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Partial least-squares (PLS) method has been widely used in multivariate statistical process monitoring field. The goal of
traditional PLS is to find the multidimensional directions in the measurement-variable and quality-variable spaces that
have the maximum covariances. Therefore, PLS method relies on the second-order statistics of covariance only but does
not takes into account the higher-order statistics that may involve certain key features of non-Gaussian processes. More-
over, the derivations of control limits for T2 and squared prediction error (SPE) indices in PLS-based monitoring
method are based on the assumption that the process data follow a multivariate Gaussian distribution approximately.
Meanwhile, independent component analysis (ICA) approach has recently been developed for process monitoring, where
the goal is to find the independent components (ICs) that are assumed to be non-Gaussian and mutually independent by
means of maximizing the high-order statistics such as negentropy instead of the second-order statistics including var-
iance and covariance. Nevertheless, the IC directions do not take into account the contributions from quality variables
and, thus, ICA may not work well for process monitoring in the situations when the quality variables have strong influ-
ence on process operations. To capture the non-Gaussian relationships between process measurement and quality varia-
bles, a novel projection-based monitoring method termed as quality relevant non-Gaussian latent subspace projection
(QNGLSP) approach is proposed in this article. This new technique searches for the feature directions within the
measurement-variable and quality-variable spaces concurrently so that the two sets of feature directions or subspaces
have the maximized multidimensional mutual information. Further, the new monitoring indices including I2 and SPE sta-
tistics are developed for quality relevant fault detection of non-Gaussian processes. The proposed QNGLSP approach is
applied to the Tennessee Eastman Chemical process and the process monitoring results of the present method are dem-
onstrated to be superior to those of the PLS-based monitoring method. VC 2013 American Institute of Chemical Engi-

neers AIChE J, 60: 485–499, 2014

Keywords: quality relevant process monitoring, fault detection, non-Gaussian latent subspace projection, partial least
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Introduction

Process monitoring, fault detection and diagnosis are gain-
ing significant attention for the rapid detection of abnormal
operation, process upsets, equipment malfunctions, sensor
failures, and other special events in industrial plants to
improve plant safety, product quality, energy efficiency, and
profit margin.1–3 Recently, owing to the fast development of
measurement, automation, and advanced computing technol-
ogies, a huge number of process variables can be frequently
measured and recorded in industrial plant historians, which
make it possible to conduct data-driven large-scale process
monitoring and fault diagnosis. Meanwhile, effective process
monitoring plays a critical role in ensuring product quality,
operation safety, and manufacturing sustainability.

The approaches to process monitoring, fault detection and
diagnosis fall into the two categories, which are the model-

based and the data-driven techniques.4 Model-based process
monitoring methods may be applicable only if the accurate
mechanistic models of processes can be developed.5–7 How-
ever, those first-principle models require in-depth knowledge
about processes and also it is difficult and time consuming
to build precise mechanistic models for large-scale complex
industrial plants. Conversely, the data-driven monitoring

techniques have become increasingly attractive because they

do not require in-depth fundamental knowledge and mecha-

nistic models but instead depend on historical process data

only. Traditionally, univariate statistical process control

(SPC) has been applied for process monitoring. Nevertheless,

most SPC methods are based on control charts of individual

or noncorrelated process variables and, thus, the highly cor-

related process variables in industrial plants can cause the

failure of conventional SPC methods.8

Multivariate statistical process monitoring (MSPM) techni-
ques have been developed to extract useful information from
large number of highly correlated process variables and his-
torical data sets.9–15 Two popular latent variables methods in
MSPM field are principal component analysis (PCA) and

Correspondence concerning this article should be addressed to J. Yu at
jieyu@mcmaster.ca.

VC 2013 American Institute of Chemical Engineers

AIChE Journal 485February 2014 Vol. 60, No. 2



partial least squares or projection to latent structure
(PLS).16–24 The major advantages of these methods include
their strong capability to deal with the colinearity among dif-
ferent process variables and identify the statistical model
within a lower-dimensional latent subspace that well retains
the multivariable correlation structure. Then the statistics
such as T2 and squared prediction error (SPE) are proposed
for extracting the critical features of process data for fault
detection and diagnosis.25,26 Furthermore, the total projection
to latent structures (T-PLS) method is proposed for process
monitoring.27 Compared to conventional PLS method that is
based on regression models, T-PLS approach can separate
the orthogonal and correlated parts to the quality variable
and, thus, is proven to be more suitable for process monitor-
ing and fault detection. The conventional PCA/PLS-based
process monitoring techniques are based on the second-order
statistics of covariance only but do not take into account the
higher-order statistics. Hence, they may not effectively
extract the non-Gaussian process features that are character-
ized by the higher-order statistics, even though PCA and
PLS models do not require Gaussian distribution explicitly.
Moreover, the derivations of T2 and SPE control limits in
PCA/PLS-based process monitoring methods are based on
the assumption that the process data follow a multivariate
Gaussian distribution approximately.28 In industrial proc-
esses, however, operating condition shifts are often encoun-
tered due to the changes of various factors such as

feedstock, product specification, set points, and manufactur-

ing strategy.29 Such operating condition changes often result

in non-Gaussian probability distribution of process data. As

an alternative solution, eigenvalue decomposition on the

covariance matrices of process measurement variables is uti-

lized to determine the dissimilarity factor between the nor-

mal and the monitored data sets.30 Nevertheless, this method

suffers from the same issue as PCA/PLS-based monitoring

methods that only the second-order statistics are taken into

account and, thus, the non-Gaussian process features may

not be efficiently extracted.

