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Soft sensors have been used in industrial plants to estimate process variables that are difficult to measure online. Soft
sensor models predicting an objective variable should be constructed with only important explanatory variables in terms of
predictive ability, better interpretation of models and lower measurement costs. Besides, some process variables can affect
an objective variable with time-delays. Therefore, we have proposed the methods for selecting important process variables
and optimal time-delays of each variable simultaneously, by modifying the genetic algorithm-based wavelength selection
method that is one of the wavelength selection methods in spectrum analysis. The proposed methods can select time-regions
of process variables as a unit by using process data that includes process variables that are delayed in the range from zero
to a set/given maximum value. The case study with simulation data and real industrial data confirmed that predictive, easy-
to-interpret, and appropriate models were constructed using the proposed methods. © 2012 American Institute of Chemical

Engineers AIChE J, 58: 1829-1840, 2012
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Introduction

Plant operators have to monitor the operating conditions
of industrial plants and control process variables, such as
temperature, pressure, liquid level, and concentration of
products. These variables, therefore, must be measured
online. However, it is not easy to measure all variables
online due to technological limitations, large measurement
delays, and high investment costs. Thus, soft sensors have
been widely used to estimate process variables that are diffi-
cult to measure online.' An inferential model is constructed
between those variables that are easy to measure online and
those that are not, and an objective variable y is then esti-
mated using that model. Through the use of soft sensors, the
values of objective variables can be estimated with a high
degree of accuracy in real-time. In addition, soft sensors can
give useful information in terms of fault detection by work-
ing with hardware sensors in parallel.**

It is often the case that the number of explanatory varia-
bles (X-variables) is very large and there is high correlation
among X-variables when process data is analyzed for the
construction of soft sensor models. For instance, modeling a
relationship between X and y is done by using multiple lin-
ear regression (MLR), which works well as long as X-varia-
bles are few and uncorrelated. It is impossible for MLR to
construct a regression model when the number of X-varia-
bles is more than the number of samples and a model is
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likely to be unsteady using highly correlated X-variables.
Thus, the principal component regression method” and the
partial least-squares (PLS) method® are widely used under
such situations. Since the score matrix T translated from X
is dimensionally reduced and mutually orthogonal, a stable
model would be constructed even when the number of X-
variables is larger than the number of samples.

In addition, Chong and Jun’ remarked that process engi-
neers are often interested in finding the few vital X-variables
that would be most influential on a y-variable.” In PLS mod-
eling, standard regression coefficients’ and the variable im-
portance in the projection (VIP) scores® are used as impor-
tance measures of X-variables for a y-variable. However, it
is dangerous for regression coefficients to be simply consid-
ered as important for each variable because there is high cor-
relation among X-variables® and VIP can find variables that
are important not only for prediction but also for describing
X-variables.” When soft sensor models are reconstructed
with such process data, dramatic changes in these measures
make it difficult for process engineers to find important
X-variables and obtain process knowledge from the models.

Variable selection, therefore, has been widely focused to
obtain improvement of the predictive ability, a better inter-
pretation, or lower measurement costs.’ In fact, models with
higher accuracy and smaller number of X-variables are
examined by using variable selection methods such as the
least absolute shrinkage and selection operator (Lasso)
method'® and stepwise selection methods.'' Some of the
methods do not consider predictive accuracy but only fitting
accuracy in variable selection while the stepwise selection
method using the root-mean-squared error of cross validation
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(RMSEcy) shown in Appendix as a criterion can take pre-
dictive accuracy into account, for example. In addition, it is
probably difficult for stepwise selection methods to choose
important combinations of X-variables because each variable
is selected one by one. Meanwhile, the genetic algorithm-
based PLS (GAPLS) method,'? a variable selection method
applying GA, aims to select important combinations of vari-
ables. A set of variables that is able to construct the PLS
model having the optimum ¢” value, as explained in Appen-
dix, can be obtained by using the GAPLS method. However,
if the number of X-variables is large, the same variables can-
not be selected after every GAPLS calculation, since the
results are inconsistent, the number of selected variables can
be still large, and it is very hard for process engineers to
interpret GAPLS models and extract useful information from
them.

Moreover, some process variables can affect a y-variable
with a time-delay, that is, a time-delayed process variable
having a stronger relationship with a y-variable than the non-
delayed process variable. Therefore, the predictive accuracy
of soft sensor models changes through the setting of time-
delays.13 Though it is expected that the selection of optimum
time-delays of each process variable will improve predictive
accuracy and interpretability of soft sensor models, there is
very high correlation among time-delayed process variables
and this makes it difficult to select the optimum values. In
some studies, soft sensor models are constructed using
process dynamics13 and in others, the selection of process
variables is used to increase the predictive accuracy.m’15
However, no one has yet realized the optimization of both
considerations in process dynamics and process variable
selection.

In view of this, we have attempted to select process varia-
bles and process dynamics in plants, that is, optimal time-
delays of each process variable, in a simultaneous fashion.
In the field of spectrum analysis, data are analyzed in which
there is high correlation among wavelengths, and much
attention has been given to wavelength selection, by using
wavelength regions as a unit of measurement. For example,
stacked PLS (SPLS),16 searching combination moving win-
dow PLS (SCMWPLS),'® and genetic algorithm-based wave-
length selection (GAWLS)"” were proposed as region selec-
tion methods. Arakawa et al.,'” carried out multiple case
studies and concluded that GAWLS works better than SPLS
or SCMWPLS in terms of predictive accuracy. GAWLS is
one of the variable selection methods that are used for spec-
trum data. By using a genetic algorithm, it can select wave-
lengths with important information using regions as a unit of
measurement.

