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To remove the influence of operation mode changes in the chemical process, the whole variable set is partitioned into
external, main, and quality variables. External variables are related to the operation mode. Two regression models are
initially developed between external variables and main variables/quality variables, based on which the influence of the
operation mode is removed from both input and output of the soft sensor. Then, an additional regression model is con-
structed for soft sensing, which is robust to the change of the operation mode. Compared to existing methods, the new
method has advantages to handle two critical issues: (1) capable of quality estimation in new process modes; (2) able
to distinguish changes in operation modes from process faults. Besides, a monitoring and analysis strategy is proposed
for performance evaluation of the new soft sensor. Two case studies are provided to illustrate the efficiency of the pro-
posed method. VC 2013 American Institute of Chemical Engineers AIChE J, 60: 136–147, 2014
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Introduction

Due to the difficulty of measuring quality variables in the
chemical process, they are often determined by offline analy-
ses in the laboratory or by some online analyzers. Neverthe-
less, both offline analyses and online analyzers are expensive
or time-consuming which may introduce a significant delay
to the control system. Hence, online quality estimation and
prediction, which are also known as soft sensing or inference
sensor, are crucial to realize feedback control of quality.1 In
the past years, online quality estimation and prediction meth-
ods have been widely studied in both academy and industrial
areas. Particularly, with the wide utilization of the distributed
control system in modern industrial processes, a huge num-
ber of process data have been collected, on which the data-
based soft sensing methods have gained much attentions.2–4

Different from the model-based method which greatly relies
on the first-principle model of the process, the data-based
method is much more knowledge-free. Representative data-
based methods includes multiple regression analysis, linear
latent regression methods such as principal component
regression (PCR) and partial least squares (PLS), nonlinear
regression methods such as artificial neural network and sup-
port vector machine, and so forth.5–19

However, a drawback of many existing soft sensors is
their static or nonadaptive nature, which makes the soft sen-
sor models remain unchanged after they have been devel-
oped, even though process characteristics may change
frequently due to set-point changes, operation grade changes,
catalyst deactivation, seasonal effects, equipment aging, and
so on. As a result, the online quality estimation/prediction
performance will be deteriorated if the soft sensor models do
not have adaptive nature. In fact, a recent questionnaire sur-
vey revealed that the most important problem of current
soft-sensors was how to cope with changes in process char-
acteristics and keep high estimation accuracy for a long
period of time, that is, model maintenance.20

To handle the time-varying behaviors including operation
mode change, many model maintenance methods have been
proposed in recent years, such as adaptive modeling
approaches, model library-based methods, local model-based
methods, and so forth. Examples of adaptive modeling
approaches for modeling maintenance include recursive and
adaptive principal component analysis (PCA), recursive PLS,
moving window-based PCA and PLS, exponentially weighted
moving average-based PCA, and so on.21–23 For model main-
tenance of processes with operation mode changes, the model
library-based method was developed, where a model library is
defined as a collection of models identified by different opera-
tion modes.24–26 Then, the quality variable can be predicted by
its corresponding soft sensor model in each operation mode.
Another useful tool for modeling time-varying processes is the
local model-based approach, in which local models are trained
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on limited partitions of the historical dataset.27–30 By con-
structing an online model for the current data sample in a spe-
cific operation region, this approach provides a set of simple
models based on which both of the time-varying and the non-
linear behaviors can be well-addressed. Other methods for
model maintenance include fuzzy model-based method,
multiblock-based models, and so forth.

Despite of the development of many model maintenance
methods, these methods have several shortcomings which
limit their applications in industrial processes. For example,
the adaptive method is often carried out blindly, which
means that continuous updating is performed whether a pro-
cess change has been identified. Furthermore, there is also a
risk that the adaptive model will be accommodated to faulty
process conditions if some abnormal data samples are used
for model updating. In other words, the adaptive modeling
approach does not provide any mechanism to distinguish
normal changes in operation condition and faults. The main
shortcoming of the model library-based method is its limited
ability to cope with new process changes. This is because
the model library has been built on existing operation condi-
tions. However, when a new change is introduced into the
process, there is no model in the library corresponding to
such operation condition. Similarly, the local modeling-based
method is also limited in handling the new process change
and distinguish between normal and faulty conditions.

In practice, an efficient adaptive soft sensor model should

also cover the following two critical issues: (1) to handle

new process changes; (2) to distinguish normal process

changes and faulty conditions. Recently, a method which is

called external analysis has been proposed for monitoring

processes with multiple operation modes.31,32 By removing

the influence of the mode-related variables from the main

process variables, the mode behavior of the process can be

effectively eliminated. Therefore, a single monitoring model

can be constructed for different operation conditions.

