PROCESS SYSTEMS ENGINEERING

AIChE

Development of a New Soft Sensor

Method Using Independent Component

Analysis and Partial Least Squares

Hiromasa Kaneko, Masamoto Arakawa, and Kimito Funatsu
Dept. of Chemical System Engineering, The University of Tokyo, Bunkyo-ku, Tokyo, Japan

DOI 10.1002/aic.11648
Published online October 29, 2008 in Wiley InterScience (www.interscience.wiley.com).

Soft sensors are used widely to estimate a process variable which is difficult to mea-
sure online. One of the crucial difficulties of soft sensors is that predictive accuracy
drops due to changes of state of chemical plants. To cope with this problem, a regres-
sion model can be updated. However, if the model is updated with an abnormal sam-
ple, the predictive ability can deteriorate. We have applied the independent component
analysis (ICA) method to the soft sensor to increase fault detection ability. Then, we
have tried to increase the predictive accuracy. By using the ICA-based fault detection
and classification model, the objective variable can be predicted, updating the PLS
model appropriately. We analyzed real industrial data as the application of the pro-
posed method. The proposed method achieved higher predictive accuracy than the tra-
ditional one. Furthermore, the nonsteady state could be detected as abnormal correctly
by the ICA model. ©2008 American Institute of Chemical Engineers AIChE J, 55: 87-98,
2009
Keywords: soft sensor, process control, independent component analysis, partial least

squares, fault detection

Introduction

In operating chemical plants, an operator has to monitor
operating condition of the plants and control process varia-
bles, for example, temperature, pressure, liquid level, concen-
tration of products, and so on. Therefore, these variables
need to be measured online, but all of them are not easy to
measure online because of technical difficulty, large measure-
ment delays, high investment cost, and so on.

In chemical plants, soft sensors are used widely to esti-
mate a process variable which is difficult to measure online.
An inferential model is constructed between variables which
are easy to measure online and one which is difficult to mea-
sure online, and a value of an objective variable is estimated
by the model. Mainly, partial least squares (PLS) method''®
is used as a modeling method for the soft sensors. Also, prin-
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ciple component regression (PCR) metho
PLS method,” """ artificial neural network
support vector machine based regression method,”*® and so
on, are researched as the soft sensor method. By using soft
sensors, a value of objective variables can be estimated with
high accuracy.

However, soft sensors have some practical difficulties. One
of the crucial difficulties is that predictive accuracy drops
due to changes of state of chemical plants, catalyst perform-
ance loss, sensor and process drifting, and so on. If a prob-
lem of the degradation of soft sensors is not solved, it is dif-
ficult to identify reasons of abnormal situations. On the site
of plants, when the prediction error of an objective variable
y is above a threshold, abnormal situation is detected. There
is no effective method to judge whether the reason of it is
the trouble of process, the trouble of analyzer, or the degra-
dation of the soft sensor, under the circumstances.

The regression model can be updated with a new sample
to solve the degradation of the soft sensor model.”~®* If the
model is updated with an abnormal sample, the predictive
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ability can deteriorate. The abnormal sample needs to be
detected, but by checking only the abnormal data by using
the prediction error of y, it is difficult to detect the abnormal
samples and to judge whether the reason of them is the trou-
ble of process or the trouble of analyzer. Thus, it is desirable
that a fault detection model with high accuracy be con-
structed to increase prediction ability of updating soft sensor
model.

Then, we have applied the independent component analy-
sis (ICA)** method to increase fault detection ability and to
classify the abnormal situation. ICA is a method that is used
in many fields such as signal processing. ICA can effectively
resolve the independent components from the measured
mixed signals without any additional information about the
source signals. In other words, ICA is a method for trans-
forming observed multivariate data into statistically inde-
pendent components expressed as the linear combinations of
observed variables. It has been widely applied in fields such
as spectral analysis,®>®® quantitative structural—property rela-
tionships,”” and so on. If reasons of changes of each process
variable measured in chemical plants are mutually independ-
ent, it is conceivable that each of them can be extracted by
using the ICA method.