To deal with non-Gaussian processes, independent compo-
nent analysis (ICA) has been applied to project multivariate
process data into latent subspace of statistically independent
components (IC).31–37 ICs are assumed to be non-Gaussian
and mutually independent based on high-order statistics and
they retain the non-Gaussian process features that may not
be effectively extracted in traditional PCA/PLS methods.
Moreover, the ICA-based statistics like I2 and SPE are devel-
oped for detecting faulty operation.38 More recently, multidi-
mensional mutual information is adopted to measure the
statistical independency between IC subspaces and further
determine the dissimilarity factors between the normal
benchmark and the monitored data sets for process monitor-
ing and fault detection.39 This method takes into considera-
tion not only the high-order statistics but also the time-
varying process dynamics. However, if the variations in the
process measurement variables are most influential on prod-
uct quality variables, the above ICA-based monitoring tech-
niques may not be well suited because only the process
measurement variables are utilized in the developed statisti-
cal models while the product quality variables are excluded.
In other words, they do not take into account the quality var-
iables as in the PLS-based monitoring methods. Another
non-Gaussian process monitoring technique is based on
Gaussian mixture models (GMM) that decompose the

process data into multiple Gaussian components with differ-
ent means and covariances corresponding to various opera-
tional conditions and modes.40 In this way, the globally non-
Gaussian process data can be characterized as mixture mod-
els of different Gaussian components and then the Bayesian
inference strategy can be developed to incorporate multiple
local models for fault detection.37 Furthermore, Gaussian
mixture model can be updated by adopting particle filter
strategy to take into account the dynamic changes of operat-
ing scenarios.41 In addition, an ensemble clustering-based
process pattern construction method and multiple ICA-PCA
model-based multimode process monitoring technique are
developed for operating mode identification and fault detec-
tion.42 Due to the clustering algorithm as well as the integra-
tion of PCA and ICA methods, both Gaussian and non-
Gaussian process features in the multimode operating data
can be captured. However, the non-Gaussian process moni-
toring methods still do not utilize output variables especially
product quality variables and, thus, the detected abnormal
operating events may not be relevant to any degradations of
product quality or losses of other operational objectives such
as energy efficiency and sustainability.

Alternately, supervised learning techniques such as Fisher
discriminant analysis (FDA) and support vector machine
(SVM) have been developed for chemical process monitor-
ing.43,44 FDA approach can identify multiple classes with
both maximized between-class separation and minimized
within-class scattering. FDA may become well suited only if
the subset of data in each class do not have significant
within-class multimodality. To overcome this limitation, the
localized Fisher discriminant analysis (LFDA) has recently
been proposed for process monitoring and fault detection.45

Nevertheless, the performance of LFDA depends on the way
of calculating a similarity matrix and, thus, the best selection
of similarity matrix in LFDA algorithm is very important.
Conversely, SVM can perform nonlinear classification by
maximizing separating margin between support vector hyper-
planes. However, all these methods are based on supervised
learning models and, thus, require known class labels of all
the training samples, which may not be realistic for indus-
trial applications. To overcome this limitation, support vector
clustering (SVC)-based probabilistic approach is proposed
for unsupervised process monitoring.46 Different from SVM,
SVC has ability to classify the unlabeled training samples
and, thus, known class labels are not needed in advance.
Nevertheless, the above supervised and unsupervised moni-
toring methods typically do not include the output quality
variables in the classification models and, thus, are not qual-
ity relevant either.

In this study, a novel output quality variable relevant non-
Gaussian latent subspace projection method is proposed to
monitor complex chemical processes that follow non-
Gaussian distributions. Both the process measurement and
product quality variables are used to extract the non-
Gaussian subspaces for monitoring the abnormal behaviors
in process operations that have significant influence on prod-
uct quality. The basic idea is to estimate the non-Gaussian
loading matrices of both process measurement and product
quality variables, respectively, so that the mutual information
between latent scores of measurement and quality variables
is maximized. In this way, the proposed method can identify
the feature directions in the measurement-variable and
quality-variable spaces concurrently to retain the maximized
statistical dependency between two latent subspaces. With
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the quality relevant non-Gaussian latent variable model, I2

and SPE indices are further proposed and compared for pro-
cess monitoring and fault detection. In contrast to PLS-based
monitoring methods, the proposed approach utilizes the
high-order statistics of mutual information instead of the
second-order statistics of covariance and, thus, can well
extract the non-Gaussian features from process data. Mean-
while, compared to ICA, GMM or supervised learning-based
monitoring approaches, both process measurement and out-
put quality variables are included in the non-Gaussian model
of the presented method so that the latent directions within
input and output spaces are concurrently searched for with
optimized mutual information.

The remainder of the article is organized as follows.
“Review of PLS and ICA-Based Process Monitoring Meth-
ods” section briefly reviews the PLS and ICA-based monitor-
ing technique and discusses the issues of these conventional
methods. “Quality Relevant non-Gaussian Latent Subspace
Projection Approach for Process Monitoring” section
describes the proposed quality relevant non-Gaussian latent
subspace projection (QNGLSP) approach and the corre-
sponding monitoring indices for capturing abnormal process
operations. “Application Example” section demonstrates the
utility and performance of the new process monitoring
approach through the application example of the Tennessee
Eastman Chemical process and its comparison to the PLS-
based monitoring method. Finally, the conclusions of this
work are summarized in “Conclusions” section.

