by employing this different augmented vector technique
uring the dimensionality reduction procedure.

Negiz and Ç inar (1997a) discuss and demonstrate the higher
ccuracy of dynamic models constructed by CVA compared to
ynamic PCA through application to numerical examples. CVA has
een observed to have better numerical stability and parsimony
han alternative identification methods, including balanced real-
zation (BR), numerical algorithms for state space subspace system
dentification (N4SID), and partial least squares (PLS), in many case
tudies (Juricek et al., 1998; Negiz and Ç inar, 1997b; Simoglou et al.,
999, 2002).

This article describes a combined CVA–FDA fault diagnosis
cheme that employs CVA for pretreating the data and subse-
uently utilizes FDA for classifying faults. Employing CVA in the first
tep improves handling of serial correlations in the data, decreases
he overlap among the data classes, and enables the pretreated
atasets to have similar or even fewer dimensions compared with
he original datasets.

The rest of this article is organized as follows. Section 2 provides
ome background knowledge on CVA, FDA, and DFDA. Section 3
laborates the proposed CVA–FDA approach for fault diagnosis. The
ffectiveness of the CVA–FDA approach is demonstrated with the
ennessee Eastman process in Section 4, followed by conclusions
n Section 5.

. CVA and FDA

The relevant methods for fault diagnosis and classification are
eviewed in this section. CVA is introduced as the dimensionality
eduction method, followed by a brief review of FDA, which serves
s the basis of the fault diagnosis.

.1. CVA

CVA is a dimensionality reduction technique in multivariate
tatistical analysis which maximizes the correlation between two
elected sets of variables. Hotelling initially proposed the CVA con-
ept for multivariate statistical analysis, which was  employed to
ystem identification by Akaike for autoregressive-moving-average
odel (ARMA) models (Larimore, 1997; Akaike, 1974). The CVA
ethod was further developed for identifying state-space models

y Larimore (1997).
Given time series output data yt ∈ Rmy and input data ut ∈ Rmu ,

he linear state-space model is (Russell et al., 2000)

t+1 = Axt + But + vt (1)
t = Cxt + Dut + Evt + wt (2)

here xt is a state vector, vt and wt are independent white noise
rocesses, and A, B, C, D, and E are coefficient matrices.
cal Engineering 77 (2015) 1–9

The CVA algorithm uses the concept of past and future vectors. At
a particular time instant t ∈ (1, . . .,  n), the past vector pt containing
the past outputs and inputs is

pt = [yT
t−1, yT

t−2, . . .,  uT
t−1, uT

t−2, . . .]
T

(3)

and the future vector ft comprising of the outputs in the present
and future is

f t = [yT
t , yT

t+1, . . .]
T

(4)

For an assumed state order k, the CVA algorithm computes a
constant matrix Jk that linearly relates the past vector pt to the
memory mt ∈ Rk,

mt = Jkpt (5)

where the term “memory” is used instead of “state” since the vec-
tor mt may  not necessarily contain all of the information in the past
(Larimore, 1990). The optimal matrix Jk is calculated via the singu-
lar value decomposition (SVD) to minimize the average prediction
error

E{||f t − f̂ t ||2�† } = E{(f t − f̂ t)�
†(f t − f̂ t)} (6)

where E is the expectation operator, f̂ t is the prediction of ft, and the
weighing �† is the pseudo-inverse of �.  Selecting � = ˙ff nearly
maximizes the likelihood function for the state-space system (1)
and (2) (Larimore, 1990), where ˙ff is the covariance of f t.

The SVD algorithm calculates the optimal value for Jk as

˙−1/2
pp ˙pf ˙−1/2

f f
= U˙VT (7)

where  ̇ is the diagonal matrix of nonnegative singular values with
descending order, U and V are matrices of the right and left singular
vectors, and the matrices Jk are obtained by

Jk = UT
k˙−1/2

pp (8)

where Uk contains the first k columns of U in (7).

2.2. FDA

For fault diagnosis, data collected from the process during spe-
cific faults are categorized into classes, where each class contains
data indicating a particular fault. FDA is widely used as a technique
of pattern classification. The basic idea of FDA is to determine a set
of projection vectors that optimize the Fisher criterion (He et al.,
2005). A brief mathematical description is provided here.