In this study, the GAWLS method was applied to process
data to incorporate information on process variables and pro-
cess dynamics into soft sensor models, simultaneously. We
have named this method as genetic algorithm-based process
variables and dynamics selection (GAVDS) method because
it involves selecting objects that are not wavelengths but
process variables and dynamics, though the concept of
GAVDS is identical with that of GAWLS. The GAVDS
method treats process data represented in Figure 1 and
involves all X-variables that are delayed in the range from
zero to a set/given maximum value, and we are then able to
select a number of time regions for each important variable.

We have also modified the GAVDS method to use aver-
ages of selected variables, that is, selected time regions as
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Figure 1. A data representation, considering process
variables and dynamics.
The total number of X-variables is (¢, + 1) + (&, + 1) +

... + (¢, + 1). [Color figure can be viewed in the online
issue, which is available at wileyonlinelibrary.com.]

input variables of a regression model. This method is called
average GAVDS (aGAVDS). By using averages of selected
variables, the number of input variables is the same as the
number of time regions and thereby a reduction in the num-
ber of selected variables can be achieved. Traditional meth-
ods for process variable selection such as the Lasso method,
stepwise selection method, and the GAPLS method did not
consider adjacent variables that are similarly time-delayed
process variables and it is difficult to select process variables
with consideration of the process dynamics. Models con-
structed with a small number of X-variables by using
GAVDS or aGAVDS will make interpretation easier and
will lead to further consideration of final explanatory varia-
bles for the construction of soft sensors. Additionally, we are
able to decrease the amount of uncertainty in parameters and
effort put into the maintenance of soft sensor models during
model reconstruction by using the proposed methods.

To verify the usefulness of the proposed methods, we
applied them to simulation data and real industrial data. We
analyzed the simulation data where X-variables have high
correlation and time-delayed variables have coefficients of
the contribution to y. The data obtained from the operation
of the distillation column at the Mizushima works, Mitsu-
bishi Chemical Corporation. Figure 1 shows the data format
used in this study. By using this data format, we compared
the standard regression coefficients and the VIP values of
the PLS models, the Lasso method, the stepwise selection
methods, the GAPLS method, the GAVDS method, and the
aGAVDS method.

Method
PLS*

PLS is a method for relating explanatory variables, X, and
an objective variable, y, using a linear multivariate model.
The approach goes beyond traditional regression methods in
that it also models the structures of X and y. In PLS model-
ing, the covariance between y and the score vector t; is
maximized. A PLS model has higher predictive power than
ordinary least-squares models.'®

A PLS model consists of the following two equations

X=TP +E %)
y=Tq+f ()

where T is a score matrix, P is an X-loading matrix, q is a
y-loading vector, E is a matrix of X residuals, and f is the
vector of y residuals. The PLS regression model is as follows
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y = Xb + const 3)
b=WPW) 'q 4

where W is an X-weight matrix and b is a vector of regression
coefficients. To construct a highly predictive model, the
number of components in the PLS models must be chosen
appropriately. In this study, the q2 values were used as the
measure and defined in Appendix. The optimum number of
components was determined by the first local maximum of ¢>.

Standard regression coefficients’ and the VIP score® are
used as the measure of the importance of X-variables. The
VIP score for the ith variable is defined as follows

A

e = o3 {ssta) (o InF)} /3800t

Jj=1

where p is the number of X-variables and A is the number of
latent variables.

Lasso®®

Lasso is one of regularized least-squares methods and for
calculation of regression coefficients b in Eq. 3 minimizes
the regularized error function as follows

Ly = xp+ 23 by @
2 y 2i:l l

where 4 is the regularization coefficient that controls the
relative importance of the sum-of-squares error and sum of the
absolute value of b;. The Lasso method has the property that
some of the values of b; are likely to be zero, which means
variable selection, if 4 is sufficiently large because of the
constraint of the regularization term in Eq. 7. Minimizing Eq.
7 is equal to the following optimization problem:
Minimize

1
5 lly = Xb|* ®

subject to
P
D lbil < ©)
i=1

Where 7 is a constant. The optimum # value was determined
by the best q2 value when it changes from O to 10 in incre-
ments of 0.5 in this study.

Stepwise selection!

The stepwise selection method is one of the variable
selection methods and aims to find a subset of explanatory
variables that best meet an objective criterion. An explana-
tory variable can be added or dropped at each step in a step-
wise manner, until the value of a criterion can no longer be
improved. In this study, Mallows’ Cp (Cp),'® Akaike’s infor-
mation criterion (AIC),20 Bayesian information criterion
(BIC),21 or RMSEy, shown in Appendix is used as a crite-
rion so as to consider the diversity of the stepwise selection
methods. In addition, we compared the forward—backward
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This is the case when the number of regions is 3.

stepwise selection (FB), which begins with no explanatory
variables in a model, and the backward—forward stepwise
selection (BF), which begins with a model consisting of all
explanatory variables.

