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Soft-sensors have been widely used for estimating product quality or other key vari-
ables, but their estimation performance deteriorate when the process characteristics
change. To cope with such changes, recursive PLS and Just-In-Time (JIT) modeling
have been developed. However, recursive PLS does not always function well when pro-
cess characteristics change abruptly and JIT modeling does not always achieve the
high-estimation performance. In the present work, a new method for constructing soft-
sensors based on a JIT modeling technique is proposed. In the proposed method,
referred to as correlation-based JIT modeling (CoJIT), the samples used for local
modeling are selected on the basis of the correlation among measured variables and
the model can adapt to changes in process characteristics. The usefulness of the pro-
posed method is demonstrated through a case study of a CSTR process, in which cata-
lyst deactivation and recovery are taken into account. In addition, its industrial appli-
cation to a cracked gasoline fractionator is reported. VVC 2009 American Institute of

Chemical Engineers AIChE J, 55: 1754–1765, 2009

Keywords: soft-sensor, just-in-time modeling, recursive partial least squares, principal
component analysis, estimation

Introduction

A soft-sensor, or a virtual sensor, is a key technology for esti-
mating product quality or other important variables when online
analyzers are not available.1,2 In chemical processes, for exam-
ple, soft-sensors have been widely used to estimate product
quality of distillation columns, reactors, and so on. Partial least
squares (PLS) regression and artificial neural network (ANN)
have been widely accepted as a useful technique for soft-sensor
design.3–7 In addition, the application of subspace identification
(SSID) to soft-sensor design has been reported.8,9

Generally, building a high performance soft-sensor is very
laborious, as input variables and samples for model construc-
tion have to be selected carefully and parameters have to be
tuned appropriately. Even if a good soft-sensor is developed
successfully, its estimation performance deteriorates when
process characteristics change. In chemical processes, for

example, equipment characteristics are changed by catalyst
deactivation or scale adhesion. Such a situation may bring to
decline the product quality. Therefore, from the practical
viewpoint, maintenance of soft-sensors is very important to
keep their estimation performance. Soft-sensors should be
updated as the process characteristics change, and manual
and repeating construction of them should be avoided due to
its heavy workload.10

To cope with changes in process characteristics and to
update statistical models automatically, recursive methods,
such as recursive PLS, were developed.11 These methods
can adapt models to new operating conditions recursively.
However, when a process is operated within a narrow range
for a certain period of time, the model will adapt excessively
and will not function in a sufficiently wide range of operat-
ing condition. In addition, recursive methods cannot cope
with abrupt changes in process characteristics.

On the other hand, Just-in-Time (JIT) modeling was pro-
posed to cope with changes in process characteristics as well
as nonlinearity, and it has been used for nonlinear process
monitoring as well as soft-sensing.12–14 In JIT modeling, a
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local model is built from past data around a query point
only when an estimated value is requested. JIT modeling is
useful when global modeling does not function well. How-
ever, its estimation performance is not always high because
the samples used for local modeling are selected on the basis
of the distance from the query point and the correlation
among variables is not taken into account. How should we
determine the samples used for local modeling to build a
highly accurate statistical model? Distance is not the most
important. A good model cannot be developed when correla-
tion among input–output variables is weak even if the dis-
tance between samples is very small. Conversely, a very
accurate model can be developed when the correlation is
strong even if the distance is large. One approach proposed
is to select samples used for local modeling on the basis of
not only the distance but also the angle between two sam-
ples.15 However, the angle does not always describe the cor-
relation among variables adequately because there are pairs
of samples that are orthogonal to each other even when they
exist on the same subspace.

In the present work, a new method for building soft-sensors
based on JIT modeling is proposed. In the proposed method,
referred to as correlation-based JIT (CoJIT) modeling, the
samples used for local modeling are selected on the basis of
correlation together with distance, and the Q statistic is used as
an index of the correlation dissimilarity. The Q statistic is
derived from principal component analysis (PCA), and it is a
measure of dissimilarity between the sample and the modeling
data from the viewpoint of the correlation among variables.16

The proposed CoJIT modeling can cope with abrupt changes
of process characteristics and also achieve high-estimation
performance. It can also cope with process nonlinearity.

The usefulness of the proposed method is demonstrated
through a case study of a CSTR process in which catalyst
deactivation and recovery are investigated as the changes in
process characteristics. In addition, an application result of
the proposed CoJIT modeling to an industrial chemical pro-
cess is reported.