ICA is often compared with principal component analysis
(PCA). PCA can extract mutually uncorrelated components
from explanatory variables, through making full use of the
second-order central moment. On the other hand, ICA can
extract mutually independent components from explanatory
variables, through making full use of the fourth-order central
moment. ICA attracts much attention because ICA uses the
higher-order statistical characteristics of the source than
PCA, and the fourth-order central moment represents high
values for components including outliers. In fact, the ICA
method is applied to statistical process control®®"7 and soft
sensors.*®>> In addition, if the fault detection ability
improves, it could contribute to the abnormal diagnosis.m’79

We have developed the new soft sensor method that com-
bines ICA and PLS. Monitoring methods based on ICA have
been developed recently. However, even if traditional meth-
ods can detect the abnormal situation, it is difficult to clas-
sify the reason of it appropriately.®® Independent components
extracted from explanatory variables by using ICA method
are mutually independent and sensitive to outliers. Therefore,
we propose to select independent components, which are sen-
sitive to the same outliers, and classify the reason of abnor-
mal situation by using these components individually. By
using the ICA-based fault detection and classification model,
it is conceivable that the objective variable can be predicted,
updating the PLS model with only normal samples.

To verify prediction ability and fault detection and classifica-
tion ability of the proposed method, we applied this method to
real industrial data. We analyzed the data obtained from the
operation of the distillation column at Mizushima works, Mitsu-
bishi Chemical. We prepared 10,000 samples, then first 4000
samples are training data, and we tried to predict next 6000
samples. To verify the superiority of the proposed method,
below four methods are applied to real industrial data.

A. Do not update the PLS model, and detect the abnormal
data by using the prediction error of y.

B. Update the PLS model, and detect the abnormal data
by using the prediction error of y.
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C. Update the PLS model, and detect and classify the
abnormal data by using the PCA-based fault detection
model®' and the prediction error of y.

D. Update the PLS model, and detect and classify the
abnormal data by using the ICA-based fault detection and
classification model and the prediction error of y.

Method A is a traditional soft sensor method, and method
D is the proposed one. By comparing the results of them, we
verified the superiority of the proposed method. Furthermore,
by using the ICA-based fault detection and classification
model, the nonsteady state, which could not be detected as
abnormal by the prediction error of y, could be detected.

PLS

Modeling a relationship between explanatory variables X €
R and objective variable y € R"*' (where n is the number
of samples and d is the number of variables) is done by
using MLR, which works well as long as X variables are
few and uncorrelated. However, it is impossible to construct
a regression model when the number of X-variables is more
than the number of samples. Thus, attempts to pretreat X
have been proposed. One of these methods is PCR. It is a
method that constructs a regression model of y by means of
the score matrix T € R"™“ (where « is the number of compo-
nents) calculated by PCA. Since T is mutually orthogonal, a
stable model would be constructed by the PCR method.

PLS is a method for relating X and y, by a linear multivar-
iate model, but goes beyond traditional regression methods in
that it models also the structures of X and y. In PLS model-
ing, the covariance between score vector t; € R"™! and y is
maximized. Generally, PLS models have higher predictive
power than those of MLR and PCR.

A PLS model consists of two equations as follows:

X=TP +E
(1
Y = Tq+f
where P € R”*“ is an X-loading matrix, q € R'*“ is a y-load-

ing vector, E € R is a matrix of X residuals, and f € R"*!

is a vector of y residuals. The PLS-regression model is as
follows:

y = Xb + const
oo @
b—WPW) q
where W € R¥*“ is an X-weight matrix and b € R¥*! is a

vector of regression coefficients. The number of components
must be appropriately decided to construct a highly predic-
tive model. R* and Q2 values are used as the measure and
defined as follows:

> (Yobs — ycalc)2
> (obs — )’

Z(yobs - yprecl)2
> (Yobs — y)z

RP=1-
©)
0 =1-

where y.ns is the actual y value, y.,. is the calculated y
value, and yp.q is the predicted y value in the procedure of
cross-validation such as leave-one-out. In this paper, the
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Figure 1. Comparison between PCA and ICA.