Given n observations of m measurement variables, an n by m
matrix X is constructed to stack the training data for all classes,
and the ith row of X is represented as the column vector xi, the
total-scatter matrix is given by (Duda and Hart, 1973; Chiang et al.,
2004)

St =
n∑

i=1

(xi − xmean)(xi − xmean)T (9)

where xmean indicates the total mean vector, elements of which
are the means of the columns of X. Define Xj as the set of vectors xi
belonging to the class j, then the within-scatter matrix for class j is

defined by

Sj =
∑
xi∈Xj

(xi − xj,mean)(xi − xj,mean)T (10)
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here xj,mean indicates the mean vector of class j. Given that the
umber of classes is c, then the within-class-scatter matrix is given
y

w =
c∑

i=1

Si (11)

nd the between-class-scatter matrix is

b =
c∑

i=1

nj(xj,mean − xmean)(xj,mean − xmean)T (12)

here nf is the observation number of class j.
The objective is to provide a set of projection vectors W that

ptimize the Fisher criterion:

max
/=  0

WT SbW

WT SwW
(13)

FDA vectors can be derived to be equivalent to the eigenvectors
k of the generalized eigenvalue problem

bwk = �kSwwk (14)

here �k is the generalized eigenvalue.
At most p − 1 eigenvalues will be nonzero, because the rank of

b is less than p. Define the matrix Wa with the a FDA vectors as
olumns, where a ≤ p − 1. Then the linear transformation of the data
rom m-dimensional space to a-dimensional space is represented
y

i = WT
axi (15)

Observations are then classified in the a-dimensional space of
DA using the discriminant function (Chiang et al., 2001)

j(x) = − 1
2

(x − xj,mean)TWa

(
1

nj − 1
WT

aSjWa

)−1

WT
a(x − xj,mean)

− 1
2

ln

[
det

(
1

nj − 1
WT

aSjWa

)]
. (16)

An observation is categorized to class j that has the maximum
alue of discriminant function,

j(x) > gi(x), ∀i /= j (17)

.3. Dynamic FDA

The FDA method can be extended to take the serial correlations
n the data into account, by augmenting the observation vector and
tacking the data matrix as

(l) =

⎡
⎢⎢⎢⎢⎣

xT
t xT

t−1 · · · xT
t−l

xT
t−1 xT

t−2 · · · xT
t−l−1

...
...

. . .
...

xT
t+l−n

xT
t+l−n−1 · · · xT

t−n

⎤
⎥⎥⎥⎥⎦ (18)

The observation vector for (18) with l lags corresponds to pt

ith l + 1 lags (Chiang et al., 2001). This approach is referred to
s dynamic FDA (DFDA) (Chiang et al., 2001), which enables more
nformation used in the pattern classification system to classify the
bservations. The augmented vector approach can lead to better
erformance, because the information comprised in the augmented

bservation vector is a superset of the information comprised in a
ingle observation vector. However, the dimensionality of the prob-
em is considerably increased by the data stacking in DFDA, which
mplies that, in order to determine the same level of accuracy of the
cal Engineering 77 (2015) 1–9 3

mean vector and covariance matrix for each class, more data may
be required. In practice, better performance can be expected by
augmenting the observation vector under the condition with both
significant serial correlation and enough data to justify the larger
dimensionality.

3. CVA–FDA

This section describes the CVA–FDA method, which implements
CVA as a first step for pretreating the data, and then utilizes FDA
for diagnosing faults. The objective of employing CVA in the first
step is to handle serial correlations in the data as well as decrease
the overlap between the data with the added dimensions by utiliz-
ing the time lag technique inherently contained in CVA. In addition,
the dimensionality reduction procedure provided by CVA results in
similar or lower dimensions of the CVA-treated datasets compared
with the original datasets, which can reduce the computational
time of CVA–FDA as compared with DFDA.