Conventional Modeling Method

In this section, conventional methods for soft-sensor
design are briefly explained.

Dynamic PLS

PLS has been widely used for building soft-sensors because
it can cope with a colinearity problem. The ith measurements
of input variables and those of output variables are denoted by
xi ¼ [x1,x2,…,xM]

T (i ¼ 1,2,…,N) and yi ¼ [y1,y2,…,yL]
T,

respectively, where xm and yl are the mth input variable and the
lth output variable, respectively. X 2 <N�M and Y 2 <N�L are
matrices whose ith rows are xTi and yTi , respectively. It is
assumed here that each column of these matrices is mean-cen-
tered and scaled appropriately. In PLS, X and Y are decom-
posed as follows:

X ¼ TPT þ E (1)

Y ¼ TQT þ F (2)

where T 2 <N�R is the latent variable matrix, P 2 <M�R and
Q 2 <L�R are the loading matrices of X and Y, respectively. R

denotes the number of adopted latent variables. E 2 <N�M and
F 2 <N�L are the error matrices.

The estimation performance of soft-sensors can be
improved by taking into account process dynamics. For this
purpose, the past information is used as inputs in addition to
the present information. In such a case, the input variable
vector zi is written as

zi ¼ ½xTi ; xTi�k1
; xTi�k2

; � � ��T (3)

where k1; k2; � � � are i or less arbitrary natural numbers. This
method is referred to as dynamic PLS.5,17 This extension of
inputs is useful not only for PLS modeling but aslo for JIT
modeling.

Recursive PLS

The estimation performance of a statistical model will
deteriorate when process characteristics change. Therefore,
soft-sensors should be updated as process characteristics
change. However, their redesign is very laborious and it is
difficult to determine when they should be updated. To cope
with these problems, recursive PLS updates the model by
using

Xnew ¼ X
xTnew

� �
; Ynew ¼ Y

yTnew

� �
(4)

whenever both new input and output variables, xnew and
ynew, are measured. The output variables are estimated with
the updated model until the next input and output variables
are measured. As the size of each matrix increases as a new
sample is stored, the computational load steadily increases in
this approach. However, the PLS model obtained from the
above data matrices is the same as the PLS model obtained
from the following data matrices11:

Xnew ¼ PT

xTnew

� �
; Ynew ¼ QT

yTnew

� �
: (5)

By defining the input and output data matrices as Eq. (5),
both the size of each matrix and the computational load can
be kept constant. In addition, a forgetting factor b can be
used to adapt a model to changes in process characteristics
more rapidly,

Xnew ¼ bPT

xTnew

� �
; Ynew ¼ bQT

yTnew

� �
(6)

where 0\ b � 1.

Just-in-Time modeling

In general, a global linear model cannot function well
when a process has strong nonlinearity in its operation range,
and it is difficult to construct a nonlinear model that is appli-
cable to a wide operation range as nonlinear modeling usu-
ally requires a huge number of samples. Therefore, a method
that divides a process operation region into small multiple
regions and builds a local model in each small region has
been proposed. In such a method, a process is expressed by
a combination of local models. A piecewise affine (PWA)
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model is an example of such a model.18,19 However, in the
PWA model, the optimal division of the operation region is
not always clear and the interpolation between the local
models is complicated.

Another method for developing local models based on a
database is JIT modeling. In comparison with the conventional
modeling methods, JIT modeling has the following features:
• When new input and output data are available, they are

stored into a database.
• Only when estimation is required, a local model is con-

structed from samples located in a neighbor region around
the query point, and output variables are estimated.
• The constructed local model is discarded after its use

for estimation.
JIT modeling can avoid the problems of region division

and interpolation between the local models occurring in
PWA modeling. However, in JIT modeling, samples for
local modeling should be selected appropriately and online
computational load becomes large.

Correlation-Based Just-in-Time Modeling

Conventional JIT modeling uses distance to define a
neighbor region around a query point and selects samples
regardless of the correlation among variables. In the present
work, new JIT modeling that can select samples on the basis
of the correlation is proposed. In the proposed method,
referred to as correlation-based JIT (CoJIT) modeling, the
data set that can most correctly describe the correlation fit
for the query sample is selected for local modeling.