Besides, the faulty condition of the process can also be

monitored. However, due to the offline modeling structure of

the external analysis-based method, new operation modes of

the process may not be modeled very well. Also, the method

is specially designed for the monitoring purpose, no quality

variables or their relationships to the external variables have

been considered for regression modeling and soft sensing.
Motivated by the external analysis method, a novel adapt-

ive soft sensor is proposed in this article for online quality

estimation of multimode chemical processes. First, the infor-

mation of the quality variables is incorporated into the exter-

nal analysis method, thus the process variables can be

partitioned into three categories: external variables, main

variables, and quality variables. By removing the influences

of the external variables in both of the main and quality vari-

ables, an external analysis based regression (EAR) model is

developed for soft sensing. Second, a moving-window

approach is introduced into the EAR model, depending on

which an online implementation procedure can be formulated

for external analysis of new process changes. Third, an addi-

tional performance monitoring and analysis strategy is devel-

oped, which is based on a one-class classification method.
The remainder of this article is structured as follows. In

section Preliminaries, preliminaries of the traditional PCR
model and the support vector data description (SVDD)
method are introduced. A detailed description of the proposed
soft sensor is provided in section Methodology, including the

development of the EAR model, the moving-window based
adaptive soft sensor, and the SVDD-based performance moni-
toring and analysis strategy. To evaluate the feasibility and
efficiency of the proposed soft sensor, two case studies are
demonstrated in section Illustration and Results. Finally, con-
clusions are made.

Preliminaries

Principal component regression

Suppose the measurement matrix can be represented as
X 2 Rn3m, where n is the number of data samples and m is
the number of measured variables. The predicted variable
matrix can be given as Y 2 Rn3r , where n is the number of
data samples and r is the number of predicted variables. The
traditional derivation of PCR can be expressed as follows4

X5TPT1E (1)

Y5TCT1F (2)

where P 2 Rm3q is the loading matrix, T 2 Rn3q is the princi-
pal component matrix, q is the selected number of principal
components, C 2 Rr3q is the regression matrix, and E and F

are the residuals matrices with appropriate dimensions.

Support vector data description

SVDD first maps the data from the original space to the
feature space U : x! F, then a hypersphere with the mini-
mum volume which separates the transferred data from the
rest of the feature space is found in the feature space. To
construct the minimum volume of the hypersphere, SVDD
intends to solve the following optimization problem33

min
R;a;n

R21C
Xn

i51

ni

s:t:kU xið Þ2ak2 � R21ni; ni � 0 i51; 2;…; n

(3)

where R and a are radius and center of the hypersphere, C
gives the trade-off between the volume of the hypersphere
and the number of errors, and ni represents the slack vari-
able. The dual form of the optimization problem can be
obtained as33

min
ai

Xn

i51

aiK xi; xj

� �
2
Xn

i51

Xn

j51

aiajK xi; xj

� �

s:t: 0 � ai � C;
Xn

i51

ai51

(4)

where K xi; xj

� �
5hU xið Þ;U xj

� �
i is a kernel function which is

introduced to compute the inner product in the feature space
ai is a Lagrange multiplier.

Methodology

In this section, the proposed soft sensor is detailed. First,
the EAR model is developed, which can effectively incorpo-
rate the quality information. Then, the adaptive soft sensor is
constructed based on the EAR model. For online implemen-
tation of the proposed method, a moving-window approach
is employed into the EAR-based soft sensor. Furthermore, a
process monitoring scheme is developed for fault detection
of the process.
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EAR model

In most cases, changes in the operating condition can be
assumed to be brought from the outside of the process. These
changes include process inputs such as a feed flow rate, set-
point change of controllers, and change of the material.
According to the external analysis method, process variables
can be classified into two groups: external variables and main
variables. Although the external variable set consists of varia-
bles related to operating condition changes, the main variable
set is formed by other process variables. The normal variations
of operating conditions are reflected in the external variables,
thus changes in external variables should not be considered as
process faults. To distinguish normal process changes and
faulty conditions, both of the changes in external variables and
their influences on main variables should be removed. To this
end, the information of main variables can be decomposed
into two different parts: the part explained by external varia-
bles and another unexplained part. The concept of the external
analysis method can be illustrated in Figure 1.

For quality estimation purpose, the quality variables
should be incorporated into the soft sensor model. Therefore,
except for the external and main variables, there is an addi-
tional variable set which consists of quality-related variables.
To remove the influent of the operation mode change in the
soft sensor model, impacts of the external variables on both
main variables and quality variables should be considered.
After these two impacts have been removed, a regression
model can be constructed between the residuals of the main
variable set and the quality variable set. The concept of the
EAR model can be illustrated in Figure 2.

Given the historical dataset Z 2 Rn3m, where n and m are
numbers of samples and variables in the process. Suppose
this process dataset contains C operation modes, each opera-
tion mode has nc; c 5 1; 2;…;C data samples, thusXC

c51
nc 5 n. Due to the new external analysis method, m

process variables can be classified into three different parts:
external variables, main variables, and quality variables.
Suppose mu variables are classified as external variables, mx

variables are classified as main variables, and my variables

are classified as quality variables, thus mu1mx1my5m.