(A) Explanatory variables; (B) PCA; (C) ICA.

number of components is determined by the first local maxi-
mum of Q2.

ICA

ICA is a method for transforming observed multivariate
data into statistically independent components expressed as
the linear combinations of observed variables. Statistical in-
dependence is a different concept from decorrelation. Denote
S1, S2,..., S, as random variables with a joint probability den-
sity function (pdf) of p(s;, S,..., S,), and assume that these
variables have zero-mean; then, they are said to be mutually
statistically independent if the following condition holds:

p(s1,s2,.8:) = [ [ pilsi) )
i=1

where pi(s;) (for i = 1, 2,..., n) denotes a marginal pdf of s;,
that of, the pdf of s; when it is considered alone. The basic
problem of ICA is then to estimate the original components
s; from measured variables X. For performing ICA, X is first
transformed into mutually uncorrelated variables. By defining
the sphering matrix as M € R4 transformed matrix Z €
R"™“is given as

7Z =XM 5)

Generally, this pretreatment can be accomplished by singular
value decomposition. Next, Z is transformed into mutually
independent variables as follows:

S=17B (6)

where S € R”*“ is an independent component matrix and B €
R“*“ is a transformation matrix. Several techniques that cal-
culate B have been proposed. In this paper, FastICA” is
used. This algorithm finds, one at a time, all non-Gaussian
components, that is, independent components, regardless of
their probability distributions. The relationship between X
and S is given as

S = XMB = XW

W — MB ™

where W € R¥“ is a separating matrix. Mutually independ-
ent components underlying in X can be extracted by W.

AIChE Journal January 2009 Vol. 55, No. 1

Published on behalf of the AIChE

Figure 1 shows a comparison between PCA and ICA. Fig-
ure 1A is a plot of explanatory variables x; and X,, and then
PCA and ICA method are applied to this data set. A plot of
principal components t; and t, extracted by PCA method is
shown in Figure 1B and a plot of independent components s;
and s, extracted by the ICA method is shown in Figure 1C.

Mutually uncorrelated components whose dispersion is
large are extracted in order by the PCA method. On the one
hand, the distribution of s; and s, is like that in Figure 1C.
In other words, even if a value of one of these components
is obtained, the information of another one is not obtained,
because s; and s, are mutually independent.

Fault Detection and Classification
Based on ICA

Monitoring methods based on PCA have been developed.
PCA can extract mutually uncorrelated components from ex-
planatory variables, through making full use of the second-
order central moment. On the other hand, ICA can extract
mutually independent components from explanatory
variables, through making full use of the fourth-order central
moment. The fourth-order central moment represents high
values for components including outliers. ICA shows superior
performance for detecting outliers over PCA, because inde-
pendent components are sensitive to outliers.

However, even if traditional monitoring methods based
on ICA can detect the abnormal situation, it is difficult to
classify the reason of it appropriately. Then, we propose
to select independent components, which are sensitive to
the same outliers, and classify the reason of abnormal sit-
uation by using these components individually. By using
the proposed method, fault detection model with high ac-
curacy and classification of abnormal situation are
achieved.

We construct ICA-based fault detection and classification
model. The algorithm is described as follows:

1. Extract independent components S from measured vari-
ables X of training samples by using ICA method like as Eq.
).

2. Check each independent component and separate S
into Sy, S,, ..., each of which is sensitive to the same
outliers.

DOI 10.1002/aic 89



Also prepare W; corresponding to S; as follows:

S =XW,;
S, =XW,
®)
S,‘ = XW,

3. Calculate I? statistic’”> which is defined for each S; as
follows:

2 o T
Iy =su81,
2 o T
I =$2;8;
©

2 o T
IiJ—susi_j

where j is the number of sample.

4. Check each I,%,- and set the threshold to distinguish the par-
ticular outliers of each I,? from other samples.

After constructing the model, we detect the abnormal data
and classify the reason of it online. The algorithm is
described as follows:

1. Calculate s; s from the new test sample X and W; as
follows:

S1test = Xtestwl

S2 test = Xtes[WZ

o (10)
Sitest = Xiest Wi

2. Calculate I,-2 from s; 1o as follows:

2 _ T
Il,tesl = S1testS] gest

2 _ T
]2,test - S2~,les‘s2ﬁtest

. (11)
2 T
I; = S testS;

itest — itest

3. Compare Iftest with the threshold and detect the abnor-
mal data. If If[esl is above the threshold, X is the similar
sample as S; is sensitiveto.