GAPLS"

One of the methods used to select important variables
from X-variables is GAPLS. A genetic algorithm22 is an
optimization method that is used in biology to model princi-
ples of natural evolution. Species having a high level of fit-
ness under certain environmental conditions can prevail in
the next generation, and the best species may be reproduced
by crossover together with the random mutation of chromo-
somes in those species that survive. The solution space
around superior individuals is searched for preferentially,
which leads to the discovery of a solution that is close to the
optimum.

GAPLS is a variable selection method that applies GA.
Each of the X-variables is assigned to a bit of the chromo-
some, and a set of variables that is able to construct the opti-
mum PLS model is searched for. The 12, value, which is
calculated using a cross-validation method such as leave-
one-out, is used as a fitness value of the chromosome. In
this way, a model with high predictive accuracy is obtained.
In this study, GAPLS is applied to data that includes all the
explanatory variables that delay in the range from zero to a
set/given maximum value as shown in Figure 1.

GAVDS and aGAVDS

GAWLS'" is one of the methods that is used to select
combinations of important variables from X-variables using
regions as a unit of measurement. GA is applied to select
variables as it is in GAPLS. Figure 2 shows the coding
method for GAWLS. Two actual values of a chromosome
represent one region of variables. Hence, GAWLS can select
important variables using regions as a unit of measurement.
In Figure 2, the number of selected variables is 65 through
76, 657 through 681, and 890 through 903, and the number
of regions is 3. The rZy value is used as a fitness value of
the chromosome as it is in GAPLS.

The GAVDS and aGAVDS methods are the modified
methods of GAWLS applied to the process data represented
in Figure 1 and can select process variables and dynamics
simultaneously. Figure 3 shows the basic concept of these
methods. In GAVDS and aGAVDS, variables are not
selected across different process variables with one region.
For GAVDS, selected variables are directly used as input
variables of a regression model, but for aGAVDS, each aver-
age of selected variables in each region is used, that is, the
number of input variables is 3, as shown in Figure 3. An
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Figure 3. The basic concept of GAVDS and aGAVDS.

This is the case when the number of regions is 3. [Color
figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]

aGAVDS model can be simpler than that of GAVDS
because the number of input variables to a regression model
is the same as the number of regions by using averages of
each region in the aGAVDS case. However, since informa-
tion of process dynamics is summarized as an average, the
aGAVDS method can put less dynamics information into a
soft sensor model can the GAVDS method.

In processes that include all explanatory variables that
delay in the range from zero to a set/given maximum value,
the variables are highly correlated, so it is reasonable to
expect that some time ranges would affect an objective vari-
able. The regression models can, therefore, be improved
without overfitting, and both the significant process variables
and the time ranges that are important for objective variables
can be found simultaneously. By changing the parameters of
GAVDS and aGAVDS such as the maximum time-delay ¢;,
the maximum width of regions and the number of regions,
variables such as plant properties, process knowledge, and
experience of process engineers can be easily and directly
incorporated into constructed models. Moreover, models
with a small number of X-variables by using GAVDS or
aGAVDS would make it easy to interpret the models and
would lead to final explanatory variables for the construction
of soft sensors. In addition, the amount of uncertainty in pa-
rameters and effort put into the maintenance of soft sensor
models during model reconstruction would also be reduced.

Results and Discussion

We applied the proposed methods to both simulation data and
real industrial data to verify their effectiveness. In the analysis
of industrial data, regression models were based on the time
difference of X and y for reducing the effects of deterioration
with age such as drift and gradual changes in the state of plants
without reconstruction of the models® in this case study.

Modeling of the simulation data

A pair of neighboring X-variables often has high correla-
tion in the field of soft sensors. To achieve such correlation,
an ith X-variable, x;, was set as

Table 1. Three Normal Distributions used for the Simulation

Data
Mean Variance
A 10 delay in x, 40
B 15 delay in x; 40
C 5 delay in x5 60
1832 DOI 10.1002/aic Published on behalf of the AIChE

U(0,1)
xi = { 0.95x1 + 0.05U(0,
0.95x;_; + 0.05U(0,

(i=p)
) (i=p+Lp+2,.p+q)
(10)

where U(0,1) is a vector of uniform pseudorandom numbers
ranging from O to 1; and p and ¢ are the natural numbers. In
this case study, p = 4, ¢ = 3, and hence, seven variables were
prepared. In addition, each x; included time-delayed variables.
The r-delayed variable of x;, x;(r), is given as follows

(r=0)

r=1,2,..4) D

x;(r) = { 3f95x,.(,~ — 1) +0.05U(0, 1)

In this article, #q, 5, ..., and #; were set as 20, that is, the
number of X-variables was 147 (=7 x 21). Pairs of X-varia-
bles whose numbers of i and r are close have high correla-
tion coefficients and those of separate variables have little
correlation.

To consider the dynamics of the contribution of X-varia-
bles to y, we examined the case where y is a linear combina-
tion of X and its coefficients are set as parts of three normal
distributions of the probability density, as given in Table 1.
The coefficients of normal distributions A, B, and C are 2, 3,
and 2, respectively. Figure 4 shows the coefficients of the
contributions of each X-variable to y.

Random numbers from a normal distribution with standard
deviation of 0.1 and mean of zero were finally added to X
and y as noise. The numbers of training data and test data
were both set as 100.