Evaluation of correlation similarity

Although several indices of similarity between data sets
have been proposed,20,21 the Q statistic is used as an index
of correlation dissimilarity in CoJIT modeling. The Q statis-
tic is derived from PCA, which is a tool for data compres-
sion and information extraction.16 PCA finds linear combina-
tions of variables that describe major trends in a data set.

In PCA, the loading matrix VR 2 <M�R is derived as the
right singular matrix of a data matrix X 2 <N�M whose ith
row is xTi , and the column space of VR is the subspace
spanned by principal components. Here, M, N, and R(�M)
denote the numbers of variables, samples, and principal com-
ponents retained in the PCA model, respectively. All varia-
bles are mean-centered and appropriately scaled. The score
is a projection of X onto the subspace spanned by principal
components. The score matrix TR 2 <N�R is given by

TR ¼ XVR: (7)

X can be reconstructed or estimated from TR with linear
transformation VR.

X̂ ¼ TRV
T
R ¼ XVRV

T
R (8)

The information lost by the dimensional compression, that
is, errors, is written as

E ¼ X � X̂ ¼ XðI � VRV
T
RÞ: (9)

Using the errors, the Q statistic is defined as

Q ¼
XM
m¼ 1

ðxm � x̂mÞ2: (10)

The Q statistic is the distance between the sample and the
subspace spanned by principal components. In other words,
the Q statistic is a measure of dissimilarity between the sam-
ple and the modeling data from the viewpoint of the correla-
tion among variables.

In addition, to guarantee that the sample is located in
modeling data and to avoid extrapolation, Hotelling’s T2 sta-
tistic can be used. The T2 statistic is defined as

T2 ¼
XR
r¼1

t2r
r2tr

(11)

where rtr denotes the standard deviation of the rth score tr. The
T2 statistic expresses the normalized distance from the origin
in the subspace spanned by principal components. When the T2

statistic is small, the sample is close to the mean of the
modeling data. The Q and T2 statistics can be integrated into a
single index for the data set selection as proposed by Raich
and Cinar for a different purpose22:

J ¼ kT2 þ ð1� kÞQ (12)

where 0 � k � 1.

Correlation-based Just-in-Time modeling

In the proposed CoJIT modeling, first, samples stored in
the database are divided into several data sets. Although the
method of generating data sets is arbitrary, each data set is
generated so that it consists of successive samples included
in a certain period of time in this work, because the correla-
tion among variables in such a data set is expected to be
very similar. To build a local model, the evaluation index J
in Eq. (12) is calculated for each data set, and the data set
that minimizes J is selected as the modeling data set when
an estimated value is required.

Figure 1 shows the difference of sample selection for local
modeling between JIT modeling and CoJIT modeling. The
samples consist of two groups that have different correlation.
In conventional JIT modeling, samples are selected regard-
less of the difference of correlation as shown in Figure 1
(left), as a neighbor region around the query point is defined
only by distance. On the other hand, CoJIT modeling can
select samples whose correlation is best fit for the query
point as shown in Figure 1 (right), as the Q statistic is used
for evaluating the dissimilarity between the query point and
each data set.

Assume that the first through Sth input-output
measurements are stored in the database and zi ¼
½xTi ; yTi �T 2 <MþL ði ¼ 1; 2; � � � ; SÞ. To cope with process dy-
namics, measurements at different sampling times can be
included in zi. The procedure of CoJIT modeling is as follows:
(1) A newly measured input–output sample zSþ1 is stored

in the database.
(2) The index J is calculated from zSþ1 and a data set

Z{S} that was used for building the previous local model f{S},
and JI ¼ J.
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(3) If JI �JI, then f{S11} 5 f{S} and Z{S11} 5 Z{S}. f{S11}

is used for estimating the output variables until the next
input and output measurements zS12 are measured. When
zS12 is available, return to Step 1. If JI > JI, k 5 1, and go
to the next step. Here, �JI is the threshold.
(4) The kth data set Zk ¼ ½zk; � � � ; zkþW�1�T 2 <ðMþLÞ�W is

extracted from the database, where W is the window size.
(5) The index J of the kth data set, Jk, is calculated from

Zk and zSþ1.
(6) k ¼ k þ d. If k � S � W þ 1, then return to Step 5.

If k [ S � W þ 1, then go to the next step. Here, d is the
window moving width.
(7) The data set ZK that minimizes Jk is selected and

defined as Z{Sþ1}.
(8) A new local model f{Sþ1} whose input is

XfSþ1g ¼ ½xK ; � � � ; xKþW�1�T and output is YfSþ1g ¼ ½yK ; � � � ;
yKþW�1�T is built.
(9) The updated model f{Sþ1} is used for estimating the

output variables until the next input and output measure-
ments zSþ2 is available. When zSþ2 is available, return to
Step 1.