Therefore, the historical data matrix can be decomposed as:

Z5 U X Y½ �5

U1 X1 Y1

U2 X2 Y2

� � �

UC XC YC

2
666664

3
777775 (5)

where U, X, and Y consists of external variables, main varia-
bles, and quality variables in different operation modes,

respectively. To separate the influence of external variables
on the main variables dataset, the information of X should
be decomposed into two parts: a part explained by external
variables and a nonexplained part. Therefore, a regression
model should be built for information decomposition of the
main variable dataset. For linear processes, multiple linear
regression tools such as least squares, PCR, and PLS meth-
ods can be used. A more complicated situation is that the
relationships between external and main variables are nonlin-
ear; in this case, a nonlinear regression model should be
employed. However, in the present work, we only focus on
the linear relationship between different variable sets. Partic-
ularly, the widely used PCR model is employed for regres-
sion model construction between external and main variables
dataset, which is given as follows

U5TxPT
x 1Ex (6)

X5TxCT
x 1Fx (7)

where Px 2 Rmu3qx is the loading matrix of U, Tx 2 Rn3qx is
the principal component matrix of U, qx is the selected num-
ber of principal components corresponding to the main vari-
able PCR model, which can be determined by the
cumulative percentage variance (CPV) method. Cx 2 Rmx3qx

is the regression matrix, Ex and Fx are the residuals matrices
with appropriate dimensions. Therefore, based on the PCR
model, the information of the main variable dataset X can be
decomposed into the following two parts: TxCT

x corresponds
to the part explained by the external variables, and Fx is the
unexplained information, which has no relation with the
mode change of the process.

Similarly, another PCR model can also be built between the
external variables and the quality variables, which is given as

U5TyPT
y 1Ey (8)

Y5TyCT
y 1Fy (9)

where Py 2 Rmu3qy is the loading matrix, Ty 2 Rn3qy is the
principal component matrix, qy is the selected number of
principal components corresponding to the quality variable
PCR model, Cy 2 Rmy3qy is the regression matrix, and Ey

and Fy are the residuals matrices with appropriate dimen-
sions. As a result, the information of the quality variable
dataset Y can also be decomposed into the two parts: TyCT

y

corresponds to the part explained by the external variables,
and Fy is the unexplained information, which has also noFigure 1. The concept of external analysis method.

Figure 2. The concept of external analysis-based regres-
sion modeling method.
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relation with the mode change of the process. For the PCR
model, it is noticed that Px and Tx are same as Py and Ty,
whereas they are maybe different under other model structures.

After the unexplained information of both main variables
and quality variables have been separated, an additional PCR
regression model can be developed to describe the relation-
ship between them, which is given as

Fx5Tx2yPT
x2y1Ex2y (10)

Fy5Tx2yCT
x2y1Fx2y (11)

where Px2y 2 Rmx3qx2y is the loading matrix of Fx, Tx2y 2
Rn3qx2y is the principal component matrix of Fx, qx2y is the
selected number of principal components, Cx2y 2 Rmy3qx2y is
the regression matrix, and Ex2y and Fx2y are the residuals
matrices of the PCR model. Therefore, a total of three PCR
models have been built to construct the external analysis
regression model, which are denoted as PCRx-u, PCRy-u, and
PCRy-x in this article.

Adaptive soft sensor based on EAR model

Based on the proposed EAR model, an adaptive soft sen-
sor is developed in this subsection. Given a new data sample
rnew 5 unew xnew½ �, which only consists of external and main
variables, to estimate the quality variable, the influence of the
external variable should be removed from the main variable in
the first step. Therefore, based on the PCRx-u model, the unex-
plained main variable information can be extracted as

tx;new 5PT
x unew

fx;new 5xnew 2Cxtx;new 5xnew 2CxPT
x unew

(12)

In the second step, the PCRy-x model is employed for cal-
culating of the estimated unexplained quality variable for the
new data sample, which is given as

tx2y;new 5PT
x2yfx;new

f̂ y;new 5Cx2ytx2y;new 5Cx2yPT
x2yfx;new

5Cx2yPT
x2yxnew 2Cx2yPT

x2yCxPT
x unew

(13)

Then, the explained part of the quality variable by the
external variables should be added back to form the final
estimated quality variable, which are formulated as follows

ty;new 5PT
y unew

ŷnew 5f̂ y;new 1Cyty;new 5Cx2yPT
x2yfx;new 1CyPT

y unew

5Cx2yPT
x2y xnew 2CxPT

x unew

� �
1CyPT

y unew

5Cx2yPT
x2yxnew 1 CyPT

y 2Cx2yPT
x2yCxPT

x

� �
unew

(14)

As can be seen from Eq. 14, the estimated quality variable
is actually a weighted combination of the main variables and
the external variables, with their corresponding weighted val-
ues as Cx2yPT

x2y and CyPT
y 2Cx2yPT

x2yCxPT
x .