The modeling and predictive results of PLS, Lasso, step-
wise, GAPLS, GAVDS, and aGAVDS are given in Table 2.
The details of * and r&y are explained in Appendix. rgred rep-
resents values of /> calculated from test data. The results of
RMSEcy in the FB stepwise and Cp in the BF stepwise were
the same as those of Cp in the FB stepwise and the only one
variable was selected from 147 variables. Meanwhile, in the
BF stepwise methods, all variables were selected from 147
variables for AIC, BIC, and RMSE(v, that is, the results were
identical to those before variable selection.

We used the Genetic Algorithm Optimizing Toolbox for
MATLABS** for the calculations of GAPLS, GAVDS, and
aGAVDS. A ¢* value calculated with five-fold cross-valida-
tion was used as an evaluation function of the chromosome.
The number of generations was set to 1000, and the number
of populations was set to 500. The probability of crossover
and the probability of mutation were given as default values.
In this case study, the maximum size of regions was set as
20 and the number of regions was set as 3 for GAVDS and

0.2

= 015}

01

oefficient to y

<

0.05

0

X, Xa Xy Xy Xg Xg X+
Figure 4. Coefficients of the contributions of each
X-variable to y.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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Table 2. Modeling and Prediction Results for the Simulation Data

#selvar* AT ” 2y I e

No variable selection 147 3 0.989 0.986 0.983

Lasso 54 15 0.996 0.982 0.975

FB Cp 1 1 0.954 0.953 0.948

AIC 99 1 0.962 0.960 0.966

BIC 15 1 0.979 0.978 0.975

GAPLS Average 73 3.6 0.991 0.987 0.983
Std. dev. 6.7 0.7 9.9 x 107* 92 x 107* 1.1x 1073

GAVDS #reg" = 3 Average 26 1.7 0.988 0.987 0.984
Std. dev. 6.6 0.8 6.1 x 107* 78 x 107* 9.6 x 10°*

aGAVDS #reg" = 3 Average 26 1.1 0.988 0.988 0.985
Std. dev. 2.3 0.5 3.1 x 107* 48 x 1074 48 x 1074

*The number of selected variables.
"The 5 value for Lasso and the number of latent variables for the others.
“The number of regions.

aGAVDS. We performed 50 calculations and the averages
and standard deviations of these 50 calculations are given in
Table 2 for GAPLS, GAVDS, and aGAVDS.

As shown in Table 2, the r2, rév, and rrz,red values of Cp
and AIC in the FB stepwise were lower than those obtained
before variable selection. Appropriate variable selection was
not performed by using those methods. The performance of
the models for Lasso and BIC in the FB stepwise were
slightly lower than that of PLS, that is, before variable selec-
tion, whereas the models for the other variable selection
methods had almost same accuracy and predictive ability as
seen with PLS.

Figure 5 shows the standard regression coefficients of
each variable about the PLS model and the Lasso model and
the VIP values of each variable about the PLS model. Figure
5a is complicated and the standard regression coefficients of
some X-variables are negative though true coefficients to y
are zero or positive. Figure 5b is completely different from
Figure 4 and the VIP values of the PLS model could not
reflect the contribution of X-variables to y. For the Lasso
model, the variable selection was carried out for all kinds of
X;, and, therefore, unnecessary variables remained. Figure 5c
is also too complicated to analyze and search for important
variables.

The frequency of each variable about the 50 GAPLS,
GAVDS, and aGAVDS models are shown in Figure 6. The
selected variables were not consistent using the GAPLS
method. Meanwhile, by using GAVDS and aGAVDS, the
results were consistent and only important variables that
have high peaks in Figure 4 were selected with consideration
of the dynamics.

We investigated the performance of each method, chang-
ing the amount of standard deviation of noise. The inferior-
to-superior relationships among the methods shown in Table
2 were almost identical. The PLS method was one of the
methods having the highest accuracy and the best predictive
ability in this case study. Not all X-variables contributed to
y, but many X-variables have strong correlation with the X-
variables having high coefficients of the contribution to y.
Hence, the X-variables that did not contribute to y had rela-
tionships with y. The PLS method could model the relation-
ship between y and all X-variables, considering the correla-
tion among X-variables appropriately.

Even in this situation, the GAVDS and aGAVDS methods
could select the significant variable regions where the contri-
butions to y were high in Table 2, as shown in Figure 6. We
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confirmed that the proposed methods can achieve appropriate
selection of process variables and the dynamics in a simulta-
neous manner.
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Figure 5. Standard regression coefficients of each vari-
able about the PLS model and the Lasso
model and the VIP values of each variable
about the PLS model for the simulation data.

tandard regression coefficient
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(a) Standard regression coefficients about the PLS model.
(b) VIP values. (¢) Standard regression coefficients about
the Lasso model. [Color figure can be viewed in the online
issue, which is available at wileyonlinelibrary.com.]
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Figure 6. Frequency of each variable about the 50
GAPLS, GAVDS, and aGAVDS models.
(a) GAPLS. (b) GAVDS. (¢) aGAVDS. [Color figure can

be viewed in the online issue, which is available at
wileyonlinelibrary.com.]

