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Most industrial processes are well equipped with
online process sensors, such as temperature, flow rate,
and pressure sensors, for monitoring, control, and
maintenance. When online sensors cannot be used to
predict or estimate variables which are difficult to
measure, soft sensors are key for successfully estimating product quality or other important variables
(Kano and Fujiwara, 2012; Al-Jlibawi et al., 2019;
Steurtewagen and van den Poel, 2020). In general,
soft sensor techniques consist of two major types,
namely, model- and data-driven methods. Modeldriven soft sensors are traditionally developed based
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on first-principle models (FPMs) and require in-depth
knowledge of the target process (Yuan et al., 2018).
However, they usually become invalid under complex
non-stationary conditions. Because of the complexity
of industrial processes, model-driven soft sensors are
usually impractical, cost-prohibitive, and timeconsuming. As a solution, data-driven soft sensors
have gained ever-increasing popularity in the process
industry. This method regards the object as a black
box and builds a model based on real process data
directly collected from plants. The advantage of the
data-driven method is that it does not need to describe
the physical or chemical background of the process,
but needs only to obtain enough data to establish the
model (Kadlec et al., 2009; Bidar et al., 2017; Ge
et al., 2017; Liu Q et al., 2018; Montáns et al., 2019).
The most popular data-driven modeling approaches
are principal component analysis (PCA) and partial
least squares (PLS). These are often used to reduce
the dimension of process data and applied in linear
regression (Vallejo et al., 2019).
Nonlinear relationships among different process
variables are very common in the process industry
which usually contains complex structures. Therefore,
data-driven methods are designed to describe the
nonlinear relationships between process variables and
quality variables. As a well-established method of
nonlinear function approximation, locally weighted
learning (LWL) builds locally linear models in the
neighborhood of the query sample and uses these
local models to realize nonlinear estimation. Typical
LWL methods include locally weighted linear regression (LWLR), locally weighted principal component analysis (LWPCA), and locally weighted partial least squares (LWPLS) (Atkeson et al., 1997). To
build an accurate model with LWL, the similarity
needs to be properly defined. More attention has been
paid to using a priori information of inputs and outputs. In general, similarity can be simply defined on
the basis of the Euclidean distance between training
samples and query samples (Kim S et al., 2013).
Clearly, this method may lead to the deviation of
similarity calculations since it ignores the output
information in training samples. A simple solution is
to predict the output of the query samples through an
appropriate model, so that the similarities can be
obtained by the full content of training samples and
the query ones in the original dataset space. However,
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an appropriate model is required to predict the output
of query samples, which undoubtedly increases the
complexity and uncertainty of the overall model
(Atkeson et al., 1997; Chang et al., 2001). Hence,
Yuan et al. (2016) proposed a new similarity calculation method in a supervised hidden space constructed
from a PLS algorithm. The supervised data-driven
model tries to build a relationship between fully labeled input and output datasets, which is suitable for
the regression situation such as soft sensor development (Shao et al., 2015; Yao and Ge, 2017b). Then the
latent variables closely related to inputs and outputs
can be extracted in the low-dimensional hidden space.
Finally, the traditional similarity measurement can be
applied to the latent information. The above structure
makes it possible to perform a similarity calculation
by using all available information while little extra
noise is added (Yuan et al., 2014). In addition, factor
analysis (FA) can be used to construct a supervised
hidden space and perform locally weighted learning
(Yao and Ge, 2017a). However, it is true that out of
the change of measurement and transmission interference, process data are often disturbed by noise and
uncertainty. As common dimensionality reduction
methods, PLS and FA extract latent variables linearly,
so processing data with noise and uncertain interference cannot be handled well.
To cope with noise interference, process variables are reasonably treated as random variables to
construct a model in a probability frame (Ge, 2018;
Wang et al., 2019). Bayesian networks (BNs) are
considered as combinations of probabilistic methods
and graphical models. BNs have the advantages of
dealing with noise interference and causal learning. In
recent years, BNs have been widely used in medical
diagnosis, statistical decision, expert systems, and
other fields (Liu F et al., 2006; Chen and Yu, 2007;
Tang and Liu, 2007; Nie et al., 2018). The locally
weighted naive Bayesian model and distance
measures have been applied in many ways (Frank
et al., 2000; Jiang et al., 2013; Li et al., 2014). Recently, an adaptive soft sensor combining BN with a
locally weighted method has been proposed (Liu ZW
et al., 2018). The locally weighted BN (LWBN) uses
the data from the original space for similarity calculation. From the previous discussion of similarity in
LWL, this method of similarity calculation is not
perfect. Fortunately, we can introduce hidden space in
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BNs. The introduction of latent variables can improve
the causal relationship explanation and make
knowledge representation more effective. Consequently, the BN with latent variables has been applied
in ranking (Kim JS and Jun, 2013), fault classification
(Mohammadi et al., 2019), risk assessment (Masmoudi
et al., 2019), medical diagnosis (Cain, 2016), etc. In
addition, it can be used to interpret FA, PCA, and
mixture of experts (MOE) according to the graphical
models with different structures and parameters
(Bishop, 1998). In this study, a supervised BN (SBN)
is proposed to extract latent information in complex
industrial processes. Different from traditional BNs,
the SBN structure adds latent variable nodes between process variable nodes and quality variable
nodes where the process variables X and the quality
variables Y are considered as the input at the corresponding node. That is why the SBN is a qualityrelated structure. The supervision of the quality
variables Y of training samples is included in the
network, which guarantees the reliability of similarity measurement.
Most industrial processes also exhibit timevarying characteristics because of unmeasured
changes in raw materials, product demands, catalyst
deactivation, and seasonal effects. Operating conditions are constantly perturbed. However, the similarity measurement in the latent space is implemented
under a strong assumption that latent models should
be applied to the non-stationary system first, which
seems infeasible to traditional BNs. To improve the
soft sensing performance, the traditional moving
window (MW) method is often employed (Kadlec
et al., 2011). In this study, a locally weighted supervised BN (LWSBN) for soft sensors is proposed, and
a double-layer similarity measurement strategy is also
designed. The global similarity is composed of local
similarity and corresponding window confidence to
maintain variable-wise relationship within the locally
weighted strategy.
Based on the above introduction, the contributions of this study are as follows:
1. To extract latent information in complex
process variables, an SBN is proposed.
2. To improve the performance of soft sensing in
non-stationary systems, a double-layer similarity
measurement strategy based on latent variables is
proposed.