Review of PLS and ICA-Based Process
Monitoring Methods

PLS-based process monitoring method

PLS handles high-dimensional correlated data by finding
the multidimensional latent directions in both the
measurement-variable and quality-variable spaces with the
maximum covariance. Given an input matrix
X5 x1; x2;…; xm½ � 2 <n3m consisting of n samples along m
process measurement variables and an output matrix
Y5 y1; y2;…; yk

� �
2 <n3k along k quality variables, they are

decomposed onto low-dimensional subspaces as follows

X5TPT1E (1)

Y5TQT1F (2)

where T5 t1; t2;…; td½ � 2 <n3d is the score matrix,
P5 p1;p2;…;pd½ � 2 <m3d is the loading matrix for X,
Q5 q1;q2;…;qd½ � 2 <k3d is the loading matrix for Y, E 2
<n3m denotes the residual matrix for X, F 2 <n3k represents
the residual matrix for Y, and d is the selected number of
latent variables in PLS model. The basic idea of PLS is to
determine the score matrix T and the loading matrices P and
Q from X and Y through the nonlinear iterative partial least-
squares (NIPALS) algorithm.47

Given a new test sample x, its corresponding prediction
and residual vectors are given as follows

Score : t5xP (3)

Prediction : x̂5xPPT (4)

Residual : e5x Im2PPT
� �

(5)

where Im is a m 3 m identity matrix. The following PLS-
based T2 and SPE statistics are used as the measures of

variations in the latent variable and residual subspaces for
process monitoring

T25t
1

n21
TTT

� �21

tT (6)

SPE 5eeT (7)

where the confidence limits for T2 and SPE statistics can be
estimated from F and v2 distributions, respectively.14

ICA-based process monitoring method

PLS is based on the covariance between the score vectors
of the measurement and quality variables, respectively. How-
ever, it does not take into account the high-order statistics
and, thus, may not be well suited in extracting the non-
Gaussian features from process data. In contrast, ICA is
developed for non-Gaussian process monitoring on the basis
of high-order statistics. It is essentially a multivariate statisti-
cal technique for computing ICs that are assumed to be non-
Gaussian and mutually independent.48 Given the input matrix
X5 x1; x2;…; xm½ � 2 <n3m, all the process measurement vari-
ables are assumed to be generated as linear combinations of
m unknown ICs

XT5AST (8)

where A5 a1; a2;…; ad½ � 2 <m3d is unknown mixing matrix
and S5 s1; s2;…; sd½ � 2 <n3d represents the IC matrix. The
solution is equivalent to finding a demixing matrix
W5 w1;w2;…;wd½ �T 2 <d3m as follows

ST5WXT (9)

where the ICs S5 s1; s2;…; sd½ � have the maximized statistical
independency in terms of negentropy among each other.49,50

Given a new test sample vector x, its corresponding IC
score, prediction, and residual vectors are given below

IC Score : y5xWT (10)

Prediction : x̂5xWTAT (11)

Residual : e5x Im2WTAT
� �

(12)

Further, the I2 and SPE statistics can be defined as follows
for process monitoring38

I25yyT (13)

SPE 5eeT (14)

where the confidence limits for I2 and SPE statistics can be
estimated through kernel density estimation (KDE).51

Quality Relevant Non-Gaussian Latent Subspace
Projection Approach for Process Monitoring

The basic idea of PLS approach is to optimize the loading
matrices P and Q from the input and output data matrices X

and Y by means of the NIPALS algorithm. The embedded
optimization problem in PLS is defined as

max w wPLS
i ; cpls

i

� 	
5cov tPLS

i ;uPLS
i

� �
5cov Xiw

PLS
i ;Yic

PLS
i

� �
s:t: jjwPLS

i jj51; jjcPLS
i jj51

(15)

where w wPLS
i ; cPLS

i

� �
is the objective function wPLS

i and cPLS
i

are the weighting vectors, and cov tPLS
i ;uPLS

i

� �
denotes the
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covariance between the score vectors tPLS
i and uPLS

i . It
should be noted that the weighting vector wPLS

i also corre-
sponds to the i-th eigenvector of the matrix XTYYTX.52 If
process data follow Gaussian distribution, the joint Gaussian
density function pG of v5 v1;…; vM½ � can be described as
follows

pG vð Þ5f vjl;Rð Þ5 1

2pð ÞM=2jRj1=2
exp 2

1

2
v2lð ÞTR21 v2lð Þ


 �

(16)

where v represents the combined input and output variables,
l denotes a M-dimensional mean vector, and R is a M3M
covariance matrix. As Eq. 16 indicates, if data are normal-
ized to zero-mean, pG vð Þ is parameterized by the second-
order statistic of covariance only. Therefore, PLS is able to
capture the characteristic relationship between process mea-
surement and quality variables if process data follow Gaus-
sian distribution approximately.

However, PLS-based monitoring methods may not be well
suited if process data follow significantly non-Gaussian dis-
tribution because the joint density function cannot be
adequately characterized by the second-order statistics of
covariance only. Specifically, the joint density function p vð Þ
of non-Gaussian data with up to fifth-order statistics can be
expressed through Edgeworth expansion as53

p vð Þ � pG vð Þ



11
1

3!

X
i;j;k

ji;j;khijk vð Þ1 1

4!

X
i;j;k;l

ji;j;k;lhijkl vð Þ

1
1

72

X
i;j;k;l;p;q

ji;j;kjl;p;qhijklpq vð Þ
�

(17)

where pG vð Þ denotes the Gaussian density function with the
same mean and covariance as p vð Þ, i; j; kð Þ, i; j; k; lð Þ, and
i; j; k; l; p; qð Þ 2 1;…;Mf g are the input dimensions, hijk, hijkl,