Moving-window-based EAR model for soft sensing of
new operation modes

Up to now, the EAR model-based soft sensor can only
address the soft sensing problem for the process with multiple

known operation modes. If a new process change happens or
the process changes to a new operation mode, the perform-
ance of the EAR model-based soft sensor may be degraded.
In this part, a moving-window is introduced to the EAR
model, which can efficiently catch the real-time information
of the process. Therefore, an online EAR modeling scheme is
developed.

Given a new moving window with its size as w, which
has incorporated the new data information, the real-time
moving-window-based data sample can be represented as
Zw5 Uw Xw Yw½ �. First, the relation between the external
variables Uw and the main variables Xw should be built,
which is given as follows

Uw
x 5Tw

x Pw
x

T1Ew
x

Xw
x 5Tw

x Cw
x

T1Fw
x

(15)

Based on this real-time PCRx-u model, the unexplained
information of the main variables is stored in the matrix Fw

x .
Second, the relation between the external variables Uw and
the quality variables Yw can be calculated as

Uw
y 5Tw

y Pw
y

T1Ew
y

Xw
y 5Tw

y Cw
y

T1Fw
y

(16)

In this real-time PCRy-u model, the unexplained informa-
tion of the quality variables is stored in the matrix Fw

y . Dif-
ferent from the EAR model in section EAR model, the
relation between the unexplained data information matrices
Fw

x and Fw
y does not need to be modeled. This is because

after the impacts of the external variables have been
removed from both main variable and quality variable data-
sets Xw and Yw, the relation between them should remain
the same as that in the previous operation modes.

Therefore, given a new data sample rnew 5 unew xnew½ �, the
predicted quality variable can be calculated as follows

fw
x;new 5xnew 2Cw

x tw
x;new 5xnew 2Cw

x Pw
x

Tunew (17)

tw
x2y;new 5PT

x2yfw
x;new

f̂
w

y;new 5Cx2ytw
x2y;new 5Cx2yPT

x2yfw
x;new

5Cx2yPT
x2yxnew 2Cx2yPT

x2yCw
x Pw

x
Tunew

(18)

ŷnew 5f̂
w

y;new 1Cw
y tw

y;new 5Cx2yPT
x2yfw

x;new 1Cw
y Pw

y
Tunew

5Cx2yPT
x2yxnew 1 Cw

y Pw
y

T2Cx2yPT
x2yCw

x Pw
x

T
� �

unew

(19)

Performance monitoring and analysis based on SVDD

To monitor the operation condition of the process, and
also to distinguish normal process changes and the faulty
condition, a performance monitoring model is developed in
this subsection, which is based on the SVDD model. As an
efficient one-class classification method, SVDD has gained
much attention in recent years, and many applications have
already been carried out in different areas, such as pattern
recognition, image processing, fault detection, and so forth.
The main idea of the SVDD method is to map the input vec-
tors to a feature space, and to find hypersphere with the min-
imum volume which separates the transferred data from the
rest of the feature space. Applications have shown a high
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generalization performance of SVDD if large reference data-
set with few abnormal samples is available.

In the present work, the SVDD model is used to monitor
the estimation performance of the EAR model-based soft
sensor. Hence, before the SVDD modeling step, the predic-
tion residual the soft sensor for the training dataset should
be calculated, which is given as

Retr5Ytr2Ŷtr (20)

where Ytr and Ŷtr are measurement values and predicted val-
ues of the quality variables. Then, SVDD maps each data vec-
tor of the residual dataset Retr from the original space to the
feature space U : re! F. To improve the accuracy and gener-
alization of the SVDD model, a nonlinear function is often
employed for data transformation. In this case, a kernel func-
tion K rei; rej

� �
5hU reið Þ;U rej

� �
i can be employed to com-

pute the inner product of the data in the feature space. In the
present article, the most popular Gaussian kernel is used.
Then, a hypersphere can be built in the feature space, the cen-
ter a and the radius R of which can be determined as33

a5
Xntr

i51

aiU reið Þ

R5

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
122

Xntr

i51

aiK re0; reið Þ1
Xntr

i51

Xntr

j51

aiajK rei; rej

� �s (21)

where re0 is referred to a support vector of SVDD, with the
parameter 0 < a0 < C. Then, a performance monitoring sta-
tistic based on the distance between the data sample and the
center of the SVDD hypersphere can be developed as

Disti5d U reið Þð Þ5kU reið Þ2ak � Distlim 5R (22)