Any modeling method can be used for building a local
model f, but principal component regression (PCR) is used

in the proposed method because scores are already calculated
in Step 5. In addition, Steps 2 and 3 control the model
update frequency. When the threshold �JI is large, the update
frequency becomes low.

In the above procedure, local models are updated only
when outputs are measured. However, CoJIT modeling may
select a modeling data set by using only input variables. In
such a case, the model is updated whenever the input varia-
bles are measured.

In the implementation of the above algorithm, repeated
use of the singular value decomposition (SVD) in Steps 2
and 5 should be avoided because SVD needs a large compu-
tational load. Therefore, the formula of a dataset stored in
the database should be the loading matrix Vk insted of Zk. In
addition, the number of stored data sets can be limited to
reduce the computational time and the memory usage, as
they steadily increase as a new sample is stored in the data-
base. The angle y between two subspaces can be used to
determine whether the loading matrix Vnew of the newly
defined data set Znew ¼ ½zS�Wþ2; � � � ; zSþ1�T should be stored
in the database or not. After a new local model f{Sþ1} is
built in Step 9, the angle y between the column space Vnew

and the last loading matrix stored in the database VL can be
calculated, and Vnew is stored in the database only when
h > �h, where �h is the threshold. On the other hand, when
h � �h, Vnew is not stored since the column spaces of these

Figure 2. Schematic diagram of CSTR with cascade
control systems.

Table 1. Process Variables of the CSTR Process

Symbol Variable

CA Reactant concentration (mol/m3)
T Reactor temperature (K)
TC Coolant temperature (K)
h Reactor level (m)
Q Reactor exit flow rate (m3/min)
QC Coolant flow rate (m3/min)
QF Reactor feed flow rate (m3/min)
CAF Feed concentration (mol/m3)
TF Feed temperature (K)
TCF Coolant feed temperature (K)
hC Level controller instruction
QC Outlet flow rate controller instruction
TC Temperature controller instruction
QCC Colorant flow rate controller instruction
Tset Reactor temperature setpoint (K)

Figure 1. How to select samples in JIT modeling (left) and CoJIT modeling (right).
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loading matrices are similar and storing both Vnew and VL in
the database is redundant. In addition, an old data set might
be removed from the database to limit its maximum size.
The size of a database should be carefully determined on the
basis of process characteristics.

Case Study

In this section, the estimation performance of the proposed
CoJIT modeling is compared with that of recursive PLS and
conventional JIT modeling through their applications to
product composition estimation for a CSTR process. The
detailed CSTR model used in this case study is described in
Appendix A.

Problem settings

A schematic diagram of the CSTR process with feedback
control systems is shown in Figure 2. In this process, an irre-
versible reaction A ! B takes place. The setpoint of the re-
actor temperature is changed between �2 K every 10 days.
Although 15 process variables listed in Table 1 are calcu-
lated in this simulation, measurements of only five variables
T, h, Q, QC, QF are used for the analysis, and their sampling
interval is 1 min. In addition, reactant concentration CA is
measured in a laboratory once a day. Therefore, a soft-sensor
that can estimate CA accurately in real time needs to be
developed for efficient operation.

In this case study, to consider catalyst deactivation as the
changes in process characteristics, the frequency factor k0 is
assumed to decrease with time. In addition, the catalyst is
recovered every half year (180 days). Figure 3 shows the
deterioration and recovery of the frequency factor k0. The
operation data for the past 1.5 years (540 days) were stored
in the database. Although newly measured data are stored,
the soft-sensor is updated in the next 180 days. A part of the
operation data is shown in Figure 4.

Estimation by recursive PLS

A soft-sensor that estimates reactant concentration CA is
constructed by using recursive PLS, and it is updated every
24 h when CA is measured. To take into account process dy-
namics, the input data consist of the present sample and the
sample measured 1 min before. The number of latent varia-
bles used in the PLS model is determined by trial and error
to maximize the prediction performance.

The estimation result is shown in Figure 5. The top figure
shows the estimation result for 180 days. Although CA is

Figure 3. Change of a frequency factor.