4. Return to step 1.
Thus, we can judge whether X is @ normal sample or the
similar sample as S; is sensitive to, one after another.

Soft Sensor Method Based on ICA and PLS

To solve the degradation of the soft sensor model, the
regression model can be updated with a new sample. If the
model is updated with an abnormal sample, the predictive
ability can deteriorate. Therefore, the abnormal sample needs
to be detected. However, by checking the abnormal data by
only using the prediction error of y, it is difficult to detect
the abnormal samples and to classify the reason of them.

Then, we propose to judge whether a new sample is nor-
mal or abnormal by using the ICA-based fault detection and
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classification model and the prediction error of y. If the sam-
ple is detected as abnormal by the ICA model, the reason of
it can be trouble of process. If the sample is detected as
abnormal by the prediction error of y, the reason of it can be
trouble of analyzer. If the sample is detected as normal, we
can update the soft sensor model based on PLS. The algo-
rithm is described as follows:

1. Construct an ICA-based fault detection and classifica-
tion model with training samples Xi..in-1ca, and a PLS model
with first training samples Yain and Xyain-pLs as follows:

Yirain = Xirain—pLsb + const (12)

The number of samples of Xi.in.1ca and that of X.in.pLs are
not necessarily the same, and the type of measured variables
of Xiaingca and that of X, pLs are not necessarily the
same either.

2. Judge whether the new test data Xe.1ca 1S normal or abnor-
mal by using the ICA-based fault detection and classification
model explained in the previous section. If the sample is detected
as abnormal here, the reason of it can be trouble of process.

3. Predict an objective variable from the new test data
Xeest.pLs DY using the PLS model as follows:

Ypred = Xeest—pLsb + const (13)

4. Judge whether the objective variable is normal or
abnormal by comparing measured value y.,y with predicted
value ypeq as follows:

prediction error = yiest — Ypred (14)

If the sample is detected as abnormal here, the reason of it
can be trouble of analyzer.

5. Determine whether the PLS model is updated or not by
using Table 1.

6. If the PLS model is updated, prepare the new training
data yew and Xpew, that is, add the new data yog and Xege_prs tO
the training data, omit the oldest data from the training data.

7. Construct the new PLS model with y,e, and X, as
follows:
= Xjewb + const (15)

y]’lEW

8. Return to step 2.

Results and Discussion

We applied this method to real industrial data to verify
prediction ability and fault detection and classification ability
of the proposed method. We analyzed the data obtained from
the operation of the distillation column at Mizushima works,
Mitsubishi Chemical. Figure 2 shows a schematic representa-
tion of the distillation column and Table 2 shows the process
variables. An objective variable y is concentration of bottom
product, which is lower boiling point, and explanatory varia-
bles X are 19 variables, which are temperature, pressure, lig-
uid level, and so on. Inputs variables are F3 and F4, and
operational variables are F1 and F2. Sampling interval is 1 h
and we prepared 10,000 samples (10,000 h). Figure 3 shows
a plot of y. Variations appeared in around 3600, 6800-7000,
8100, and 9000-9500 h are caused by disturbance, check of
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Table 1. Judgment About Whether the PLS Model Is Updated or Not

ICA Model (Explanatory Variables)

Normal Abnormal

PLS model (predictive error Normal
of objective variable)

Abnormal

Normal

Update the PLS model
Analyzer is abnormal

Do not update the PLS model

Process is abnormal
Do not update the PLS model
Process is abnormal
Do not update the PLS model

plant, trouble of a concentration analyzer, and plant test,
respectively. The variations caused by the disturbance and
the plant test do not need to be detected, because they are
not abnormal variations. The variation caused by the trouble
of the concentration analyzer needs to be detected as faults
of y and one which is caused by the check of plant needs to
be detected as faults of X. First 4000 samples are training
data and we tried to predict next 6000 samples.