Misclassification generally results from the data falling in the
overlapping region among different classes (Chiang et al., 2001).
Two parameters in CVA can affect the degree of overlap in the
projected data with reduced dimensionality: time lag l and CVA
dimensionality reduction order aCVA. Incorporating time lags into
autocorrelated variables increases the dimension of the data vec-
tors and can reduce overlapping among the datasets. The order of
model reduction aCVA represents the dimensionality of the reduced
space. A value of aCVA that is too low or too high will result in
a poorer characterization of the process dynamics, which would
likely result in a larger overlap in the CVA-treated data. A rational
method for selecting values of the time lag l and dimensional-
ity reduction order aCVA is to minimize overlap in the resulting
CVA-treated data. Many overlap measures have been defined in
terms of means and/or covariance matrices of individual classes,
such as Raich and Ç inar (1996, 1995); this section uses a method
that is more widely used in the statistical learning literature
(Bredensteiner and Bennett, 1999; Smith, 1968).

Given n faults Ci(i = 1, 2, . . .,  n), the overlap ratio between Fault Ci
and Fault Cj is defined by (Chiang, 2001; Bredensteiner and Bennett,
1999; Smith, 1968)

R(Ci, Cj) =
NCi∩Cj

NCi∪Cj

(19)

where NCi∩Cj
is the number of data points falling in the intersection

of the Fault Ci and Fault Cj elliptical confidence regions, as illus-
trated in Fig. 1, NCi∪Cj

is the total number of data points in Fault Ci

and Fault Cj, and the elliptical confidence region for Fault Ci is given
by (Chiang et al., 2001)

T2
i =

∑
t

(xt − xi,mean)TS−1
i (xt − xi,mean) ≤ T2

s,˛ (20)

where xt = Jk pt, Si is defined in (10), and T2
s,˛ follows the distri-

bution

T2
s,˛ = k(n2 − 1)

n(n − k)
F˛(k, n − k) (21)

The T2
s,˛-statistic specifies the threshold, with each elliptical

confidence region in Fig. 1 drawn for a significance level of  ̨ = 95%.
If the statistic of the data point falls within this threshold, the data
point is classified as being fault class Ci.

Choosing too large of the time lag and the dimensionality reduc-

tion order would lead to overfitting of the training data, which
would give small overlap ratio in the training data but can lead
to large overlap ratio in the validation data; choosing too small of
the time lag and the dimensionality reduction order would underfit
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ig. 1. 95% confidence regions (red ellipses) for three different fault classes (Chiang
eferences to color in this figure legend, the reader is referred to the web version of

he data overlap, which would have too large of a degree of overlap
n both the training and validation data.

In order to select the optimal time lag l and CVA dimensionality
eduction order aCVA, the objective function
min
,aCVA

∑
1≤i<j≤n

(Rtrain(Ci, Cj) + Rval(Ci, Cj)) (22)

Fig. 2. Flowsheet for the Tennessee East
, 2001), with significant overlap between Faults Ci and Cj . (For interpretation of the
rticle.)

is used for optimization during the first CVA step based on the
training and validation data, where Rtrain(Ci, Cj) and Rval(Ci, Cj) indi-
cate the overlap ratios (19) of the training data and validating data
between fault classes Ci and Cj respectively. This choice of objec-

tive function selects the best l and aCVA in terms of facilitating the
subsequent classification by FDA.

The optimization in (22) selects l and aCVA for CVA to provide the
least overlap in the dimensionality reduced datasets. The procedure

man process (Chiang et al., 2001).
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ata,  and (c) testing data.

enefits the subsequent FDA algorithm for diagnosing faults where
he misclassification rates are reduced as a result of reduced overlap
Chiang et al., 2004).

. Application to Tennessee Eastman process

In this section, the proposed CVA–FDA fault diagnosis approach
s evaluated for the Tennessee Eastman process (TEP). The TEP sim-
lates an industrial process with the properly modified kinetics,
omponents, and operating conditions. The process flowsheet of
EP with closed-loop control is shown in Fig. 2. The plant-wide
ontrol structure of Lyman and Georgakis (1995) was employed to
roduce the simulated process data for each fault, including normal
perating conditions (Fault 0) together with 21 faulty conditions
Faults 1–21). More details about the TEP are given in Chiang et al.

2001); Downs and Vogel (1993) and McAvoy (1998).