Figure 4. Operation data obtained from the CSTR process.
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estimated every minute, only estimates corresponding to the
measurements of CA are plotted to compare the estimates
with the measurements. The bottom figure shows the
enlarged result for 2 months before and after the catalyst re-

covery. The estimates shown in the bottom figure are calcu-
lated every minute whenever the input variables are
observed, and they are fluctuated by measurement noise. In
this figure, r denotes the correlation coefficient between

Figure 5. Prediction result of CA by recursive PLS.

Figure 6. Prediction result of CA by recursive PLS with forgetting factor b = 0.97.

AIChE Journal July 2009 Vol. 55, No. 7 Published on behalf of the AIChE DOI 10.1002/aic 1759



measurements and estimates, RMSE is the root-mean-squares
error, and LVs is the number of latent variables.

The result shows that recursive PLS does not function
well. In general, recursive PLS without the forgetting fac-
tor is not suitable for a process in which the output mea-

surement interval is excessively long in comparison with
changes in process characteristics, because this method
uses all the past data for modeling. In other words, recur-
sive PLS is suitable only for slow changes in process char-
acteristics.

Figure 7. Prediction result of CA by JIT modeling.

Figure 8. Prediction result of CA by CoJIT modeling with k = 0 (window size: 10 day).
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Next, the forgetting factor b is used to adapt the model to
the changes in process characteristics more rapidly. The esti-
mation result with forgetting factor b ¼ 0.97 is shown in
Figure 6. The estimation accuracy before catalyst recovery is
greatly improved by using the forgetting factor, but it deteri-
orates markedly after catalyst recovery. In particular, the
estimation error is increased every 10 days when the setpoint
of reactor temperature is changed because the model with
the forgetting factor did not keep information when catalyst
was recovered in the past. If b becomes less than 0.97, the
estimates fluctuate more wildly, as the number of substantive
samples that are used for modeling becomes very small.

Estimation by Just-in-Time modeling

Reactant concentration CA is estimated by using JIT mod-
eling. To take into account process dynamics, the input data
consist of the present sample and the sample measured 1
min before. A local model is constructed from samples
located in a neighbor region around the query point, when-
ever the input variables are measured. A new sample is
stored only when CA is measured. In this case study, linear
local models are built and Euclidean distance is used as the
measure for selecting samples to build local models. The
MATLAB Lazy Learning Toolbox is used.24

The estimation result is shown in Figure 7. In this figure,
N is the upper and lower limit of the number of samples for
local modeling. This result shows that JIT modeling does
not function well. The reason for the poor performance of
JIT modeling seems to be that JIT modeling does not take
account of correlation among variables when a local model
is built. To validate this reasoning, CoJIT modeling is
applied to the same problem.

Estimation by correlation-based Just-in-Time modeling

Reactant concentration CA is estimated with the proposed
CoJIT modeling. To take into account process dynamics, the
input data consist of the present sample and the sample
measured 1 min before. The kth data set Zk of the CoJIT
modeling is as follow:

Zk ¼

xTk x�Tk yk
xTk þ 1 x�Tk þ 1 yk þ 1

..

. ..
. ..

.

xTk þ W�1 x�Tk þ W�1 yk þ W�1

2
6664

3
7775 2 <W�11 (13)

where yj 2 < is the jth day measurement of CA, xj 2 <5 is the
sample that is measured simultaneously with yj and x�j 2 <5 is
the sample measured one minute before xj is measured.

The criterion for selecting a data set is to minimize the Q
statistic, that is, k ¼ 0 in Eq. (12). The local model is
updated every 24 h when CA is measured. The window size
W is 10 or 20 days, the window moving width is d ¼ 1, the
thresholds are �JI ¼ 0 and �h ¼ 0 rad. The number of principal
components used in CoJIT modeling is determined by trial
and error.

The estimation results are shown in Figures 8 and 9,
where PCs denote the number of principal components. For
W ¼ 10 days, these results show that the estimation perform-
ance is very high. In particular, the estimates can follow the
measurements even shortly after catalyst recovery. On the
other hand, the estimates fluctuate in the case of W ¼ 20
days. Although the adequate W depends on the rate of
change in process characteristics and the number of input
variables, it is determined by trial and error mainly because
it is difficult to relate the rate of change in process

Figure 9. Prediction result of CA by CoJIT modeling with k = 0 (window size: 20 day).
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characteristics with W quantitatively. In general, large W is
preferable from the viewpoint of reliability of the model
but it is not good from the viewpoint of adaptation of the
model.