2 Preliminaries
BN is one of the most popular probabilistic
graphical models, often employed to represent
knowledge about an uncertain domain. Each node in
the graph represents a random variable where the
edges between each pair of nodes indicate corresponding probabilistic dependencies (Ben‐Gal, 2008).
BNs can be parameterized by specifying all the local
conditional probability distributions (CPDs) (Murphy,
2001).
The probabilistic relations among nodes can be
clearly reflected through the networks. Theoretical
research on BN includes mainly the learning method
and inference mechanism. Bayesian learning includes
two cases, i.e., parameter learning and structure
learning, which refer to the process of obtaining a BN
by analyzing data. If the structure of a BN is known,
the expectation maximum (EM) algorithm is introduced to estimate the optimal parameters. The EM
algorithm is an effective method for giving the
maximum likelihood estimation (MLE) through
multiple iterations. Then the BN obtains useful information by inference. The inference of BN refers to
inquiring the posterior information of some nodes
under given evidence conditions. One of the most
widely used inference algorithms is named junction
tree, which is famous for high accuracy and efficiency.
In this study, junction tree inference is used to calculate the maximum posterior probability distribution.
The basic idea of the locally weighted method is
to establish the model by BN on the neighborhood of
the query sample rather than on the whole training
sample. Local learning helps mitigate the effects of
attribute dependencies that may exist in the data as a
whole (Frank et al., 2002; Wu et al., 2015). Suppose
that process variables X=(x1, x2, …, xn)5×n and
quality variables Y=(y1, y2, …, yn)1×n are used for
soft sensing, where n is the number of samples in the
dataset. Then the structure of the BN for soft measurement is as shown in Fig. 1, and CPDs for all nodes
are linear Gaussian (Geiger and Heckerman, 1994).
To implement locally weighted soft sensing, the
similarities between training samples and the query
sample are measured by the Euclidean distance (d)
defined as follows. These measures serve as weights
assigned to the original training data.
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d  ( xn  xq )T ( xn  xq ),

(1)

 d 
w  exp  
,
 d 

(2)

where xn and xq represent the training sample and
query sample respectively, φ is a tuning parameter,
and σd is the standard deviation of d in Eq. (1). Usually, training samples with the least distance from the
newest query sample are selected to build the LWBN
model (Liu ZW et al., 2018).
When a query variable xq arrives, the LWBN soft
sensing for prediction of quality variable yq is as
follows:
Step 1: select the closest K training samples from
the historical dataset based on Eq. (1), and assign
weights according to Eq. (2).
Step 2: input the weighted data into the BN for
parameter learning.
Step 3: calculate the posterior distribution of yq
according to the query sample xq.
Step 4: discard the existing model.
When new query variables come, repeat the
above steps until all query samples are predicted.

bution P(u) of the variables u=(u1, u2, …, un), where
m<n. This is achieved by first decomposing the joint
distribution P(u, z) into the product of the marginal
distribution P(z) of the latent variables and the conditional distribution P(u|z) of the data variables given
the latent variables. It is often convenient to assume
that the conditional distribution factorizes over the
data variables, so that the joint distribution becomes
(Bishop, 1998)
n

P(u, z )  P( z ) P(u | z )  p( z ) P(ui | z ).