and hijklpq are the ijk-th, ijkl-th, and ijklpq-th Hermite poly-

nomials ji;j;k5 jijk

rirjrk
is the standardized cumulant with jijk

being the cumulant for input dimension i; j; kð Þ, and

ji;j;k;l5 jijkl

rirjrkrl
is the standardized cumulant with jijkl being

the cumulant for input dimension i; j; k; lð Þ. Since non-

Gaussian probability density function p vð Þ includes the

higher-order statistics instead of covariance only, PLS may

not efficiently extract the non-Gaussian process features of

measurement variables that contain sufficient information on

product quality variables. Thus, PLS-based monitoring meth-

ods may not be effective in detecting abnormal events of

non-Gaussian processes.
In ICA method, ICs are calculated by using the mutual

information between the measurement variables and the

high-order statistics are taken into account for extracting

non-Gaussian process features. However, it does not incorpo-

rate output quality variables in data analysis and, thus, may

not specifically isolate the abnormal variations of process

measurement variables that have significant influence on

product quality variables.
Due to the above technical challenges, the new QNGLSP

method is developed for non-Gaussian process monitoring

with output quality variables incorporated. The basic idea of

QNGLSP approach is to find the multidimensional latent

directions in the measurement-variable and quality-variable

spaces concurrently so that the maximized multidimensional

mutual information between measurement and quality spaces

is obtained. It should be noted that mutual information is a

quantitative measure of statistical dependency between two

random variables and can be estimated from information

entropy. Compared to covariance, it is essentially high-order

statistics and, thus, is able to extract the non-Gaussian pro-

cess features.
Given an input matrix X5 x1; x2;…; xm½ � 2 <n3m with n

samples and m process measurement variables and an output
matrix Y5 y1; y2;…; yk

� �
2 <n3k with k quality variables,

the data matrices are first normalized to zero-mean and unit-
variance and then decomposed onto low-dimensional subspa-
ces as follows

X5SPT 1 E (18)

Y5SQT 1 F (19)

where S5 s1; s2;…; sd½ � 2 <n3d denotes the score matrix,
P5 p1;p2;…;pd½ � 2 <m3d is the loading matrix for X,
Q5 q1;q2;…;qd½ � 2 <k3d is the loading matrix for Y, E 2
<n3m is the residual matrix for X, F 2 <n3k is the residual
matrix for Y, and d is the number of latent variables. The
initial objective in the proposed QNGLSP algorithm is to
find weighting vectors w and c from the deflated X and Y

for each pair of score vectors through the following con-
strained optimization problem

max I si;uið Þ5I Xiwi;Yicið Þ (20)

subject to jjwjji51; jjcjji51 (21)

where I si; uið Þ represents the mutual information between the
score vectors si and ui. The mutual information I si;uið Þ can
be expressed as

I si; uið Þ5H uið Þ2H uijsið Þ
5H sið Þ2H sijuið Þ
5H si;uið Þ2H uijsið Þ2H sijuið Þ (22)

where H uið Þ is the marginal entropy, H uijsið Þ is the condi-
tional entropy, and H si; uið Þ is the joint entropy defined as

H uið Þ52

ð
ui

f uð Þlog f uð Þdu (23)

H uijsið Þ52

ð
si

ð
ui

f s; uð Þlog
f ujsð Þ
f s; uð Þ dsdu (24)

H ui; sið Þ52

ð
si

ð
ui

f s; uð Þlog f u; sð Þdsdu (25)

The above complex integrals for mutual information are
difficult to calculate analytically. Therefore, a numerical
optimization method termed as Nelder–Mead algorithm is
instead adopted to solve this problem through nonconstraint
nonlinear heuristic optimization procedure.54 It should be
noted that the normalization step of wi and ci are added in
the numerical iterations to handle the constraints in Eq. 21.
Moreover, the objective function in the mutual information-
based optimization problem may have strong nonlinearity
and multipeak feature, which can potentially lead to local
optimal solution instead of global optimum. To overcome
this issue, the multistart optimization strategy is used.

After the extraction of the weighting vectors wi and ci, the
score vectors si and ui can be computed as follows

si5Xiwi (26)
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ui5Yici (27)

Then, loading vectors pi and qi are estimated as

pi5XT
i si=sT

i si (28)

qi5YT
i si=sT

i si (29)

With the obtained loading vectors, the matrices X and Y

can be deflated as follows

Xi115Xi2sip
T
i and Yi115Yi2siq

T
i (30)

However, wi does not relate si to the original input data
matrix X directly. Thus, a decomposition matrix R5 r1;½
r2;…; rd� is defined below

r15w1 (31)

and

ri5
Yi21

j51

Im2wjp
T
j

� 	
wi i � 2 (32)

Then, score matrix S can be computed from original input
matrix X as follows

S5XR (33)

The searching strategy of latent directions in the proposed
QNGLSP method is illustrated in Figure 1. It can be
observed that both the input and output data are projected
onto the first feature directions within the input and output
spaces to obtain the scores s1 and u1. Both directions are
searched in such a way that the marginal entropy H u1ð Þ that
equals the amount of information in u1 is maximized while
the conditional entropy that equals the amount of ambiguity
in u1 given s1 is minimized. Equivalently, the mutual infor-
mation I s1; u1ð Þ between the score vectors s1 and u1 is maxi-
mized. The remaining score vectors can be estimated in the
same fashion through iterative procedure.

After all the loading and score vectors are obtained, it is
necessary to sort the two sets of latent directions correspond-
ing to the input and output spaces, respectively. The marginal
entropies of score vectors are used to rearrange the column
vectors of the score and decomposition matrices S and R.
With all the sorted latent variables, the number of components
pi and qi for concurrent subspace projections needs to be
selected to achieve the best monitoring performance. If the
numbers of components are too small, the projected subspaces

Figure 1. Illustration of the proposed QNGLSP method.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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do not contain sufficient non-Gaussian features for quality rel-
evant fault detection. On the contrary, if too many components
are chosen, then the formed subspaces may include irrelevant
or redundant information that can degrade the sensitivity of
monitoring statistics to faults. In QNGLSP method, the num-
bers of latent variables d is chosen so that the first d column
vectors of the full score and decomposition matrices
S5 s1; s2;…; sm½ � and R5 r1; r2;…; rm½ � satisfy the following
marginal entropy-based criteriaXd

i51
H sið ÞXm

i51
H sið Þ

> � (34)

and Xd

i51
H rið ÞXm

i51
H rið Þ

> � (35)

where � is the predefined threshold value and set to 0.95 in
this work. Thus, the loading matrices P and Q, score matrix
S, and decomposition matrix R consisting of d latent varia-
bles can be extracted as