For each fault, three sets of data (training, validation, and testing
ata) were generated with a sampling time of 3 min. The training
nd validation data were used to build the models and the testing
he first two FDA loading vectors by standard FDA: (a) training data, (b) validation

data were used for model testing. The training, validation, and test-
ing data each contain 400, 400, and 800 observations, respectively.
Each observation contains 52 process variables, including all the
manipulated and measurement variables except for the agitation
speed of the reactor’s stirrer. The data were auto-scaled before the
application of CVA–FDA, FDA, and DFDA, that is, each variable was
subtracted by the sample mean and then divided by its standard
deviation (Chiang et al., 2000).

4.1. Case Study 1: Faults 3, 4, and 11

In this case study, the performance of CVA–FDA, FDA, and DFDA
for classifying multiple classes with overlap is investigated and
compared for Faults 3, 4, and 11 (as specified for the TEP in Table 1).
These three faults are used for the evaluation of the performance of

methods for fault classes with overlapping data. Faults 4 and 11 are
selected which are both related to reactor cooling water inlet tem-
perature but are different in the fault type (step change for Fault 4
versus random variation for Fault 11) (Chiang et al., 2004; He et al.,
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Fig. 4. Time responses of the first two FDA scores perform

009). When the data from these two faults are projected onto the
rst two FDA loading vectors, overlap is observed (see Fig. 3). Fig. 3
lso includes data from Fault 3, which is related to step variation in

 feed temperature – a different process variable than for Faults 4
nd 11.

Fault 11 data overlap with a large portion of the date for both
aults 3 and 4, while Faults 3 and 4 have a good separation from
ach other. The observed separatability is consistent with the above
iscussion. The first two FDA scores plotted over time for Faults 3,
, and 11 in Fig. 4 show that the projected data contain a large
mount of serial correlation that is not exploited in the standard

DA method.

The classification results for Faults 3, 4, and 11 utilizing FDA
nd CVA–FDA are displayed in Fig. 5a and b, respectively. FDA

able 1
escription of Faults 3, 4, and 11.

ID Fault description Type

Fault 3 D feed temperature Step change
Fault 4 Reactor cooling water inlet temperature Step change
Fault 11 Reactor cooling water inlet temperature Random variation
 standard FDA for (a) Fault 3, (b) Fault 4, and (c) Fault 11.

incorrectly classifies the Fault 11 data most of the time, and
often misclassifies Fault 3 data. CVA–FDA has better classification
than FDA for all three faults. The overall misclassification rate for
CVA–FDA is 20.8% for the testing data (800 samples), compared to
35.2% to FDA (Table 2), which is a factor of 1.7 improved classifica-
tion for CVA–FDA. The main reason for the differing performance is
the inability of FDA to capture the information on dynamics from
the data.

Using the same time lags as CVA–FDA, the classification results
for Faults 3, 4, and 11 utilizing DFDA are shown in Fig. 5c. The overall
misclassification rate of DFDA is 25.2%, indicating that the overall

misclassification rate of CVA–FDA is a factor of 1.2 less than for
DFDA. One reason for the improved fault diagnosis performance
of CVA–FDA over DFDA is that the CVA state-space representation

Table 2
Summary of classification results for FDA, CVA–FDA, and DFDA for Case Study 1
(aFDA = 2).

Misclassification rate (%) FDA CVA–FDA DFDA

Overall misclassification rate 35.2 20.8 25.2
Computation time (s) 77 61 8949
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Fig. 5. The classification results for Faults 3, 4, and 11 obtained by (a) FDA, (b) CVA–FDA, and (c) DFDA. The left axis labels the fault that occurs starting at time t = 0 and the
l d. For
l .

i
t
v
t
f

s
C

egend  at the right gives the color of the fault indicated by the fault diagnosis metho
ag  and CVA dimensionality reduction order for this case study was l = 9 and aCVA = 5

s better than DFDA in capturing the dynamic information from
he data (Negiz and Ç inar, 1997b). Furthermore, applying canonical
ariate analysis between the future and the past information gives
he optimal predictors (Negiz and Ç inar, 1997a). The predicting

eature is absent in models based on DFDA.