(3)

i 1

This factorization property can be graphically
represented by a BN (Fig. 2), where the same graph is
drawn using the plate notation at the right side of the
arrow. In addition, the conditional distribution P(u|z)
can be expressed in terms of a mapping from latent
variables to data variables. One of the simplest latent
variable models is called factor analysis and is based
on linear mapping.

Fig. 2 Bayesian network representation of the latent
variable distribution (N represents the number of times
repeated by the same node)
Fig. 1 The Bayesian network between process variables
and quality variables in the soft sensor model

3 Bayesian network with latent variables
3.1 Latent variables

Latent variables are usually unobservable and
can be inferred by mathematical models based on the
observed data. This kind of variable is often introduced into a graphical model to describe the complex
dependencies among variables. By introducing latent
variables, the number of degrees of freedom within
the model can be controlled, while still allowing
correlations to be captured. In general, the goal of the
latent variable model is to use a smaller number of
latent variables z=(z1, z2, …, zm) to depict the distri-

3.2 Supervised Bayesian network
For quality-oriented information extraction, an
SBN is designed in this study. The topology of an
SBN including three Gaussian-distributed nodes can
be represented as Fig. 3, where nodes X, T, and Y
represent process variables, latent variables, and
quality variables, respectively. The purpose of designing a quality-related BN is to solve the similarity
calculation problem caused by the introduction of a
locally weighted method. From Yuan et al. (2014), we
know that the similarity calculated by latent variables
usually contains more known information.
Unlike the structure of MOE (Bishop, 1998),
node T in an SBN does not serve as the gate function
for regression calculation. Instead, parameter learning
for node T is designed to extract the hidden features.
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In other words, node T in the SBN helps take qualityrelated information into hidden layer construction.
The joint probability involved in this structure is as
follows:
P( X , Y , T )  P( X ) P(T | X ) P(Y | X , T ).

(4)

Once the BN is set up, training samples put into
the network are used to learn parameters of latent
variables. Inference is included in the SBN model
where marginal distribution or maximum probability
of variables is inferred by new evidence. To obtain the
latent variables and their corresponding nodes, both X
and Y of the training samples are considered as the
model input. That is why this structure is called supervised BN. Query samples are input for inferring
the corresponding results so that node T contains the
input and output information of the training samples,
as well as the input information of query samples.
To improve the soft sensing performance of the
SBN for the non-stationary process, a double-layer
similarity measurement strategy is developed based
on latent variables, where the original training samples are weighted for parameter learning.

and samples contained in the dataset, respectively.
When a new query sample arrives, the training dataset
including X and Y is preset in the moving window
first as in other studies. If the number of samples
contained in each window is w and the step of windows moving is s, then the number of samples traversed is W=ws; so, the training set corresponding to
each query sample xqXquery is Dtrain=(Xtrain,
Ytrain)(m+k)×W. Then the training set Dtrain is used to
train the quality-related BN, whose structure is explained in Section 3.2. Finally, latent variables are
inferred by the quality-related BN with the EM algorithm. The schematic of latent variable calculation is
shown in Fig. 4. Supposing that the rth training sample
belongs to the vth moving window, the latent variables
tr can be calculated by reasoning after training sample
xr is input to the BN as evidence. Therefore, according to Xtrain, the latent variables TW×i corresponding to training dataset Dtrain can be calculated, where i
is the number of latent variables. Then new process
variables xq (as query samples) are put into node X to
obtain latent variables tnew1×i corresponding to xq.