P5 p1;p2;…;pd½ � 2 <m3d (36)

Q5 q1;q2;…;qd½ � 2 <k3d (37)

R5 r1; r2;…; rd½ � 2 <m3d (38)

S5 s1; s2;…; sd½ � 2 <n3d (39)

Given a new test sample vector x, the corresponding

score, prediction, and residual vectors are computed as

follows

Score : s5xR (40)

Prediction : x̂5xRPT (41)

Residual : e5x I2RPT
� �

(42)

In multivariate statistical process monitoring, two types

of statistics are widely used for fault detection. One is the

D statistic for monitoring the systematic part of process

variations, whereas the other is the Q statistic for monitor-

ing the residual part of process variations. As described in

“Review of PLS and ICA-Based Process Monitoring Meth-

ods,” section PLS-based fault detection methods use T2

and SPE indices, whereas ICA-based methods adopt I2

and SPE statistics. In QNGLSP-based monitoring method,

I2 and SPE indices are proposed for quality relevant fault

detection as follows

I25sL21sT (43)

SPE 5eeT

5x I2RPT
� �

I2PRT
� �

xT (44)

where L is the diagonal matrix with the variances of differ-

ent column vectors of S being the diagonal entries.
As it is assumed that the latent variables may follow non-

Gaussian distribution, the control limits of the proposed indi-

ces are estimated from kernel density estimation strategy.51

Let D1;D2;…;Dnð Þ be a set of observations from an

unknown probability density function f. Then f can be esti-

mated by kernel density estimator as follows

f̂ Dð Þ5 1

nh

Xn

i51

K
D2Di

h

� �
(45)

where D represents the I2 or SPE index, h is the kernel win-
dow width, and K denotes the Gaussian kernel function

K uð Þ5 1ffiffiffiffiffiffi
2p
p e 21

2
u2ð Þ (46)

with u being an arbitrary data point. After a probability den-
sity function is estimated, the corresponding point with
cumulative density function value at 12a is the control limit
under the confidence level of 12að Þ3100%.

The step-by-step numerical procedure of the proposed
QNGLSP method is listed in Table 1, whereas the con-
strained nonlinear optimization algorithm for maximizing the
mutual information between input and output latent variables
is shown in Table 2.

Application Example

Tennessee Eastman chemical process

In this study, the Tennessee Eastman Chemical process is
used to examine the effectiveness of the proposed quality

Table 1. Step-by-Step Procedure of the Proposed Quality

Relevant Non-Gaussian Latent Subspace Projection Method

(1) Form X and Y by filling missing entries with zeros and then
scale X and Y to zero mean and unit variance.

(2) Set counter i ( 1
(3) Set Xi ( X and Yi ( Y

(4) Take random initial vectors wi and ci of unit norm
(5) Solve the following constrained nonlinear optimization problem

(Details of optimization algorithm are given in Table 2)

maximize I si; uið Þ5I Xiwi;Yicið Þ

subject to jjwjji51; jjcjji51

(6) Calculate si and ui

si 5Xiwi

ui 5Yici

(7) Calculate pi and qi

pi 5XT
i si=sT

i si

qi 5YT
i si=sT

i si

(8) Residual deflation for the available entries only:

Xi11 ( Xi2sip
T
i

Yi11 ( Yi2siq
T
i

(9) Set i ( i 1 1 and return to (4) until i5imax

(10) Calculate the decomposition vector ri

ri5w1 i51ð Þ

ri5
Yi21

j51

Im2wjp
T
j

� 	
wi i � 2ð Þ

490 DOI 10.1002/aic Published on behalf of the AIChE February 2014 Vol. 60, No. 2 AIChE Journal



relevant non-Gaussian process monitoring method. The pro-
cess flow diagram of the Tennessee Eastman Chemical pro-
cess is shown in Figure 2 and this process includes five
major unit operations, which are a chemical reactor, a prod-
uct condenser, a vapor-liquid separator, a recycle compres-

sor, and a product stripper.55 This process produces two
liquid products, G and H, along with a byproduct of F from
four gaseous reactants A, C, D, and E. An inert B is fed into
the chemical reactor where G and H are formed. There are
total 41 measurement variables and 12 manipulated variables

Table 2. Step-by-Step Procedure of Constrained Nonlinear Optimization Algorithm for Searching Non-Gaussian Latent

Directions

(1) Set multi-loop counter l ( 1
(2) Make a simplex which is a special polytope of m1k11 vertices corresponding to

w
1ð Þ lð Þ

i w
2ð Þ lð Þ

i … w
vð Þ lð Þ

i … w
m1k11ð Þ lð Þ

i

c
1ð Þ lð Þ

i c
2ð Þ lð Þ

i … c
vð Þ lð Þ

i … c
m1k11ð Þ lð Þ

i

2
4

3
5

(3)

Normalize w
vð Þ lð Þ

i and c
vð Þ lð Þ

i

w
vð Þ lð Þ

i 5w
vð Þ lð Þ

i =jjw vð Þ lð Þ
i jj 8v

c
vð Þ lð Þ

i 5c
vð Þ lð Þ

i =jjc vð Þ lð Þ
i jj 8v(3)

Determine the updated vertex v0 and its steps Dw, Dc by the Nelder–Mead method
(4)

Update w
v0ð Þ lð Þ

i and c
v0ð Þ lð Þ

i

w
v0ð Þ lð Þ

i 5w
v0ð Þ lð Þ

i 1Dw

c
v0ð Þ lð Þ

i 5c
v0ð Þ lð Þ

i 1Dc(5)