Application to Distillation Column

We analyzed the data obtained from the operation of a dis-
tillation column at Mizushima works, Mitsubishi Chemical
Corporation. Figure 7 shows a schematic representation of
the distillation column and Table 3 shows the process varia-

_@

OO0

S

Figure 7. A schematic representation of the distillation
column.
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Table 3. Process Variables

Symbol Objective Variable
A Bottom product concentration

No Symbol Explanatory variables
1 F, Reflux flow
2 F, Reboiler flow
3 F5 Feed 1 flow
4 Fy Feed 2 flow
5 Fs Bottom flow
6 Fe Top flow
7 L, Liquid level
8 Py Pressure 1
9 P, Pressure 2
10 T, Temperature 1
11 T, Temperature 2
12 Ts Temperature 3
13 Ty Temperature 4
14 Ts Bottom temperature
15 Ts Feed 1 temperature
16 T7 Feed 2 temperature
17 Tg Top temperature
18 F4F3 =R Reflux ratio
19 F\/F¢=F Feed flow ratio

bles. An objective variable that represents the concentration
of the bottom product having a lower boiling point, and ex-
planatory variables that represent 19 variables such as tem-
perature and pressure were used. The input variables are F3
and F,, and the operational variables are F'; and F,. The mea-
surement interval of y is 30 min and that of X is 1 min. We
collected data from monitoring that took place from 2002 to
2006, and used data from January to March 2003 for training
data because plant tests took place and data from April 2003
to December 2006 for test data. Basically, a plant inspection
took place every year. Data that reflects variations caused by
y-analyzer faults were eliminated in advance.

To incorporate the dynamics of process variables into soft
sensor models, X included each process variable that was
time-delayed as shown in Figure 1. We considered the two
cases described as follows. First, the 1159 explanatory varia-
bles are the ones including each process variable that was
delayed for durations ranging from O min through 60 min in
steps of 1 min, that is, t; = t, = ... =, = 60 and the time
interval of each process variable is 1 min in Figure 1 (1159
= 19 x 61). Next, the 133 explanatory variables are the
ones including in each process variable that was delayed for
durations ranging from 0 min through 60 min in steps of 10
min, that is, t; = t, = ... = t, = 60 and the time interval of
each process variable is 10 min in Figure 1 (133 = 19 x 7),
which means rough variable selection is performed in
advance. For the GA-based methods, the results of only the
1159 variables were compared.

First, the PLS method was used to construct the regression
models with all X-variables because the support vector
regression25 model had almost the same predictive accuracy
as that of PLS for this distillation column.* Table 4 shows
the modeling results. The details of the statistics are
explained in Appendix. The number of X-variables did not
significantly affect the statistics and the models were predic-
tive to some extent. The standard regression coefficients of
each X-variable by each PLS model are shown in Figure 8.
The figures seem to be complicated, and in addition, the pat-
tern of positive and negative coefficients is not consistent
even for the same variables. Indeed, the regression
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Table 4. Modeling Results for the Industrial Data

#var® #selvar’ Af P RMSE 7 RMSEcy

No variable selection 1159 1159 0.987 0.135 0.986 0.142

133 133 12 0.985 0.144 0.985 0.149

Lasso 1159 380 45 0.979 0.127 0.986 0.142

133 98 35 0.985 0.144 0.985 0.149

FB Cp 1159 1 0.968 0.214 0.968 0.214

133 1 0.967 0.217 0.967 0.218

AIC 1159 227 0.988 0.129 0.987 0.138

133 53 0.985 0.146 0.985 0.148

BIC 1159 39 0.986 0.141 0.985 0.141

133 25 0.984 0.151 0.984 0.152

GAPLS Average 1159 360.7 9.2 0.987 0.137 0.986 0.144
Std. dev. 5.4 0.63 1.4 x 107* 7.4 x 107* 1.8 x 107* 8.7 x 107*

GAVDS #reg® = 5 Average 1159 87 49 0.983 0.157 0.983 0.158
Std. dev. 6.6 43 x 1074 20 x 1073 44 x 1074 2.0 % 1072

GAVDS #reg® = 10 Average 1159 126 0.985 0.147 0.984 0.149
Std. dev. 18 40 x 1074 1.9 x 1073 4.1 x 107* 1.9 x 1072

GAVDS #reg® = 15 Average 1159 157 0.985 1.45 0.985 0.147
Std. dev. 30 32 % 107 1.6 x 1073 3.0 x 107* 1.5 x 1072

aGAVDS #reg® = 5 Average 1159 5 0.983 0.158 0.983 0.158
Std. dev. 0 6.6 x 107* 3.0 x 1073 6.7 x 107* 3.0 x 1072

aGAVDS #reg® = 10 Average 1159 10 0.985 0.149 0.984 0.149
Std. dev. 0 . 23 x 107* 1.1 x 1073 22 % 107* 1.1 x 1073

aGAVDS #reg® = 15 Average 1159 15 104 0.985 0.145 0.985 0.146
Std. dev. 0 29 x 107* 14 x 1073 3.0 x 107* 1.5 x 1072

*The number of X-variables.
"The number of selected variables.

“The  value for Lasso and the number of latent variables for the others.
SThe number of regions.

coefficients did not conform to process knowledge and they
changed dramatically if the models were updated because of
the collinearity or multicollinearity of X-variables. We judge
that these models were, therefore, impractical and it is
difficult to extract information on process knowledge from
them.

Figure 9 shows the VIP values of each X-variable by each
PLS model. In almost all process variables, there seemed to
be multiple peaks of the VIP values. This arises from the
effect of autocorrelation because time-delayed variables are
highly correlated with each other, as is often observed in
process data. For the point of view of reducing the number
of X-variables, some variables around just one of the peaks
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Figure 8. The standard regression coefficients of each
variable about the PLS models before vari-
able selection.