3.3 Calculation of latent variables
From the structure of the SBN proposed above,
latent variables can be extracted from process variables and quality variables of the training samples. For
simplicity, process variables and quality variables are

4 Locally weighted soft sensing by supervised Bayesian network

defined as X=(x1, x2, …, xn)m×n and Y=(y1, y2, …,

A locally weighted approach is introduced to
cope with the time-varying characteristics in the
process. Different from the similarity measurement
mentioned in Section 2, latent variables are taken into
consideration where quality-oriented information can
be involved in soft sensor construction. For nonstationary process soft sensing, a moving window
strategy is also adopted to build a local area where the
SBN can be applied and further transferred into a nonstationary process application through the doublelayer similarity measurement structure. This structure
is composed of three major parts including sample
local similarity, window confidence, and integration
similarity. This will be explained in detail in the following. The schematic of similarity calculation is
shown in Fig. 5.
1. Sample local similarity
In each moving window, the SBN is introduced

yn)k×n respectively, where m, k, and n are the
numbers of process variables X, quality variables Y,

Fig. 3 Structure of a supervised Bayesian network with
latent variables

4.1 Calculation of similarity
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Training samples

xr

yr

Supervised Bayesian network
X

xq

Y

T

Fig. 5 Schematic of similarity calculation
tr

tnew

Fig. 4 Schematic of latent variable calculation

to construct a local latent space so that the qualityoriented information can be employed for sample
similarity measurement. Here the Euclidean distance
between the latent variables is considered as the
sample similarity. In the vth window, the sample local
similarity can be represented as follows:
d v  (t new  t r )T (t new  t r ),

(5)

 d 
Sv  exp   v  ,
 d 

(6)

where φ is the tuning parameter with a value between
0 and 1 and σd is the standard deviation of dv. Note
that the value of similarity Sv is obtained mainly under
the assumption of the SBN model based on the
moving window data. It is a local value and cannot be
used directly for the weighted structure. Hence, the
weights of the moving window should also be
taken into consideration to avoid incomplete data
description.
2. Window confidence
A moving window strategy is always considered
as a powerful solution for non-stationary process
problems. It should be noted that one training sample
may be assigned to different windows at the same
time, which means that the sample local similarity is
highly dependent on the confidence of each window.
Local information can be well captured using the
moving window strategy, and an overlapping structure can also guarantee the consistency of process

modeling. Window confidence is therefore designed
to evaluate the authenticity of the local similarity
corresponding to one window. In this study, window
confidence is defined by the support vector data description (SVDD) method, which maps the raw data
to a higher-dimensional space and finds a hypersphere
to envelope the raw data in the training set. The vth
window confidence is defined as
2

win v  Rv tv  av ,

(7)

where av and Rv represent the central coordinates and
radius of the hypersphere constructed according to the
latent variables Tv calculated in the vth window, respectively. tv represents the corresponding coordinates of tnew in the hypersphere.
3. Integration similarity
To obtain the final similarity of one training
sample with respect to the current query sample, the
local information of different windows should be
integrated. As a result, integration similarity is applied by combining the information of local similarities and window confidences. In the vth window, the
final similarity of the rth training sample can be represented as follows:
s

Sim r   win v  Sv .

(8)

v =1

The integration similarity vector of training
samples with respect to the current query sample can
be expressed as

SIM =(Sim1 , Sim 2 , ..., Sim r , ..., SimW ).

(9)
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The local similarity will be given a large weight
when the corresponding window confidence is high.
Conversely, the local similarity is not reliable if the
window has a small confidence with the current query
sample. The integration attempts to construct global
similarity by combining the sample local similarity
and window confidence. This enables the application
of quality-related information extraction to nonstationary processes.
The detailed procedure of similarity measurement can be summarized as Table 1. After obtaining
the latent variables by the SBN, the sample local
similarity is first calculated by the Euclidean distance
of the latent variables corresponding to the query
samples and the training samples. Then SVDD is used
to calculate window confidence based on query samples and training samples of each sliding window.
Finally, the window confidence and sample local
similarity are integrated by multiplication to ensure
that the similarity contains both sample information
and variable information.

Step 2: establish an SBN based on local training
samples and obtain the corresponding latent variables.
Step 3: introduce the query sample into the above
SBN to obtain the corresponding latent variables.
Step 4: calculate the integration similarity based
on latent variables according to Eq. (9) and assign it to
the corresponding training samples.
Step 5: obtain a locally weighted SBN based on
the weighted training samples.
Step 6: obtain the predicted value of the quality
variable by introducing the query sample into the
network as evidence.

Table 1 Procedure of similarity measurement
Name
Function
Sample local
The Euclidean distance between the
similarity
query sample and each training sample
Window
The similarity of the query sample to the
confidence
whole of the window by SVDD
Integration
Used to assign weights to training data
similarity
Fig. 6 Schematic of quality prediction

4.2 Prediction of quality variables
After double-layer similarity is calculated, the
similarity is assigned to the original training data
(Xtrain, Ytrain):

Collect and divide historical data

Use moving window to obtain training data
Train SBN by unweighted training data

 X t = SIM  X train ,

 Yt = SIM  Ytrain .