Return to (3) until w
vð Þ lð Þ

i and c
vð Þ lð Þ

i are converged. If converged, set w
lð Þ

i 5w
vð Þ lð Þ

i , c
lð Þ

i 5c
vð Þ lð Þ

i and go to (6)
(6)

Set l ( l 1 1 and return to (2) until l5lmax

(7) Choose the optimal wi and ci as follows:

lopt 5 argmax l I Xiw
lð Þ

i ;Yic
lð Þ

i

� 	

wi 5wlopt

ci 5clopt

Figure 2. Process flow diagram of the Tennessee Eastman Chemical process.
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in the process. Moreover, there are 20 predefined abnormal
operating events and six different operating conditions in the
Tennessee Eastman Chemical process, as shown in Tables 5
and 6. The process involves a plant-wide decentralized con-
trol implementation with different feedback control loops.56

For process monitoring purpose, 22 continuous measure-
ment variables and nine manipulated variables are selected
as input variables, which are listed in Table 3. Meanwhile,
as listed in Table 4, 19 composition variables that are meas-
ured through either off-line lab analysis or on-line analyzers
are used as output quality variables in the process monitoring

framework. The sampling time of both input and output vari-
ables are set to 0.25 h. Two subsets of training data with
1440 normal samples in each set are generated from operat-
ing modes 1 and 3, respectively. Then the combined normal
data set of 2880 samples is used to build the QNGLSP
model for process monitoring and fault detection. In this
work, the normalized multivariate kurtosis of process data is
used to quantitatively measure process non-Gaussianity. The
value of normalized multivariate kurtosis of the training data
set generated from different operating modes is 747, which
is significantly larger than zero. Therefore, it can be inferred
that the process data generated from two different operating
modes follow a non-Gaussian probability distribution.

Furthermore, three test cases containing various types of
predefined process faults are designed to compare the moni-
toring performance of the PLS and the proposed QNGLSP
methods. It should be noted that the other existing techni-
ques such as PCA, ICA, GMM, and supervised classification
methods are not chosen for methodology comparison in the
application example because all these monitoring methods
do not include product quality variables as output variables
in model development and data analysis while PLS and
QNGLSP approaches take into account both process mea-
surement and product quality variables concurrently. The
detailed test scenarios are shown in Table 7 and all these

Table 3. Input Variables of the Tennessee Eastman Chemical

Process

Variable No. Variable Description

1 A Feed (stream 1)
2 D feed (stream 2)
3 E feed (stream 3)
4 A and C feed (stream 4)
5 Recycle flow (stream 8)
6 Reactor feed RATE (stream 6)
7 Reactor pressure
8 Reactor level
9 Reactor temperature
10 Purge rate (stream 9)
11 Product Sep Temp
12 Product Sep level
13 Product Sep pressure
14 Product Sep underflow (stream 10)
15 Stripper level
16 Stripper pressure
17 Stripper underflow (stream 11)
18 Stripper Temp
19 Stripper steam flow
20 Compressor work
21 Reactor coolant Temp
22 Separator coolant Temp
23 D feed flow (stream 2)
24 E feed flow (stream 3)
25 A feed flow (stream 1)
26 A and C feed flow (stream 4)
27 Purge value (stream 9)
28 Separator pot liquid flow (stream 10)
29 Stripper liquid product flow (stream 11)
30 Reactor cooling water flow
31 Condenser cooling water flow

Table 4. Output Quality Variables of the Tennessee Eastman

Chemical Process

Variable No. Variable Description

1 Component to A to reactor
2 Component to B to reactor
3 Component to C to reactor
4 Component to D to reactor
5 Component to E to reactor
6 Component to F to reactor
7 Component A in purge
8 Component B in purge
9 Component C in purge
10 Component D in purge
11 Component E in purge
12 Component F in purge
13 Component G in purge
14 Component H in purge
15 Component D in product
16 Component E in product
17 Component F in product
18 Component G in product
19 Component H in product

Table 5. Predefined Faults of the Tennessee Eastman Chemi-

cal Process

Fault ID. Fault Description

IDV(1) Step in A/C feed ratio, B composition constant
IDV(2) Step in B composition, A/C ratio constant
IDV(3) Step in D feed temperature (stream 2)
IDV(4) Step in reactor cooling water inlet temperature
IDV(5) Step in condenser cooling water inlet temperature
IDV(6) A feed loss (step change in stream 1)
IDV(7) C header pressure loss (step change in stream 4)
IDV(8) Random variation in A1C feed composition (stream 4)
IDV(9) Random variation in D feed temperature (stream 2)
IDV(10) Random variation in C feed temperature (stream 4)
IDV(11) Random variation in reactor cooling water

inlet temperature
IDV(12) Random variation in condenser cooling water

inlet temperature
IDV(13) Slow drift in reaction kinetics
IDV(14) Sticking reactor cooling water valve
IDV(15) Sticking condenser cooling water valve
IDV(16) Unknown disturbance
IDV(17) Unknown disturbance
IDV(18) Unknown disturbance
IDV(19) Unknown disturbance
IDV(20) Unknown disturbance

Table 6. Six Operation Modes of the Tennessee Eastman

Chemical Process

Operating
Mode

G/H
Mass
Ratio Production Rate (stream 11)