To verify the superiority of the proposed method, below
four methods are applied to real industrial data.

A. Do not update the PLS model, and detect the abnormal
data by using the prediction error of y.

B. Update the PLS model, and detect the abnormal data
by using the prediction error of y.

C. Update the PLS model, and detect and classify the
abnormal data by using the PCA-based fault detection model
and the prediction error of y.

D. Update the PLS model, and detect and classify the
abnormal data by using the ICA-based fault detection and
classification model and the prediction error of y.

Method A is a traditional soft sensor method, and method
D is the proposed one. The three-sigma method was used to
detect and classify the abnormal data of y. The explanatory
variables used to construct the ICA-based fault detection and
classification model are 19 variables in Table 2 and those
which are used to construct the PLS model are 25 variables
which are 12 variables (No. 2, 8, 9, 10, 11, 12, 13, 14, 15,
16, 18, 19) in Table 2, and the 12 variables and y whose
time lag is 1 h. The method that constructs PLS model with
dynamics of process variables is called Dynamic PLS.>®

L
1000 |

% RS
N
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Figure 2. A schematic representation of the distillation
column.
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PLS-based fault detection method, which distinguishes soft
sensor errors from analyzer troubles, has been proposed.6 By
using PLS, not PCA, as a dimension reducing method, the
model can contain the information of y. However, it is con-
ceivable that X-variables used to predict the value of y with
high predictive accuracy are different from those used to
detect the fault with high accuracy. We did not use this
method, because we regarded the fault detection differently
from the prediction of y.

Method A

We constructed the PLS model with first 4000 samples.
The number of component was 12, R? value was 0.874, and
Q? value was 0.827. By using the PLS method, a rather
accurate predictive model could be constructed.

Table 3 shows the result of prediction and fault detection
of 6000 samples. The led2 value is an R? value that is cal-
culated with the test samples, and RMSE (Root Mean Square
Error) is defined as follows:

Z(yobs _ypred)2 (16)

n

RMSE =

where yops is the actual y value, and ypeq is the predicted y
value, and » is the number of test samples. Rpred and RMSE
are calculated with the samples from which samples detected
as abnormal are omitted. The number of samples detected as

Table 2. Process Variables

Symbol Objective Variable
A Bottom product concentration

No Symbol Explanatory variables
1 Fl Reflux flow
2 F2 Reboiler flow
3 F3 Feed 1 flow
4 F4 Feed 2 flow
5 F5 Bottom flow
6 F6 Top flow
7 L1 Liquid level
8 P1 Pressure 1
9 P2 Pressure 2

10 Tl Temperature 1
11 T2 Temperature 2
12 T3 Temperature 3

13 T4 Temperature 4
14 TS Bottom temperature
15 T6 Feed 2 temperature
16 T7 Feed 1 temperature
17 T8 Top temperature
18 F1/F6 Feed flow ratio

9 F4/F3 Reflux ratio

DOI 10.1002/aic 91
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Figure 3. Objective variable.

abnormal, Rpred2 value, and RMSE were 258, 0.829, and
1.18, respectively. It is conceivable that the degradation of
soft sensor model happened because RMSE was large. Then,
Rpred2 value was rather large. It could be because correlation
between yons and yp.q Was large because of high standard
deviation of y. Thus, we used RMSE to compare the predic-
tion ability of each method rather than Rpredz value.

Figure 4 shows a plot of measured and predicted y in
method A. Figure 4A is the plot before omitting the samples
detected as abnormal. Red circles represent them. Figure 4B
is the plot after omitting them. The plot shows that the sam-
ples, which deviate from the diagonal, are only detected as
abnormal. Figure 5 shows the result of fault detection in
method A. Red circles represents the samples detected as
abnormal. Some samples around 6800-7000 and 8100 h
could be detected as abnormal, and others could not. For
example, samples around the end of the check of plant were
not detected as abnormal. Furthermore, it is difficult to dis-
tinguish between the trouble of the concentration analyzer
and the check of plant, because all of the abnormal samples
were detected as faults of y.