Therefore, when a new data sample has been estimated by
the REA-based soft sensor, the residual value between the
measurement value and the estimated value should be calcu-
lated first, based on which the estimation performance and
the process condition can be monitored and analyzed by the
SVDD model. Following the previous part, if the predicted
value of the new data sample is calculated as ŷnew , the esti-
mation residual can be generated as

renew 5ynew 2ŷnew (23)

where ynew is the measurement value of the new data sam-
ple. Then, the value of the performance monitoring statistic
corresponding to this new data sample can be calculated as

Distnew 5d U renewð Þð Þ5kU renewð Þ2ak (24)

Based on the performance monitoring statistic, if
Distnew > R, the estimation performance of the soft sensor is
considered to be degraded. Among the EAR model-based esti-
mation framework, a faulty condition should be judged if the
value of Distnew has exceeds its confidence limit. However, if
the process changes to some new but normal operation condi-
tion, the Distnew statistic will not exceed its confidence limit,
this is because the EAR model-based soft sensor can well
track the new operation mode. In other words, the EAR
model-based soft sensor can efficiently distinguish the normal
process change with the faulty operation condition.

Implementation procedures of the EAR model-based soft
sensor

In summary, the modeling and online quality estimation
of the EAR model-based soft sensor can be formulated as

follows. A corresponding flowchart of this method is illus-
trated in Figure 3.

Modeling Phase. Step 1: Data collection from normal
operation conditions;

Step 2: Classify the process variable into three categories:
external variable set, main variable set, and quality variable set;

Step 3: PCR model (PCRx-u) development between exter-
nal variables and main variables, thus the explained data
information by the external variable in the main variable
dataset is removed;

Step 4: Develop another PCR model (PCRy-u) to remove
the explained data information by the external variable in
the quality variable dataset;

Step 5: Based on the unexplained data information of the
main variable and the quality variable datasets, an additional
PCR model (PCRy-x) is built;

Step 6: For performance monitoring and analysis, an
SVDD model is developed.

Online Prediction Phase. Step 1: Data acquirement by
using the moving-window approach;

Step 2: Separate the process variables into external varia-
bles, main variables, and quality variables among the moving
window;

Step 3: Construct a moving-window-based PCRx-u (MW-
PCRx-u) model between the external variables and the main
variables, generate the unexplained main data information;

Step 4: Construct a moving-window-based PCRy-u (MW-
PCRy-u) model between the external variables and the quality
variables and generate the unexplained quality data information;

Step 5: For the new data sample, employ the MW-PCRx-u

model to calculate the unexplained data information of the
main variables;

Step 6: Calculate the estimated explained data information
of the quality variables based on the new external variables
and the MW-PCRy-u model;

Step 7: Calculate the estimated unexplained data informa-
tion of the quality variables based on the unexplained data
information of the main variables and the PCRy-x model;

Step 8: Generate the final estimated quality variable by
adding the predicted explained data information and the esti-
mated unexplained data information together;

Step 9: Prediction performance analysis and process moni-
toring by the SVDD-based model.

Illustrations and Results

In this section, the performance of the proposed soft sen-
sor is evaluated through a simulation example and the
Tennessee Eastman (TM) benchmark process.

Simulation Example

Consider the following system which contains five process
variables and two output variables, it is revised from the
Ref. 31

x ið Þ5s ið ÞA1v ið Þ

A5

1 0:894 0:058 0:353 0:813

0 0:445 0:932 0:466 0:419

0 0:846 0:525 0:203 0:672

2
66664

3
77775

s5 s1 s2 s3½ �

(25)
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y ið Þ5x ið ÞB1w ið Þ

B5

0:110 1:909

0:307 0:879

1:159 21:094

0:703 20:139

0:374 0:296

2
6666666666664

3
7777777777775

(26)

where i51; 2;…; n, s1, s2, and s3 are uncorrelated random sig-
nals following uniform distribution within 0 1½ �, v, and w are
noise vectors of each measured process variable x and output
variable y, respectively, both of which follow normal distribu-
tions with deviation of 0.05. When the dataset for the normal
process condition has been generated, the additive signal r on

s1 is changed stepwise every 200 steps to simulate the normal
operation changes of the process. The value of r is randomly
determined between 0 and 10. Meanwhile, random changes of
the regression matrix B have been used to simulate different
model structure of each operation mode. As can be inferred
from Eq. 25, the changes in r only affect the variable x1, no
impact has been put on other process variables. Therefore,
according to the principal of the external analysis method, x1

should be determined as the external variable, and the other
four process variables are determined as the main variables.