Also, the computational time for CVA–FDA is significantly
horter than that of DFDA (more than 100 times lower, 61 s for
VA–FDA compared to 8949 s for DFDA). The lower computational
 CVA–FDA, the optimization in (22) indicated that the appropriate selection of time

cost of CVA–FDA makes it more suitable for applications in which
the fault diagnosis model is updated online as process operators
or engineers assign data from initially unknown faults to known
fault classes as they track down the root causes of the abnormal

operations. The results for CVA–FDA, FDA, and DFDA are summa-
rized in Table 2. Superior classification in both performance and
computational speed are obtained in CVA–FDA than both FDA and
DFDA.
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Fig. 6. (a) Overall misclassification rates and (b) standard deviation of m

The performance of the three methods for classifying tran-
ient data is further investigated here. For the sampling time of

 min  in the TEP, the first 200 samples are rich in the initial
ault signatures and the transient behaviors (He et al., 2009). The

isclassification rate for the dynamic data (first 200 samples) is
enoted as the dynamic misclassification rate (DMR). A summary
f the classification results for the FDA, CVA–FDA, and DFDA algo-
ithms constructed from data for the first 200 samples and the first
00 samples is depicted in Table 3. The misclassification rate in
VA–FDA decreases from 20.8% for the full dataset to 18.7% for the
rst 200 samples. Meanwhile, the misclassification rate of the FDA
as increased from 35.2% for the full dataset to 42.3% for the first
00 samples, and that of the DFDA has only a slight increment. The
ontrasting results advocate the superior performance of CVA–FDA
n handling data with high serial correlation.

Compared to FDA, the DMR  for CVA–FDA is more than a factor of
wo lower overall (18.7% vs. 42.3% in Table 3), and a factor of 3.6, 3.5,
nd 1.7 lower for Faults 3, 4, and 11. Compared to DFDA, the DMR  of
VA–FDA is a factor of 1.4 lower overall, is more than a factor of two

ower for Faults 3 and 4, and is the same for Fault 11. The reductions
n DMRs for CVA–FDA compared to FDA and DFDA are even greater

hen computed for the first 100 samples (Table 3), with CVA–FDA
aving nearly the same DMRs for 100 and 200 samples whereas FDA
nd DFDA have higher DMRs for 100 samples than 200 samples,
urther indicating the enhanced performance of CVA–FDA during
perations in which the data are rich in dynamic information.

.2. Case Study 2: all 21 faults

In this case study, all 21 faults generated by the TEP simulator

re used to further investigate the performance of the proposed
VA–FDA scheme for faulty data classification. From the optimiza-
ion in (22), the selection of time lag l and CVA dimensionality
eduction order aCVA are calculated as l = 8 and aCVA = 22.

able 3
ynamic misclassification rates (DMRs) of FDA, CVA–FDA, and DFDA for data for the
rst 100 and 200 samples (aFDA = 2).

DMR  (%) First 200 samples First 100 samples

FDA CVA–FDA DFDA FDA CVA–FDA DFDA

Fault 3 43.5 12 26.5 45 11 39
Fault 4 19 5.5 12 35 6 23
Fault 11 64.5 38.5 38.5 73 38 51

Overall DMR  42.3 18.7 25.7 51 18.3 37.7
sification rates for FDA and CVA–FDA as a function of FDA model order.

The overall misclassification rates and the standard deviation
of misclassification rates for the 21 faults utilizing the FDA and
CVA–FDA methods are plotted as a function of FDA model order
aFDA in Fig. 6a and b, respectively. As the model order increases, the
misclassification rate decreases for both FDA and CVA–FDA.

Fig. 6a shows that, for the same model order aFDA, CVA–FDA
always outperformed FDA, which is indicative that the superior
fault diagnosis provided by CVA–FDA is inherent in the CVA proce-
dures and is not affected by the selection of FDA model order aFDA.
The performance of the CVA–FDA method is also less sensitive to
FDA model order selection than the FDA method (Fig. 6b), while
consistently providing better classification results. The main rea-
sons for the superior performance of CVA–FDA are that (i) the CVA
state-space representation can capture the dynamic information
from the data more effectively; and (ii) incorporating CVA between
the future and the past information gives the optimal predictors
(Negiz and Ç inar, 1997a) while this property is absent in models
based on FDA.