1 50/50 7038 kg/h G and 7038 kg/h H
2 10/90 1408 kg/h G and 12669 kg/h H
3 90/10 10,000 kg/h G and 1111 kg/h H
4 50/50 Maximum
5 10/90 Maximum
6 90/10 Maximum
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cases include both normal and different type of faulty opera-
tions. In the first test case, the process begins with normal
operating condition from the first through the 40-th samples.
Then the fault of C header pressure loss occurs at the 41-st
sample and remains until the 100-th sample, after which the
process returns to normal operation. From the 161-st sample,
the fault of increased random variation in condenser cooling
water inlet temperature takes place with the duration of 40
samples. For the second test scenario, the process fault of
step change in condenser cooling water inlet temperature
happens after the initial period of normal operation and lasts
45 samples. Then the process operation is back to normal

condition and remains for 30 samples before a new fault of
sticking valve of reactor cooling water flow occurs. In the
more complex third test case, the faulty operation of C
header pressure loss happens from the 71-st through 100-th
samples. Then the operational status returns to normal before
the second fault of increased random variations of condenser
cooling water inlet temperature takes place from the 141-st
through 200-th samples. After the process is operated under
normal condition for another 50 samples, the third fault of
sticking valve of reactor cooling water flow occurs between
the 251-st and 300-th samples. The proposed I2 and SPE
indices in the QNGLSP method are compared to the T2 and
SPE statistics of the PLS method for fault detection in the
three test cases.

Comparison of process monitoring results

After the QNGLSP model is built from normal training
data with both input and output variables, it is important to
select the number of non-Gaussian latent variables for input
and output subspace projections. In the proposed approach,
marginal entropy-based strategy is utilized to determine the
best number of latent directions to be retained. For the train-
ing set, the individual and cumulative percentages of the
marginal entropy of the sorted latent variables vs. the num-
ber of variables are shown Figure 4. Based on the proposed
selection criteria, total 13 latent variables that contain over
95% of the marginal entropy is chosen. As shown in Figure
3, total 5 variables that cover over 95% of the variance are
selected in PLS model. Figures 5 and 6 show the scatter
plots of process data along the first vs. the second and the
first vs. the third latent variables in the PLS and QNGLSP
methods. It can be readily observed that the process data do
not follow Gaussian distribution. In addition, as the training

Table 7. Three Test Cases of the Tennessee Eastman Chemi-

cal Process

Case No. Test Scenario

1 Normal operation from the 1-st to 40-th samples
C header pressure loss from the 41-st to 100-th samples
Normal operation from the 101-st to 160-th samples
Random variation in condenser cooling water inlet

temperature from the 161-st to 200-th samples
2 Normal operation from the 1-st to 55-th samples

Step change in condenser cooling water inlet temperature
from the 56-th to 100-th samples

Normal operation from the 101-st to 130-th samples
Sticking reactor cooling water valve from the

131-st to 200-th samples
3 Normal operation from the 1-st to 70-th samples

C header pressure loss from the 71-st to 100-th samples
Normal operation from the 101-st to 140-th samples
Random variation in condenser cooling water inlet

temperature from the 141-st to 200-th samples
Normal operation from the 201-st to 250-th samples
Sticking valve of reactor cooling water flow from

the 251-st to 300-th samples

Figure 3. Trend plot of the individual percentage (bar)
and cumulative percentage (solid line) of var-
iance of PLS-based latent variables.

[Color figure can be viewed in the online issue, which is

available at wileyonlinelibrary.com.]

Figure 4. Trend plot of the individual percentage (bar)
and cumulative percentage (solid line) of
marginal entropy of QNGLSP-based latent
variables.

[Color figure can be viewed in the online issue, which is

available at wileyonlinelibrary.com.]
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data are generated from multimode process operation, most
of the variations of the training data are due to different
operating modes and captured by the first latent variable.
Therefore, the variances of the remaining latent variables
become significantly smaller than that of the first latent vari-
able, as shown in Figures 3 and 5.

In the first test case, the normal operation of the plant is
mixed with two different types of faults, which are C header
pressure loss from the 41-st to 100-th samples and increased
random variation in condenser cooling water inlet tempera-
ture from the 161-st to 200-th samples. The process monitor-

ing results of the proposed QNGLSP method including I2

and SPE indices and the PLS method including T2 and SPE
statistics are compared in Figure 7. Meanwhile, the fault
detection rates and false alarms rates of different indices in
the two methods are listed in Tables 8 and 9. It can be seen
that the QNGLSP-based I2 and SPE indices detect abnormal
operating events with fairly high fault detection rates of over
99.0% while low false alarm rates of only 1.25% and 0.50%,
respectively. In contrast, the PLS-based monitoring method
does not result in satisfactory performance as the T2 index
can capture only 39.75% of faulty samples, although the

Figure 5. Scatter plots of process data along (a) the first vs. the second and (b) the first vs. the third latent varia-
bles of the PLS method.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Figure 6. Scatter plots of process data along (a) the first vs. the second and (b) the first vs. the third latent varia-
bles of the proposed QNGLSP method.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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SPE index leads to 97.75% fault detection rate. Such results
reveal that the proposed QNGLSP method can well extract
non-Gaussian process features from measurement and quality
variables and, thus, the proposed I2 and SPE indices are able
to detect process faults accurately with minimum number of
false alarms triggered. The specific comparison between PLS
and QNGLSP monitoring results shows that the I2 index has

much higher fault detection accuracy than the T2 index while
the QNGLSP-based SPE statistic has a litter better fault
detection rate than the PLS-based SPE index. As for the
overall fault detection rates, both PLS and QNGLSP meth-
ods lead to the detection of over 99% of the abnormal opera-
tions with either T2 or SPE index exceeds the corresponding
control limit.