In this example, except for the basic operation condition
which is described in Eqs. 25 and 26, four different normal
operation modes under different r values are also simulated,
with each dataset consisting of 200 samples. For modeling
training, another normal dataset has been generated under
the basic operation condition. The number of the principal
components in the PCR model is selected as 1 in PCRx-u

Figure 3. Flowchart of the EAR-based soft sensor.
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and PCRy-u models, and 2 in the PCRy-x model. For compar-
ison, the traditional PCR-based soft sensor is also developed.
The data characteristics of both input and output data are
presented in Figure 4, in which we can clearly find that dif-
ferent data behaviors have been exhibited in different opera-
tion conditions. Initially, the size of the moving window is
selected as 30. Because the size of the moving window is
important to the EAR model based soft sensor, the estima-
tion performance of the soft sensor under different sizes of
the moving window is studied.

First, the result of the EAR model-based soft sensor under
the window size 30 is generated, which is shown in Figure
5a. As can be seen, all of the data samples under four new
operation modes have been well-estimated, thus the operation
condition of the process has been correctly tracked. It is
noticed that the estimation performance of several data sam-
ples when the new operation mode starts has degraded, which
have been highlighted by ellipses in Figure 5a. This is due to
the moving window method, because the updating procedure
will incorporate data information in two adjacent operation
modes. In contrast, the traditional PCR-based soft sensor can-
not give accurate estimation results when the operation condi-
tion of the process has been changed, the result of which is
given in Figure 5b. This is because the PCR model has only
incorporated the data information of the basic operation mode.
When the process changes to new operation modes, the PCR-
based soft sensor has no experience to support this new data

information, which renders a very poor prediction perform-
ance. Similarly, the model library-based soft sensor cannot
provide satisfactory results neither, because the information of
the new operation modes has also excluded in the training
dataset. Although the adaptive method-based soft sensor may
give a good estimation result, it will probably accommodate
to the faulty operation condition.

Next, a faulty operation condition is introduced to the pro-
cess, in which we have changed the correlation matrix between
the unexplained main variable data information and the unex-
plained quality variable data information. Therefore, the rela-
tionship between the input and out variables has been changed.
Precisely, two elements ([1, 1] and [2, 2]) of the correlation
matrix have been changed, which are shown as follows

H5Px2yCT
x2y5

0:330 0:711

1:215 20:919

0:605 20:535

0:324 0:507

2
6666664

3
7777775

�����������!correlation changes to
H05

5:330 0:711

1:215 25:919

0:605 20:535

0:324 0:507

2
6666664

3
7777775Figure 4. Data characteristics under different operation

conditions, (a) input data; (b) output data.

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

available at wileyonlinelibrary.com.]

Figure 5. Quality estimation results of datasets under
multiple operation conditions, (a) EAR-PCR;
(b) PCR.

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

available at wileyonlinelibrary.com.]
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The estimation results of the EAR model based soft sen-
sors is given in Figure 6a, where the first 200 data samples
are normal and the last 200 ones are abnormal. Clearly, the
estimation performance of the last 200 data sample has been
degraded, which can also be seen from the prediction errors
given in Figure 6b. Besides, if we examine the monitoring
results of this dataset, the monitoring statistic values of the
abnormal data samples will significantly exceeds its confi-
dence limit. The monitoring results based on the SVDD
method are given in Figure 7.

Finally, the influence of the moving window size on the
estimation performance is studied. Generally speaking, the
method will track the process change better if the size of the
moving window is selected as a small value, because the
new data information is updated more quickly with a small
moving window. On the other hand, if a big moving window
has been selected, the tracking speed is much slower, and
more estimation errors may be generated between the
changes of different operation modes. Therefore, the mean
estimation accuracy of the soft sensor may be deteriorated.
However, if the number of the process variables is large, the

size of the moving window should be selected as an appro-
priate value. If a small value is selected, the modeling per-
formance of the PCR may not be guaranteed. Table 1 lists
the root-mean-squared error (RMSE) values of different
selections of the moving window size for the 5 normal oper-
ation datasets. The index of RMSE is defined as

RMSE 5

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXL

j51
kyj2ŷjk

2

L

vuut
(27)

where j51; 2;…; L, yj and ŷj are real and estimation values,
respectively, L is the total number of test data samples. In
this table, we can find that with the increase of the moving
window size, the mean prediction performance of the soft
sensor is decreased. In our opinion, this is mainly due to the
reason that more prediction errors have been generated based
on the large moving window.

TE Benchmark Process

In last several decades, TE process has been widely used
for algorithm testing and performance evaluation,34–39 which
consists of five major unit operations: a reactor, a condenser,
a compressor, a separator, and a stripper. In this process, two
simultaneous gas-liquid exothermic reactions are generated
to produce two different product, which are given as

A gð Þ1C gð Þ1D gð Þ ! G liqð Þ

A gð Þ1C gð Þ1E gð Þ ! H liqð Þ
(28)

There are 41 measured variables and 12 manipulated vari-
ables. The flowchart of TE process is shown schematically
in Figure 8. Among all of the 41 process variables, there are
19 component variables, which are difficult to be measured
online. In contrast, the rest 22 process variables are very
easy to be measured. In this case study, all of the 22 process
variables are selected for soft sensor modeling, and five

Figure 6. Estimation results of the EAR model-based
soft sensor when the process changes to a
faulty operation condition, (a) quality estima-
tion results; and (b) prediction errors.