The computational cost of fault diagnosis for all 21 faults using
FDA and CVA–FDA are around 90 min  and 70 min, respectively.
Compared with FDA and CVA–FDA, the computational cost of DFDA
is so high that utilization of that method for diagnosis in Case Study
2 was prohibitive.

Case Study 2 demonstrates the effectiveness of the proposed
CVA–FDA fault diagnosis method. Pretreating the data by the CVA
approach is advantageous for the subsequent FDA  algorithm for
diagnosing faults.

5. Conclusions

This article describes a combined CVA–FDA scheme for fault
diagnosis that employs CVA to pretreat the data in the first step
and then utilizes FDA for classifying faults. Serial correlations in the
data are handled and the overlap between the data is decreased
in the CVA step, where an optimization technique based on the
overlapping degrees of training and validation data is utilized to
select an appropriate time lag l and CVA dimensionality reduction
order aCVA. The proposed approach has been demonstrated by all
the 21 faults in TEP, which indicated that (i) CVA–FDA provides
better and more consistent fault diagnosis for various faults than
FDA, particularly in diagnosing faulty data with dynamic behavior;

and (ii) CVA–FDA outperforms DFDA in discriminatory power and
computational time.

An idea for future work is to develop a framework to simulta-
neously perform dimensionality reduction for CVA and FDA. The



Chemi

d
C
s
r
p
t
c
p

A

g
F
fi
t
f
f

R

A

B

B

C

C

C

C

D

B. Jiang et al. / Computers and 

evelopment of such a framework would be challenging, in that
VA consists of a projection of the input–output data onto a cho-
en state coordinate system followed by least-squares, which are
ather different in character as FDA, which solves an optimization
roblem that maximizes separation between classes. Such a simul-
aneous approach would likely have much higher computational
ost than the approach described in this article, but could have the
otential of achieving even better fault diagnosis.
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Raich AC, Ç inar A. Statistical process monitoring and disturbance diagnosis in mul-
tivariable continuous processes. AIChE J 1996;42:995–1009.

Ricker NL. The use of biased least-squares estimators for parameters in discrete-time
pulse-response models. Ind Eng Chem Res 1988;27:343–50.

Russell EL, Chiang LH, Braatz RD. Fault detection in industrial processes using canon-
ical  variate analysis and dynamic principal component analysis. Chemom Intell
Lab Syst 2000;51:81–93.

Simoglou A, Martin EB, Morris AJ. A comparison of canonical variate analysis and
partial least squares for identifying dynamic processes. In: Proceedings of the
American control conference; 1999. p. 832–8.
Simoglou A, Martin EB, Morris AJ. Statistical performance monitoring of dynamic
multivariate processes using state space modelling. Comput Chem Eng
2002;26:909–20.

Smith FW.  Pattern classifier design by linear programming. IEEE Trans Comput
1968;C17:367–72.