Figure 7. Monitoring results of PLS and QNGLSP methods in the first test case of the Tennessee Eastman Chemi-
cal process.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Table 8. Comparison of Fault Detection Rates (%) of Three Test Cases in the Tennessee Eastman Chemical Process

Method Fault Detection Rate (%)

PLS QNGLSP

Number of Latent Variables
5 (95% of Variance) 8 (99% of Variance) 13 (95% of Entropy)

Statistics T2 SPE T2 SPE I2 SPE

Case 1 39.75 97.75 41.25 87.50 99.75 99.75
Case 2 85.00 64.13 89.13 45.65 98.91 98.26
Case 3 64.64 83.57 71.79 78.39 98.57 96.79
Average 63.13 81.82 67.39 70.51 99.08 98.27
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In the second test case, the plant operation includes nor-
mal condition along with two different types of faults, which
are a step change in condenser cooling water inlet tempera-
ture from the 56-th to 100-th samples and increased random
variation in sticking valve of reactor cooling water flow
from the 131-st to 200-th samples. The process monitoring
results of PLS and QNGLSP methods are shown in Figure 8,
and Tables 8 and 9. It can be seen that the QNGLSP-based

I2 and SPE indices are able to accurately alarm the faulty
operations with the high fault detection rates of 98.91 and
98.26%, respectively. In comparison, the PLS-based T2 and
SPE statistics lead to the fault detection rates of only 85.00
and 64.13%, respectively. Therefore, the QNGLSP method
has significantly stronger capability to capture different types
of process faults than the PLS method. The main reason of
the superior performance of QNGLSP method is due to its

Table 9. Comparison of False Alarm Rates (%) of Three Test Cases in the Tennessee Eastman Chemical Process

Method Fault Detection Rate (%)

PLS QNGLSP

Number of Latent Variables
5 (95% of Variance) 8 (99% of Variance) 13 (95% of Entropy)

Statistics T2 SPE T2 SPE I2 SPE

Case 1 1.75 0.50 1.00 0.75 1.25 0.50
Case 2 0.59 0.59 0.29 1.17 1.17 0.59
Case 3 1.09 0.47 0.94 0.62 1.25 1.09
Average 1.14 0.52 0.74 0.85 1.01 0.73

Figure 8. Monitoring results of PLS and QNGLSP methods in the second test case of the Tennessee Eastman
Chemical process.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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mutual information rather than covariance-based objective
function in searching for the optimal latent directions. In this
way, the obtained latent subspace can efficiently extract and
retain the non-Gaussian features for enhanced fault detection
capacity. It should be noted that, compared to the first test
case, the PLS-based T2 statistic is more sensitive but the
SPE index is less sensitive to the fault in this case. It implies
that this fault affects the systematic part of process variations
more than the residual part in the PLS model while it affects
both the systematic and residual parts of process variations
in the proposed QNGLSP model. In addition, the overall
fault detection rate of the proposed QNGLSP method reaches
100.00% as either I2 or SPE index exceeds its corresponding
control limit, whereas the overall detection rate of PLS
method is only 89.78%.

The last test case includes a complex operating scenario
with three types of process faults that are mixed into normal
operation. The abnormal operating events are C header pres-
sure loss from the 71-st to the 100-th samples, increased ran-
dom variation in condenser cooling water inlet temperature
from the 141-st to 200-th samples and sticking valve of

reactor cooling water flow from the 251-st to 300-th sam-
ples. The fault detection results of the various statistics from
QNGLSP and PLS methods are shown in Figure 9. Mean-
while, the quantitative comparison of fault detection rates
and false alarm rates are given in Tables 8 and 9. One can
readily observe that the fault detection rate of T2 statistic of
PLS method is only 64.64%, which is lower than that of the
QNGLSP-based I2 index (98.57%). Meanwhile, the PLS-
based SPE index also yields lower fault detection rate
(83.57%) than that of the QNGLSP-based SPE statistic
(96.79%). These comparisons verify that the proposed
QNGLSP method has better monitoring performance and
fault detection capability than the conventional PLS method.
Furthermore, the overall fault detection rate of the PLS
method is only 85.36%, whereas the proposed QNGLSP
method leads to the overall detection rate of 99.11%, where
either I2 or SPE statistic exceeds its corresponding control
limit.

In the above comparison, five latent variables that contain
over 95% of the variance are selected in the PLS model. To
investigate the effectiveness of an increase of the number of

Figure 9. Monitoring results of PLS and QNGLSP methods in the third test case of the Tennessee Eastman Chemi-
cal process.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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latent variables in PLS model, eight latent variables that con-
tain over 99% of the variance are also selected and exam-
ined. The quantitative comparison of fault detection and
false alarm rates are shown in Tables 8 and 9. It can be seen
that the fault detection rates of T2 and SPE statistics of PLS
model that contains over 99% variance are still worse than
those of the proposed QNGLSP method in all test cases.

Conclusions

In this article, a new QNGLSP method is proposed for
chemical process monitoring and fault detection by taking
into account both process measurement and quality variables.
To capture the non-Gaussian features and relationships
between input and output variables, the proposed QNGLSP
method adopts the high-order statistics of mutual information
instead of the second-order statistics of covariance for
searching the latent directions within input and output
spaces, respectively. Then, the multistart optimization proce-
dure is designed to identify the optimal feature directions
iteratively with nonlinear multipeak function handling capa-
bility. Furthermore, I2 and SPE indices are developed to
detect process faults within non-Gaussian latent variable and
residual subspaces. Different from the PCA or ICA-based
monitoring techniques, the presented QNGLSP method has
the inherent model structure of combining process measure-
ment and quality variables. Meanwhile, this new approach
relies on mutual information-based objective function and,
thus, can effectively extract the non-Gaussian features in
latent subspaces, which cannot be achieved in the PLS-based
monitoring method.

The proposed QNGLSP method is compared to the con-
ventional PLS method in the three test cases of the Tennes-
see Eastman Chemical process with different operating
modes. The monitoring results demonstrate that the
QNGLSP-based I2 and SPE indices are superior to the PLS-
based T2 and SPE indices in terms of more accurate fault
detection. Future research will focus on extending the new
QNGLSP approach for nonlinear batch or semibatch proc-
esses monitoring as well as taking into account the dynamic
nature of process data.
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