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

available at wileyonlinelibrary.com.]

Figure 7. SVDD monitoring results of the faulty opera-
tion condition.

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

available at wileyonlinelibrary.com.]

Table 1. RMSE Values of the EAR Soft Sensor under Different Moving Window Sizes

Size 10 20 30 40 50 60 70 80 90 100

RMSE_y1 5.8339 7.6556 9.2292 10.4988 11.6381 12.6401 13.6584 14.5571 15.4155 16.1703
RMSE_y2 2.7038 3.1986 3.7108 4.1604 4.5701 4.8549 5.2241 5.6010 5.8672 6.1605
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components in the final quality stream are used as the quality
variables. In the TE benchmark process, six different opera-
tion modes can be simulated, descriptions of which are listed
in Table 2.

Among the 22 measured process variables, the first four
variables are feeds of the process, which come out of the
system. Based on the two reactions given in Eq. 28, they are
highly related with the final components of the product,
which means they can be considered as driven factors of the
operation mode. Therefore, the first four measured variables
are considered as external variables, and the rest 18 variables
are considered as main variables. Detailed descriptions of
the external variables, main variables, and quality variables
are tabulated together in Table 3. For soft sensor modeling
construction and testing, datasets under different operation
modes are generated, each of which consists of 200 data
samples. Previously, the normal dataset is partitioned into
two equal parts: training dataset and testing dataset. Based
on the CPV criterion which is selected as 85% in the present
work, the retained numbers of principal components in
PCRx-u and PCRy-u models are both determined as 3, while
the value is 8 in the PCRy-x model. Similarly, the traditional
PCR model is also developed for performance comparison.

The data characteristics of the input and output variables
are given in Figure 9. Again, we can clearly find six differ-
ent data behaviors in both Figure 9a, b, which are corre-
sponding to the six different operation modes in this process.
To test the performance of the proposed soft sensor for new
operation modes, only the training dataset of the first opera-
tion mode is used for model constructions of both soft

sensors. The estimation results of both two soft sensors for
the combined dataset of all six operation modes are given in
Figure 10, where the red line corresponds to the estimated
values and the blue line corresponds to the measured value
of each data sample. It can be seen from Figure 10a that all
data samples in different operation modes (new operation
mode or not) have been predicted very well, except for sev-
eral data samples in adjacencies of two operation modes.
Again, this is due to the moving-window approach which
has an updating nature to accommodate the new operation
mode. However, the estimation performance of the PCR-
based soft sensor has been greatly deteriorated when the pro-
cess changes to new operation modes. Except for the basic
operation depending on which the PCR-based soft sensor is
developed, the estimation errors of data samples in other five
operation modes are very significant. In Figure 11, estima-
tion errors of the last two quality variables by the two soft
sensors are presented. It can be seen in Figure 11a that five
operation change behaviors have been found, which meets
the real situation of the process condition. In contrast, the
estimation errors of the PCR-based soft sensor for the five
new operation modes are very large, which means it has no
ability for quality estimation in new operation conditions.

Through analyzing the SVDD-based monitoring statistic,
we can also judge the operation condition of the process. To
build the SVDD model, the generally used Gaussian kernel
is employed, with its width parameter selected as 3.2, and
the confidence limit of the SVDD monitoring statistic is
determined as 95%. As a result, five data samples have been
selected as support vectors in the SVDD model. The

Figure 8. Tennessee Eastman process.

Table 2. Descriptions of Different Operation Modes in TE Process

Mode 1 2 3 4 5 6

G/H mass ratio 50/50 10/90 90/10 50/50 10/90 90/10
Production rate

in stream 11
7038 kg h21 G and

7038 kg h21 H
1408 kg h21 G and

12,669 kg h21 H
100,00 kg h21 G

and 1111 kg h21 H
Maximum

production
rate

Maximum
production
rate

Maximum
production
rate
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Lagrange multiplier corresponding to each training data point
is illustrated in Figure 12, through which it can be found
that only five data samples have significant values, all of
other multiplier values are zeros which have no impact to
the monitoring statistic. Therefore, we can just use these five
support vectors to calculate the monitoring statistic value for
the new data sample, which will greatly reduce the computa-
tionally complexity of online analysis. The results of the
SVDD monitoring statistic for different operation modes are
shown in Figure 13, in which six operation modes have also
been clearly presented.