Next, a data set for local modeling is selected by using
both the Q and T2 statistics. The index J is used with k ¼
0.01. The estimation results are shown in Figures 10 and 11.
These results show that the correlation coefficient r is

Figure 10. Prediction result of CA by CoJIT modeling with k = 0.01 (window size: 10 day).

Figure 11. Prediction result of CA by CoJIT modeling with k = 0.01 (window size: 20 day).
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improved by 15% in the case of W ¼ 20 days, and RMSE is
improved by 10% even in the case of W ¼ 10 days. There-
fore, it is beneficial for improving the estimation perform-
ance to use not only the Q statistic but also the T2 statistic
for data set selection, as it is avoidable to select the dataset
that is distant from the query point.

On the other hand, the estimation performance deteriorates
both in the case of W ¼ 10 and 20 days when k is larger
than 0.01. For example, in the case of W ¼ 10 days, RMSE
with k ¼ 0.02 is 0.74 and RMSE with k ¼ 0.1 is 1.11.
These results show that the estimation performance deterio-
rates when the contribution of the T2 statistic is larger than
necessary.

In addition, when plant operators are resistant to frequent
model update, the threshold �JI can be used for controlling
model update frequency. In the case of W ¼ 10 days and k
¼ 0.01, the number of model update is reduced from 180
with �JI ¼ 0 to 66 with �JI ¼ 0:15, however, RMSE deterio-
rates from 0.56 with �JI ¼ 0 to 0.99 with �JI ¼ 0:15. It is
obvious that there is a trade-off between model update fre-
quency and estimation performance.

With the proposed CoJIT modeling, RMSE is improved
by about 74% and 78% in comparison with recursive PLS
and JIT modeling, respectively. These results of this case
study clearly show that the proposed CoJIT modeling func-
tions very successfully.

Application to an Industrial Chemical Process

In this section, an application result of the proposed CoJIT
modeling to an industrial chemical process is reported. A
soft-sensor for estimating the aroma concentration was con-
structed to realize highly efficient operation of the cracked
gasoline fractionator of the ethylene production process at
the Showa Denko K.K. (SDK) Oita plant in Japan.

CGL fractionator

A schematic diagram of the cracked gasoline (CGL) frac-
tionator of the ethylene production process is shown in Fig-
ure 12. The CGL fractionator is controlled by applying mul-
tivariable model predictive control (MPC) with an optimizer,
and the aroma concentration in the CGL (aroma denotes the
generic name for benzene, toluene, xylene, styrene, etc.) is
used as one of the constraints in the optimizer. Although the
operation data of the CGL fractionator are stored in the data-
base every hour, the aroma concentration is analyzed in a
laboratory usually once a day because of its long analysis
time. For safety, the process must be operated in a condition
that has a wide margin and is far from constraints. There-
fore, a soft-sensor that can estimate the aroma concentration
accurately in real time needs to be developed for realizing
efficient operation.

Operation data

Although the number of measured variables in the CGL
fractionator is 19, only eight variables were selected as the
input variables of the soft-sensor on the basis of the physical
process knowledge. The past information of the selected
input variables is not used as the input variables of the soft-
sensor because of its long measurement interval. In addition,
the coil outlet temperature of the cracking furnace measured
4 h before was used together with the selected input vari-
able, as the product composition is affected by the operating
condition of the cracking furnace which is located in the
upstream of the ethylene production process, and it takes
about 4 h for materials to reach the CGL fractionator from
the cracking furnace. Therefore, the number of input varia-
bles is nine. The selected input variables of the soft-sensor
are listed in Table 2 and Figure 12. In the initial state, the
operation data obtained from April 30, 2006, to February 23,
2007, were stored in the database. Then, the soft-sensor was
updated and the aroma concentration was estimated for the
next 300 days, February 24, 2007, to December 25, 2007.

Estimation results

The aroma concentration was estimated with recursive
PLS. The number of latent variables used in recursive PLS
was two, and the forgetting factor was b ¼ 0. The model
was updated every 24 h when the aroma concentration was
analyzed in the laboratory. The estimation results are shown
in Figure 13 (top). Although the aroma concentration is esti-
mated every hour, the estimated values are shown every day

Figure 12. Schematic diagram of the cracked gasoline
fractionator of the ethylene production pro-
cess at the Showa Denko K.K. (SDK) Oita
plant.