Method B

We predicted 6000 samples by using method B. The
abnormal samples are detected by using the prediction error
of y. If the sample is normal, the PLS model is updated. Ta-
ble 3 shows the result of this calculation. The number of
samples detected as abnormal, Rpred2 value, and RMSE were
53, 0.908, and 0.349, respectively. RMSE of method B was
lower than that of method A, because the predictive ability
increased by updating the PLS model. It is conceivable that
the degradation of soft sensor model was reduced. However,
it could occur overfitting because the number of samples
detected as abnormal was too small.

Figure 6 shows a plot of measured and predicted y in
method B. Figure 6A is the plot before omitting the samples
detected as abnormal. Red circles represent them. Figure 6B
is the plot after omitting them. The plot shows a much
tighter cluster of predicted values along the diagonal in
method B than in method A. However, the number of sam-

'lﬂo 0 10 20 30 40 50

.
L

®)

Figure 4. The relationship between measured and pre-
dicted y in method A.

(A) Before omitting the samples diagnosed as abnormal
(red circles). (B) After omitting the samples diagnosed as
abnormal. [Color figure can be viewed in the online issue,
which is available at www.interscience.wiley.com.]

ples detected as abnormal in method B is smaller than in
method A. Figure 7 shows the result of fault detection in
method B. Red circles represents the samples detected as

iy T T T 1
15} ’ 1

1o} . 1

objective variable
tn

J- ‘M ! H“H
-5
Table 3. Number of Samples, R’y RMSE in Each Method oo 5000 7000 8000 %000 10000
Method A B C D e
Figure 5. Fault detection in method A.
No. of abnormal samples 258 53 61 307 gure 5. Fau . de ?C . ° e 9d
Roed 0.829 0.908 0.907 0.910 Red circles indicate samples diagnosed as abnormal. [Color
RII)VISE 1.18 0.349 0.387 0.281 figure can be viewed in the online issue, which is available
. . : : at www.interscience.wiley.com.]
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Figure 6. The relationship between measured and pre-
dicted y in method B.

(A) Before omitting the samples diagnosed as abnormal
(red circles). (B) After omitting the samples diagnosed as
abnormal. [Color figure can be viewed in the online issue,
which is available at www.interscience.wiley.com.]

abnormal. Method B could not detect many samples around
6800-7000 h as abnormal, and could not almost samples
around 8100 h as abnormal.

Method C

To compare PCA-based fault detection method with the
proposed method, method D, the PCA-based fault detection
model was constructed. Figure 8 shows the Hotelling T sta-
tistic and the sum of squared residuals Q statistic.** The
number of components is 5 where the cumulative contribu-
tion ratio is higher than 0.9. In addition, the number of
components did not affect the results significantly. The
threshold of 77 statistic was set in 310 and that of Q statistic
was set in 150, because a variation around 3600 is not abnor-
mal. If 7% or Q statistic were above the thresholds, test sam-
ples were detected as abnormal.

Then, we predicted 6000 samples by using method C. The
abnormal samples were detected by using the prediction error
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of y and the PCA-based fault detection model. If the sample
was normal, the PLS model was updated. Table 3 shows the
result of this calculation. The number of samples detected as
abnormal, Rpred2 value, and RMSE were 61, 0.907, and
0.387, respectively. Although Rpred2 value of method B and
that of method C are almost the same, RMSE of method C
was higher than that of method B. The PCA-based fault
detection model did not work well. In addition, it could
occur overfitting as in method B, because the number of
samples detected as abnormal was too small.

Figure 9 shows a plot of measured and predicted y in
method C. Figure 9A is the plot before omitting the samples
detected as abnormal. Red circles represent them. Figure 9B
is the plot after omitting them. The plot shows a much
tighter cluster of predicted values along the diagonal in
method C than in method A, but many differences between
method B and C are not seen. By using the PCA-based fault
detection model, not only samples which deviate from the di-
agonal but also samples which are near the diagonal were
detected as abnormal. However, the number of them was too
small. Figure 10 shows the result of fault detection and clas-
sification in method C. Red circles represent the samples
detected as abnormal by the prediction error of y, and black
asterisks represent the samples detected as abnormal by the
PCA-based fault detection model. As in method B, there
were many samples which did not detected as abnormal
when check of plant or trouble of a concentration analyzer
occurred. It was conceivable that Q statistic did not detect an
unknown variation because it included a variation around
3600.