To test the estimation performance of proposed soft sensor
under the faulty operation condition, one fault is introduced
into the process, which is a random variation of the con-
denser cooling water inlet temperature. As a result, both of

the two soft sensors cannot provide satisfactory estimation
performance. Actually, by analyzing the results of SVDD
monitoring statistic, we can find that the operation condition
of the process has been moved outside of the normal region,
which is demonstrated in Figure 14. Therefore, under the
faulty operation condition, the EAR model-based soft sensor
can successfully distinguish it from normal process changes.
Based on the SVDD monitoring strategy, the process fault
can also be detected and thus further analysis can be carried
out.

To examine the estimation performance of the soft sensor
under different sizes of the moving window, the value is
changed from 30 to 70. Quality estimation results under dif-
ferent cases are tabulated in Table 4. Besides, the mean
RMSE value of the five quality variables in each case is also

Table 3. Variable Descriptions of the TE Process

External Variables Main Variables Quality Variables

1 A feed 1 Recycle flow 10 Product separator underflow 1 Component D
2 A feed 2 Reactor feed rate 11 Stripper level 2 Component E
3 E feed 3 Reactor pressure 12 Stripper pressure 3 Component F
4 A and C feed 4 Reactor level 13 Stripper underflow 4 Component G

5 Reactor temperature 14 Stripper temperature 5 Component H
6 Purge rate 15 Stripper steam flow
7 Product separator temperature 16 Compressor work
8 Product separator level 17 Reactor cooling water outlet temperature
9 Product separator pressure 18 Separator cooling water outlet temperature

Figure 9. Data characteristics of measured and quality
variables, (a) measured variables; and (b)
quality variables.

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

available at wileyonlinelibrary.com.]

Figure 10. Quality estimation results of datasets under
multiple operation conditions, (a) EAR-PCR;
and (b) PCR.

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

is available at wileyonlinelibrary.com.]
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provided in the last row of the table. Based on this mean
RMSE result, it can be conclude that the high estimation
performance of the EAR model-based soft sensor will be
obtained when a small size of the moving window has been
selected. However, as we have mentioned, if the size of the
moving window is too small, the modeling performance of
the soft senor cannot be guaranteed, which will influence the
final estimation performance. Therefore, in practice, the size
of the moving window should be carefully chosen. Although
this is still an open question, to our experience, it somehow

depends on the type of the modeling method. For example,
if a modeling method which needs a large number of train-
ing data samples such as the density estimation-based
method, the size of the moving window should also be
selected as a big value, otherwise the built model may be
useless. On the other hand, if some limited data-based mod-
eling method has been employed, such as the support vector
machine-based modeling approach, a relatively small size of
the moving window can be selected, as long as the modeling
performance of the soft sensor could not be influenced.

Conclusions

In the present article, an EAR model is proposed for
adaptive soft sensor modeling of multimode chemical proc-
esses. Different from existing soft sensor modeling methods,
the EAR-model based soft sensor can successfully handle
new process changes, and also has ability to distinguish the
normal operation mode and the process fault. To extend the
new method for online quality estimation, a moving window
approach has been incorporated into the EAR model. Fur-
thermore, an SVDD-based model has been developed for
estimation performance monitoring and analysis, depending
on which the process fault can be successfully detected. Two
case studies have both demonstrated the feasibility and effi-
ciency of the proposed method. Based on the EAR modeling
framework, both of the nonlinear and dynamic counterparts
of the developed method can be obtained easily. Therefore,

Figure 11. Quality estimation error of the last two qual-
ity variables under multiple operation condi-
tions, (a) EAR-PCR; and (b) PCR.

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

is available at wileyonlinelibrary.com.]

Figure 12. SVDD modeling coefficients of different data
samples.

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

is available at wileyonlinelibrary.com.]

Figure 13. Results of the SVDD-based monitoring sta-
tistic for six normal operation modes.

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

is available at wileyonlinelibrary.com.]

Figure 14. Results of the SVDD-based monitoring sta-
tistic for the faulty operation mode.

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

is available at wileyonlinelibrary.com.]
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although only the linear PCR model has been used for soft
sensor in the present article, the EAR modeling method is
actually a general modeling approach for multimode proc-
esses. One can develop different types of robust soft sensors
for corresponding multimode cases.
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Table 4. RMSE Values of the EAR Soft Sensor under Different Moving Window Sizes

Size 30 40 50 60 70

RMSE_y1 0.0267 0.0267 0.0138 0.0140 0.0162
RMSE_y2 0.1755 0.1933 0.2141 0.1878 0.1978
RMSE_y3 0.0196 0.0352 0.0278 0.0217 0.0277
RMSE_y4 6.4813 7.6377 7.3478 7.5456 6.8109
RMSE_y5 7.6878 7.4429 7.7188 7.5489 7.7600
Mean 2.8782 3.0672 3.0645 3.0636 2.9625

AIChE Journal January 2014 Vol. 60, No. 1 Published on behalf of the AIChE DOI 10.1002/aic 147


	l
	l
	l
	l
	l
	l