(a) 1159 variables. (b) 133 variables. [Color figure can

be viewed in the online issue, which is available at
wileyonlinelibrary.com.]
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should be selected from certain process variables. However,
if the threshold of VIP values is set as 1,” variables around
more than two peaks are selected from a process variable,
and then, the number of X-variables is still large. We, there-
fore, attempted to select important variables with considera-
tion of the process dynamics.

First, Lasso was used to select variables from 1159 or 133
variables and Table 2 shows the results. The selected varia-
bles imply that their regression coefficients were not zero.
The r2, root-mean-square error (RMSE), I%V, and RMSEcy

F6 L1 F1 P2 T3T4T5 T6 T7T T8 R F

| | | ‘
F

R P PR PP FLEAPTI T ISTET 18 R
(b)
Figure 9. The VIP values of each variable about the
PLS models before variable selection.
(a) 1159 variables. (b) 133 variables. [Color figure can

be viewed in the online issue, which is available at
wileyonlinelibrary.com.]
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Figure 10. The standard regression coefficients of
each variable about the Lasso models.
(a) 1159 variables. (b) 133 variables. [Color figure can

be viewed in the online issue, which is available at
wileyonlinelibrary.com.]

values did not change much compared with those found
before variable selection. By using Lasso, the X-variables
used for each regression model could be reduced from 1159
to 380 and from 133 to 98 while the predictive accuracy of
each model did not decrease. The standard regression coeffi-
cients of each Lasso model are shown in Figure 10. The
results were simpler than those of Figure 8 that represents
the results before variable selection. However, time-delayed
variables were selected from almost all process variables and
the number of variables was still large. Furthermore, the pattern
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Figure 11. The standard regression coefficients of
each variable about the PLS models after
FB stepwise selection using AIC.

(a) 1159 variables. (b) 133 variables. [Color figure can
be viewed in the online issue, which is available at
wileyonlinelibrary.com.]
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Figure 12. The standard regression coefficients of
each variable about the PLS models after
FB stepwise selection using BIC.
(a) 1159 variables. (b) 133 variables. [Color figure can

be viewed in the online issue, which is available at
wileyonlinelibrary.com.]

of positive and negative coefficients is not consistent even for
the same variables as was also seen before variable selection.
The results of the variable selection with the stepwise
methods are shown in Table 4. In the FB stepwise method,
the result of RMSEcy was the same as that of Cp and the
one variable was selected from 1159 or 133 variables. The
selected variables were 18 min delayed Temperature 1 (7)
for 1159 variables and 20 min delayed T, for 133 variables.
The RMSE and RMSEcy values were larger than those of
the other methods, and the number of variables must be too
small in those cases. When AIC was used as a criterion, 227
variables were selected from 1159 variables and 53 variables
from 133 variables; when BIC was used as a criterion, 39
variables were selected from 1159 variables and 25 variables
from 133 variables as shown in Table 4. Smaller sets of var-
iables were selected by the FB stepwise with AIC or BIC
than by Lasso while the predictive accuracy was almost the
same. Figures 11 and 12 show the standard regression coeffi-
cients of each variable by the PLS models after the FB step-
wise selection using AIC and BIC, respectively. The figures
of AIC were simpler than those found before variable selec-
tion and almost same as those of Lasso. While no time-
delayed variables were selected from Reflux flow (F,), Feed
1 flow (F3), and Feed flow ratio (F) for 133 variables from
Figure 11b, the time-delayed variables were selected from
all process variables for 1159 variables from Figure 1la.
Using BIC, the simpler models could be constructed than
was the case with the use of AIC. However, many kinds of
process variables were selected; the time-delays were chosen
discontinuously; and the results were not consistent. Pressure
1 (Py) was selected from 1159 variables, but was not
selected from 133 variables and Top flow (F¢) was selected
from 133 variables, but not from 1159 variables, for exam-
ple. Meanwhile, in the BF stepwise methods, all variables
were selected from either 1159 or 133 variables for Cp,
AIC, BIC, and RMSE(y, that is, the results are identical to

June 2012 Vol. 58, No. 6 AIChE Journal
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Figure 13. The selected frequency of each variable
about 50 GAPLS models.

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

those obtained before variable selection. By using the step-
wise methods, reasonable selection was not achieved for the
construction of proper soft sensor models.

GAPLS was carried out to select variables from 1159 vari-
ables. The number of generations and populations were set
to 1000 and 500, respectively. The other set values of GA
were the same as those used in the analysis of the simulation
data. Table 4 shows the averages and the standard deviations
of 10 calculation results for GAPLS. The accuracy and pre-
dictive accuracy of GAPLS models were almost the same as
those before variable selection as reflected in the r* and 12y
values. About 360 variables were selected on average and
the number of selected variables did not vary widely. Subse-
quently, additional calculations of GAPLS were performed,
and the selected frequency of each variable about the 50
GAPLS models is shown in Figure 13. This figure indicates
that the selected variables were not consistent using the
GAPLS method. The diverse solutions of GAPLS derive
from the large number of X-variables and the collinearity or
the multicollinearity of them, as is commonly seen with pro-
cess data. Therefore, GAPLS results and those of the tradi-
tional methods that we described above make it difficult for
process engineers to consider the final explanatory variables
used to construct a detailed soft sensor model.