http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0005
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0005
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0005
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0005
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0005
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0005
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0005
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0005
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0005
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0005
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0005
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0005
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0005
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0005
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0005
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0005
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0005
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0005
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0010
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0010
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0010
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0010
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0010
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0010
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0010
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0010
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0010
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0010
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0010
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0010
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0010
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0015
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0015
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0015
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0015
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0015
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0015
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0015
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0015
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0015
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0015
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0015
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0015
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0015
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0015
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0015
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0030
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0030
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0030
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0030
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0030
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0030
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0030
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0030
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0030
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0030
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0030
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0030
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0030
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0030
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0030
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0030
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0030
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0030
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0030
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0030
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0035
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0035
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0035
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0035
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0035
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0035
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0035
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0035
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0035
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0035
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0035
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0035
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0035
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0035
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0035
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0035
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0035
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0035
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0035
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0035
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0035
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0035
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0035
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0035
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0035
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0035
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0035
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0035
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0025
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0025
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0025
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0025
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0025
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0025
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0025
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0025
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0025
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0025
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0025
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0025
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0020
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0020
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0020
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0020
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0020
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0020
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0020
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0020
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0020
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0020
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0020
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0020
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0020
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0020
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0020
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0020
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0020
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0020
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0020
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0020
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0050
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0050
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0050
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0050
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0050
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0050
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0050
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0050
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0050
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0050
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0050
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0050
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0050
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0050
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0050
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0045
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0045
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0045
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0045
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0045
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0045
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0045
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0045
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0045
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0040
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0040
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0040
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0040
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0040
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0040
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0040
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0040
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0055
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0055
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0055
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0055
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0055
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0055
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0055
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0055
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0055
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0055
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0055
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0055
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0055
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0055
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0055
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0055
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0055
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0055
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0055
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0055
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0060
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0060
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0060
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0060
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0060
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0060
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0060
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0060
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0060
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0060
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0060
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0060
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0060
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0060
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0060
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0060
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0060
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0065
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0070
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0070
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0070
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0070
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0070
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0070
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0070
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0070
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0070
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0070
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0070
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0070
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0070
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0070
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0070
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0070
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0070
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0070
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0070
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0080
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0080
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0080
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0080
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0080
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0080
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0080
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0080
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0080
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0080
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0080
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0080
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0080
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0080
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0080
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0080
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0080
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0080
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0080
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0080
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0080
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0080
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0080
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0080
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0080
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0075
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0085
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0085
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0085
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0085
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0085
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0085
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0085
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0085
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0085
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0085
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0085
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0085
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0085
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0085
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0085
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0085
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0085
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0090
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0090
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0090
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0090
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0090
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0090
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0090
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0090
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0090
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0090
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0090
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0090
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0090
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0090
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0090
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0090
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0090
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0090
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0090
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0090
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0090
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0095
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0095
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0095
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0095
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0095
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0095
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0095
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0095
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0095
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0095
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0095
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0095
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0095
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0095
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0095
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0095
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0095
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0100
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0100
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0100
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0100
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0100
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0100
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0100
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0100
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0100
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0100
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0100
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0100
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0100
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0100
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0100
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0100
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0100
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0100
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0100
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0100
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0100
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0100
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0100
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0100
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0100
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0105
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0105
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0105
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0105
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0105
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0105
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0105
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0105
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0105
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0105
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0105
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0105
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0105
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0105
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0105
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0105
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0105
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0105
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0105
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0105
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0105
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0105
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0105
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0105
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0105
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0105
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0105
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0105
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0105
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0105
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0110
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0110
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0110
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0110
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0110
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0110
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0110
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0110
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0110
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0110
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0110
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0110
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0110
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0110
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0110
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0110
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0110
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0110
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0110
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0120
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0120
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0120
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0120
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0120
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0120
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0120
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0120
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0120
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0120
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0120
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0120
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0120
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0120
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0120
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0120
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0120
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0120
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0120
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0120
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0120
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0120
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0115
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0115
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0115
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0115
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0115
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0115
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0115
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0115
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0115
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0115
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0115
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0115
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0115
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0115
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0115
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0115
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0115
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0115
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0115
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0115
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0115
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0115
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0115
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0115
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0115
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0125
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0125
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0125
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0125
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0125
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0125
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0125
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0125
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0125
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0125
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0125
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0125
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0125
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0125
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0125
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0125
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0125
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0125
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0125
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0125
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0125
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0125
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0125
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0125
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0125
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0125
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0125
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0130
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0130
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0130
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0130
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0130
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0130
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0130
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0130
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0130
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0130
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0130
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0130
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0130
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0130
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0130
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0130
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0130
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0130
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0130
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0130
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0135
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0135
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0135
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0135
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0135
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0135
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0135
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0135
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0135
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0135
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0135
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0135
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0135
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0135
http://refhub.elsevier.com/S0098-1354(15)00072-1/sbref0135

	A combined canonical variate analysis and Fisher discriminant analysis (CVA–FDA) approach for fault diagnosis
	1 Introduction
	2 CVA and FDA
	2.1 CVA
	2.2 FDA
	2.3 Dynamic FDA

	3 CVA–FDA
	4 Application to Tennessee Eastman process
	4.1 Case Study 1: Faults 3, 4, and 11
	4.2 Case Study 2: all 21 faults

	5 Conclusions
	Acknowledgements
	References