Method D

First, we constructed ICA-based fault detection and classi-
fication model. Figure 11 shows independent components
extracted from the explanatory variables by using ICA. We
selected the components S;(sy, S3, Se, S11, S15) Which are sen-
sitive to variation of around 3600 h and the components
So(ss, S12, S14, S17) which are not sensitive to variation of
around 3600 h. s7, s;9, and s;¢ are not included in S; because
samples which deviate from the distribution in s;, 19, and
S16 are the same as those which deviate from the distribution
in ;. s4 and ss are not included in S; and S, because they
have a special variation around 3600 h, but samples around
3600 h do not deviate from the distribution in s4 and Ss. Sg
and s;g are not included in S; and S, because they have a

10f R

objective vanable

) H%HD jﬂIDI'I EIJ.DCI 1_n'nu 000 G 10000
tme
Figure 7. Fault detection in method B.

Red circles indicate samples diagnosed as abnormal. [Color
figure can be viewed in the online issue, which is available
at www.interscience.wiley.com.]
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Figure 9. The relationship between measured and pre-
dicted y in method C.
(A) Before omitting the samples diagnosed as abnormal

(red circles). (B) After omitting the samples diagnosed as
abnormal. [Color figure can be viewed in the online issue,
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special variation in early hours. s;3 is not included in S,
because it is almost the same as the liquid level.

Figure 12 shows I? statistic calculated from S; and S,. The
threshold of ;% was set in 25 to detect the same variation as
that of around 3600 h, and the threshold of 122 was set in 70
to detect an unknown variation. By using /;> and I,?, a varia-
tion around 3600 can be separated. Table 4 shows a judg-
ment about whether the situation of plant is normal or abnor-
mal. If 7;> and I,% are under threshold, the situation of plant
can be normal. If I;? is above threshold and I,> is under
threshold, the situation of plant can be normal, because it is
conceivable that it is the similar variation as that of around
3600 h. If 1,% is under threshold and I,> is above threshold,
the situation of plant can be abnormal, because it is conceiv-
able that it is an unknown variation. If 1,> and I,* are above
threshold, the situation of plant can be abnormal because it
is conceivable that it is the variation of whole plant.

Then, we predicted 6000 samples by using method D. The
abnormal samples were detected and classified by using the
prediction error of y and the ICA-based fault detection and
classification model. If the sample was normal, the PLS
model was updated. Table 3 shows the result of this calcula-
tion. The number of samples detected as abnormal, Rp,ed2
value, and RMSE were 307, 0.910, and 0.281, respectively.
It is conceivable that the degradation of soft sensor model is

objective variable

oo 000 GO0 7000 BOOD 9000 106000
time

Figure 10. Fault detection in method C.

Samples diagnosed as abnormal by the prediction error of
y (red circles). Samples diagnosed as abnormal by the
PCA-based fault detection model (black asterisks). [Color
figure can be viewed in the online issue, which is avail-
able at www.interscience.wiley.com.]
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Figure 11. Independent components.

solved because of the low RMSE. Furthermore, RMSE of
method D was lower than that of method B and C, because
the predictive ability increased by detecting and classifying
the abnormal samples by using the ICA-based fault detection
and classification model. We verified that the model with
high predictive accuracy could be constructed by using the
proposed method.