Lastly, variable selection was performed by using GAVDS
and aGAVDS. The number of generations was set to 500
and the other setting values of GA were the same as those
used for GAPLS. In this study, the maximum size of regions
was set as 20 and the numbers of regions was 5, 10, or 15,
with 10 calculations being performed in each setting. The
modeling results of GAVDS and aGAVDS are shown in
Table 2. For both GAVDS and aGAVDS, the 12, values
seemed to be relatively small and the RMSEcy values
seemed to be relatively large compared to other results when
the number of regions was small, but the difference was
very small and the GAVDS and aGAVDS models whose
number of regions is 5 displayed almost the same degree of
accuracy and predictive accuracy as those before variable
selection. Using GAVDS and aGAVDS, predictive models
could be constructed with only 5 time-regions.

The examples of standard regression coefficients of each
variable about a GAVDS model and an aGAVDS model are
shown in Figure 14. These are the cases in which the number
of windows is 5. For the GAVDS model, the figure is clear
and the coefficients are almost consistent for each variable,
but the pattern of positive and negative coefficients is not con-
sistent for T, which probably arose as a result of the high col-
linearity of the time-delayed variables. The standard regres-
sion coefficients in the same regions of an aGAVDS model
are constant because the aGAVDS method uses averages of
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regions as input variables. Of course, it is dangerous to simply
consider these regression coefficients as important for each
variable because there are correlations in X-variables; how-
ever, it is clear that the models are easier to interpret and
make it easier for process engineers to consider the final pro-
cess variables and their time-delay used in constructing a soft
sensor model in detail than do those obtained before variable
selection. The proposed methods could reduce 1159 variables
to only 5 regions without decreasing the predictive ability.

Figure 15 shows the selected frequency of each variable
about the 50 GAVDS models after additional calculations
when the numbers of regions are 5, 10, or 15. The kinds of
selected process variables increased as the number of regions
increased, but the peak positions and the forms of the fre-
quencies were similar among these cases, which supported
the robustness and the consistency of GAVDS. In Figures
15a—c, there seemed to be two peaks for 7T';, which is more
correlated with y than the other process variables in this
case study. This high correlation probably reflects the auto-
correlation inherent in this study. Meanwhile, Feed 2 flow
(F4) and Feed 2 temperature (757) were selected many times
while F3 and Feed 1 temperature (T) were rarely selected.
These high and low frequencies of both of the variables
measured at the same feed input confirmed that the proposed
method could produce significant and reasonable results.
Figure 16 shows the frequency of each variable about the 50
aGAVDS models after the additional calculations, when the
numbers of regions are 5, 10, or 15 as well as GAVDS. The
forms of the frequencies were similar to those of GAVDS,
which confirmed that the GAVDS and aGAVDS methods
were robust regarding the change in the number of regions.
In this case study, we used 5, 10, or 15 as the number of
regions for GAVDS and aGAVDS, but by changing the
number of regions, it is easy for process engineers to pro-
duce many kinds of soft sensor models into which plant
properties, process knowledge, experience of process engi-
neers, and others can be directly incorporated.
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Figure 14. The standard regression coefficients of
each variable about a GAVDS model and an
aGAVDS model.

The number of regions is 5. (a) GAVDS. (b) aGAVDS.
[Color figure can be viewed in the online issue, which
is available at wileyonlinelibrary.com.]
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Figure 15. The selected frequency of each variable
about the 50 GAVDS models.
The number of regions is 5, 10, or 15 as indicated. (a)
The number of regions is 5. (b) The number of regions
is 10. (¢) The number of regions is 15. [Color figure
can be viewed in the online issue, which is available at
wileyonlinelibrary.com.]

We checked the predictive accuracy for each year of each
method. The prediction results are shown in Table 5. When
the FB stepwise selection method with Cp was used and
only 1 explanatory variable was selected for construction of
regression models, the RMSE values in each year were
larger than the others. However, the predictive accuracy of
the other models were comparable in whole years as shown
in the RMSE values in Table 5. The reduction of explana-
tory variables could be achieved without decreasing predic-
tive accuracy by using each variable selection method. In
addition, the GAVDS and aGAVDS models had the same
predictive accuracy as others with only 5 regions of X-varia-
bles. We can, therefore, conclude that these models were
easy to interpret and handle for further evaluation leading to
the final soft sensor model, and could also be readily main-
tained for construction of appropriate models through use of
the GAVDS and aGAVDS methods.

The PLS method was one of the methods having the highest
accuracy and the best predictive ability in this analysis. This
situation is probably the same as that found with the simula-
tion data. Not all X-variables will contribute to y, but many
X-variables have a strong correlation with the X-variables
having high contribution to y, and, therefore, the X-variables
that did not contribute to y had relationships with y. The PLS
method could model the relationship between y and all X-var-
iables, considering the correlation among X-variables appro-
priately. Even with the industrial data, the GAVDS and
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aGAVDS methods could achieve the appropriate selection of
process variables and the dynamics, simultaneously.