Table 2. Input Variables of the Soft-Sensor for the CGL
Fractionator

No. Variable

1 Feed flow rate
2 Tower top temperature
3 Reflux volume
4 Outlet cracked gasoline temperature
5 Outlet cracked gasoline flow rate
6 Outlet cracked kerosene flow rate
7 Tray #4 differential pressure
8 Reboiler flow rate
9 Cracked furnace coil outlet temperature
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to compare the estimates with the analysis value. This result
shows that recursive PLS does not function well. In particu-
lar, there is a bias between the measurements and the esti-
mates after the 100th day when the pressure of the compres-
sor was changed. In addition, the estimation performance
was not improved even when the forgetting factor was used.

Next, the aroma concentration was estimated with the pro-
posed CoJIT modeling. The window size was W ¼ 20 days,
window moving width was d ¼ 1 day, the thresholds were
JI ¼ 0 and h ¼ 0 rad, and the parameter in Eq. (12) was k
¼ 0.25. The estimation results are shown in Figure 13 (bot-
tom). This result shows that the estimation performance of
CoJIT modeling is high and RMSE is improved by about
28% in comparison with recursive PLS.

In CoJIT modeling, the average computational time for
updating the model was 48 ms. Then, the number of the data
sets stored in the database was limited to reduce the compu-
tational time. The thresholds were �h ¼ 0.1, 0.3, and 0.5 rad.
The computational results are shown in Table 3. The com-
puter configuration was as follows: OS: Windows Vista
Business (32 bit), CPU: Intel Core2 Duo 6300 (1.86 GHz �
2), RAM: 2G byte, and MATLAB 2007b is used. From these
results, the computational time is greatly reduced when the
threshold �h becomes large. Although the computational time

in the case of �h ¼ 0:5 is reduced by about 53% in compari-
son with the case of �h ¼ 0, RMSE deteriorates only 4%.

Conclusion

In the present work, to develop a soft-sensor that can cope
with changes in process characteristics as well as nonlinear-
ity, a new JIT modeling method that selects samples on the
basis of correlation among variables is proposed. The useful-
ness of the proposed correlation-based JIT (CoJIT) modeling
is demonstrated through a case study of a CSTR process and
its application to an industrial chemical process. In recursive
PLS and conventional JIT modeling, it is difficult to adapt
models when the process characteristics change abruptly. On
the other hand, the proposed CoJIT modeling can cope with
abrupt changes in process characteristics and greatly improve
the estimation performance, as it can select samples for local
modeling by appropriately accounting for the correlation
among variables. The proposed CoJIT modeling has a poten-
tial for realizing efficient maintenance of soft-sensors in the
real world.
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Appendix A: CSTR Model

The CSTR model used in the case study is described.23

The mass, energy, and component balances around the reac-
tor and the cooling jacket are as follows:

dCA

dt
¼ �k0e

�E=RTCA þ QFCAF � QCA

Ah
(A1)

dT

dt
¼ k0e

�E=RTCAð�DHÞ
qCp

þ QFTF � QT

Ah

þ UACðTC � TÞ
qCPAH

ðA2Þ

dTC
dt

¼ QCðTCF � TCÞ
VC

þ UACðT � TCÞ
qCCPCVC

(A3)

dh

dt
¼ QF � Q

A
(A4)

The dynamics of control valves for coolant inlet and product
outlet are modeled as Eq. (A5), and PI controllers are used.

PVðsÞ ¼ K

ssþ 1
(A5)

where K ¼ 1/16, s ¼ 2 s. The nominal operating conditions
and model parameters are given in Table A1.
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Table A1. Nominal Operating Conditions and Model

Parameters for the CSTR Case Study

Q ¼ 0.1 m3/min A ¼ 0.1666 m2

QC ¼ 1.5 � 10�2 m3/min k0 ¼ 7.2 � 1010 min�1

TCF ¼ 300 K DH ¼ �5 � 104 J/mol
T ¼ 402.35 K qCP ¼ 2.39 � 105 J/(m3 K)
TC ¼ 345.44 K qCCPC ¼ 4.175 times 106 J/(m3 K)
TC ¼ 320 K E/R ¼ 8.75 � 103 K
CAF ¼ 1.0 � 103 mol/m3 U AC ¼ 5.0 � 104 J/(min K)
CA ¼ 37 mol/m3 Vc ¼ 1.0 � 103 m3

h ¼ 0.6 m
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