Figure 13 shows a plot of measured and predicted y in
method D. Figure 13A is the plot before omitting the sam-
ples detected as abnormal. Red circles represent them. Figure
13B is the plot after omitting them. The plot shows a much
tighter cluster of predicted values along the diagonal in
method D, reflecting the higher prediction of y. By using the
ICA-based fault detection and classification model, not only
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samples which deviate from the diagonal but also those
which are near the diagonal were detected as abnormal. In
fact, there were abnormal samples near the diagonal. For
example, in Figure 6B and 9B, the samples whose y value is
under —5 are not detected as abnormal. However, these sam-
ples need to be detected so, because the trouble of the con-
centration analyzer and the check of plant happen there from
Figure 3. Most part of samples whose y value is under —5 is
detected as abnormal by method D as shown in Figure 13.
Figure 14 shows the result of fault detection and classifica-
tion in method D. Red circles represent the samples detected
as abnormal by the prediction error of y, and black asterisks
represent the samples detected as abnormal by the ICA-based
fault detection and classification model. The samples around
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Figure 12. 1,2 and 1,2,
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Table 4. Judgment About Whether the Situation of Plant Is
Normal or Abnormal

1,2

Under Threshold  Above Threshold

L,>  Under threshold Normal Same as around
3600 h
Normal
Above threshold ~ Unknown variation  Variation of whole
plant
Abnormal Abnormal

6800—7000 could be detected as abnormal by the ICA model.
Then, the result of them could be classified as fault of X.
The samples around 8100 could be detected as abnormal by
the prediction error of y, although method B and C could not
detect the samples. Then, the result of them could be classi-

50

Mo 0 5 10 15 20
}rubs

®)

Figure 13. The relationship between measured and
predicted y in method D.
(A) Before omitting the samples diagnosed as abnormal
(red circles). (B) After omitting the samples diagnosed as

abnormal. [Color figure can be viewed in the online
issue, which is available at www.interscience.wiley.com.]

96 DOI 10.1002/aic

Published on behalf of the AIChE

objective variable
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Figure 14. Fault detection in method D.

Samples diagnosed as abnormal by the prediction error of
y (red circles). Samples diagnosed as abnormal by ICA-
based fault detection and classification model (black aster-
isks). [Color figure can be viewed in the online issue,
which is available at www.interscience.wiley.com.]

fied as fault of y, that is, the concentration analyzer. The
samples around 5600 could be also detected as abnormal by
the ICA model. It is nonsteady state caused by the variation
of liquid level. The nonsteady state samples unconcerned
with y can decrease the predictive ability of the PLS model.
Then, by using the ICA model, the nonsteady state could be
detected as abnormal and the degradation of soft sensor
model could be prevented. It was shown that we could
comprehend the state of plant by the ICA model and estimate
y by the PLS model, updating it appropriately.

Conclusion

To increase prediction ability and fault detection ability,
we have developed the new soft sensor method that com-
bines ICA and PLS. By using the ICA method, independent
components were extracted from explanatory variables and
we selected independent components which were sensitive to
the same outliers because independent components were
mutually independent and sensitive to outliers. Then, we
classified the reason of abnormal situation by using these
components. By using the ICA-based fault detection and
classification model, the objective variable could be pre-
dicted, updating the PLS model with only normal samples.

We analyzed real industrial data as the application of the
proposed method and confirmed superiority of the proposed
method over traditional methods. It was shown that we could
comprehend the state of plant by the ICA model and estimate
y by the PLS model, updating it appropriately. Furthermore,
by using the ICA-based fault detection and classification
model, the nonsteady state, which could not be detected as
abnormal by the prediction error of y, could be detected.

The selection of independent components has arbitrary
property. Someone who constructs the ICA-based fault detec-
tion and classification model must select independent compo-
nents, manually. Therefore, it is desired that independent
components be selected automatically by using some sort of
measure. The fourth-order central moment and validation
data might be used as the measure. In this paper, only the
PLS model is updated online. However, by updating also the
ICA model appropriately, fault detection ability will rise and
the model will be in no need of maintenance.

To prevent occurring overfitting, we used a linear regres-
sion method, PLS. Many nonlinear regression methods are

January 2009 Vol. 55, No. 1 AIChE Journal



reported to construct soft sensor models. A linear model
could not represent all the relationships among process varia-
bles. Therefore, prediction ability will rise by taking well
into account nonlinearity, for example, using nonlinear
regression methods, constructing multiple models, and so on.

The proposed method could be applied to not only the

analyses of the distillation column but also the other time se-
ries analyses. By applying this method to process control,
plants could be operated stably.
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