Conclusion

In this article, we have proposed the GAVDS and
aGAVDS methods for selecting important variables and
evaluating process dynamics simultaneously by modifying
the GAWLS method. These methods can select time-regions
of process variables as a unit by using process data that
includes process variables that delay in the range from zero
to a set/given maximum value. Through the analysis of the
simulation data, we verified that the proposed methods could
construct the regression models with high accuracy and high
predictive ability and select important variable-regions even
in the presence of the collinearity among X-variables and
noise. Additionally, the modeling results of real industrial
data confirmed that predictive accuracy of the proposed
models was comparable with those of the traditional meth-
ods, but were easy-to-interpret, and appropriate models were
constructed using the proposed methods with only 5 time-
regions. This will lead to improved interpretation and lower
measurement costs. By making changes in the number of
regions and checking the standard regression coefficients, the
accuracy of the models, and other statistics, the soft sensor
model can be easily optimized with implications for plant

FlL 2 FAFAF5F6 LI Pl P2 TI T2 T3T4ATS5T6T7T T8 R F

frequency

FIF2 F3FATF5F6LI P R TITZ2TATATS T&E TV T8 R F

(c)
Figure 16. The selected frequency of each variable
about the 50 aGAVDS models.

The number of regions is 5, 10, or 15 as indicated. (a)
The number of regions is 5. (b) The number of regions
is 10. (¢) The number of regions is 15. [Color figure
can be viewed in the online issue, which is available at
wileyonlinelibrary.com.]
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Table 5. Prediction Results for the Industrial Data

#var® #selvar’ 2003 2004 2005 2006

No variable selection 1159 1159 0.277 0.634 0.482 0.375

133 133 0.276 0.636 0.483 0.375

Lasso 1159 380 0.277 0.635 0.482 0.375

133 98 0.274 0.633 0.482 0.373

FB Cp 1159 1 0315 0.667 0.523 0.405

133 1 0.316 0.671 0.528 0.406

AIC 1159 227 0.277 0.633 0.481 0.373

133 53 0.276 0.631 0.480 0.374

BIC 1159 39 0.277 0.640 0.485 0.373

133 25 0.280 0.640 0.490 0.378

GAPLS Average 1159 360.7 0.276 0.632 0.481 0.376
Std. dev. 5.4 1.9 x 107* 8.8 x 107* 3.1 x 107* 25 % 107*

GAVDS #reg’ = 5 Average 1159 87 0.285 0.657 0.496 0.385
Std. dev. 6.6 1.8 x 1073 47 x 1073 2.5 % 1073 2.8 x 1072

GAVDS #regt = 10 Average 1159 126 0.280 0.646 0.489 0.378
Std. dev. 18 3.1 x 107* 1.6 x 1073 1.0 x 1073 5.4 % 107*

GAVDS #reg" = 15 Average 1159 157 0.279 0.642 0.489 0.377
. Std. dev. 30 37 %x 107" 2.0 x 107? 9.9 x 10°* 33x 107"

aGAVDS #reg" = 5 Average 1159 5 0.283 0.646 0.493 0.381
. Std. dev. 0 59 x 107* 2.0 x 1077 14 x 107° 50 x 107*

aGAVDS #reg" = 10 Average 1159 10 0.281 0.643 0.491 0.379
. Std. dev. 0 8.4 x 10°* L1 x 107 14 x 10°° 4.6 x 10°*

aGAVDS #reg” = 15 Average 1159 15 0.280 0.639 0.489 0.377
Std. dev. 0 8.4 x 107* 2.0 x 1073 1.1 x 1073 9.8 x 107

The RMSE values are calculated for each year.
“The number of X-variables.

“The number of selected variables.

“The number of regions.

properties, process knowledge, experience of process engi-
neers, and other pertinent factors.

In this case study, there was no significant difference in accu-
racy and predictive ability between the GAVDS and aGAVDS
models. In such a situation, the aGAVDS method is recom-
mended because we can construct simpler regression models
using the aGAVDS method than with the GAVDS approach.
However, it is conceivable that the GAVDS method should be
used if process dynamics is complicated and averages of time-
delayed variables cannot extract the information.

The number of process variables was not high in this analy-
sis, but the proposed method will work effectively in situations
where there are more process variables, for example, thousands
of process variables that have to be considered. The modeling
results can make it easy to interpret the models and facilitate
further assessment of the final explanatory variables for the con-
struction of soft sensors. Moreover, adoption of the proposed
methods would lead to a decrease in the error associated with a
given parameter and a reduction in the maintenance effort in
soft sensor models during model reconstruction, and probably
contribute to the optimal positioning of sensors.

Since the algorithm of GAVDS and aGAVDS is independ-
ent of the regression method, it can be used with any nonlin-
ear modeling methods. It can be expected that the problems
of variable selection and maintenance of soft sensor models
will be reduced by using our proposed methods.
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Appendix

To construct a highly predictive model, the number of com-
ponents in the PLS models, the # value in the Lasso model,
and other values must be chosen appropriately. The r* and 2y
values are used as measured and defined as follows

Z ()’obs - ycalc)2

rP=1- (A1)
Z(yobs _)_))2
2
r(zjV e 1 - M (Az)

> (abs — 3)

where yops is the measured y value, y.,. is the calculated y
value, and y,q is the predicted y value in the cross-valida-
tion procedure. In this study, the five-fold cross validation
method is used in the calculation of yp..4. In the above equa-
tions, r° represents the fitting accuracy of the constructed
models and rév represents the predictive accuracy of the
constructed models. Values close to unity for both r* and
rZy are favorable. The r” and rZ, values must both be com-
pared using models constructed with the same objective vari-
ables data.
The RMSE of yeuc and ypreq is defined as follows

Z (yobs - ycalc)2

2
Z (yob’;l - ypred)
n

RMSE =
RMSEcy =

(A3)
(A4)

The lower the RMSE and RMSEcy values, the higher will
be the accuracy and predictive accuracy obtained with the
constructed model.
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