(10)

The weighted data Xt and Yt are substituted into
nodes X and Y, respectively. As shown in Fig. 6, Xt
and Yt are used to learn parameters. Then the query
sample is input to the SBN as evidence to predict the
quality variables by inference.
In conclusion, the main steps of LWSBN for
quality prediction can be listed as follows (Fig. 7):
Step 1: introduce the moving window strategy to
split the dataset.

Calculate latent variables T, tnew

Use SVDD to calculate
window confidence

Query samples

Calculate sample
local similarity

Integrate similarity for data weighting

Train SBN by weighted training data
SBN for soft sensing

Fig. 7 Locally weighted soft sensing by a supervised
Bayesian network (SBN)
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Step 7: repeat steps 1–6 until quality prediction
is completed for all samples.

5 Case studies

In this section, the proposed LWSBN is tested
using a numerical example and a real industrial process.
For comparison, the LWBN and LWLR mentioned
above and a locally weighted supervised latent factor
analysis model (LWSLFA) (Ge, 2016) are also tested.
5.1 Numerical example
In this numerical example, it is assumed that the
dataset is generated by the following process:
 X = AT + e,

Y = CT + f ,

(11)

where A is a random 6×3 matrix, C is a random 1×3
matrix, and the number of latent variables T is 3. To
generate non-stationary data, T contains three modes,
and the ratio of each mode is (0.20, 0.25, 0.55). In the
three modes, T obeys the Gaussian distribution
T~N(μt, σt). The parameters of μt and σt are set as

Because of the absence of variable-wise correlation in the LWLR method, the corresponding performance is comparatively poor especially at some
peak points. As indicated by arrows 1 and 2, there are
large deviations in the prediction results of LWBN
and LWSLFA, while the proposed method LWSBN
can track quality variables better than the three other
methods. In addition, it can be seen that some obvious
errors and delays exist at the beginning of the new
modes. To verify the influence of the latent variables
mentioned above on the global similarity, threedimensional (3D) graphs of the similarity are plotted
in Fig. 9. Since different colors represent different
similarity degrees, it is easy to see that LWSBN assigns more uniform weights to samples, so that more
data information can be used. The predicted errors of
the four methods are plotted in Fig. 10, in which the
accuracy of the proposed method in soft sensor modeling can be demonstrated.
To compare the performance quantitatively, the
root mean squared error (RMSE) and the R2 statistic
are considered. They are defined as follows:
RMSE=
n

0.03 0.1 0.5
0.5 0.33 0.24 


μt =  2
6.5 12  , σt = 0.2 0.4 0.61 .
 1.5 3.3 1 
 1 0.32 0.21
2

In addition, e~N(0.2, 0.1 I) and f~N(0.1, I) are
measurement noises of input and output data respectively, where I is the identity matrix. To verify the
validity of the proposed soft sensor model, 1000
training samples and 200 query samples are generated
according to the above rules. In every local model in
LWSBN, 150 training samples are selected by the
moving window. The number of samples contained in
each window and the step of windows are set to be 15
and 10, respectively. In this study, we compare the
experimental results of our method with those of three
other methods (LWBN, LWSLFA, and LWLR). As
the Euclidean distance is involved in all four models,
the tuning parameter φ is set to 0.75. The prediction
results of the four methods are shown in Fig. 8 with
blue and red lines representing the actual values and
prediction results, respectively.

1 n
 ( yreal  ypred )2 ,
n i 1

R 2 =1   ( yreal  ypred )2
i 1

n

(y
i 1

real

(12)

 yreal ) 2 , (13)

where yreal, yreal , and ypred are the real value, average
value, and predicted value respectively, and n is the
number of query samples. A lower RMSE value indicates a smaller prediction error, while a better

Fig. 8 Predicted Y of the four methods in a numerical
example: (a) LWSBN; (b) LWBN; (c) LWSLFA; (d)
LWLR
References to color refer to the online version of this figure
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Fig. 9 Similarity diagrams in a numerical example: (a) LWSBN; (b) LWBN; (c) LWSLFA; (d) LWLR
References to color refer to the online version of this figure
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Table 2 Prediction of precision of the four methods in
the numerical example
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Fig. 10 Prediction of absolute errors in a numerical
example: (a) LWSBN; (b) LWBN; (c) LWSLFA; (d)
LWLR

accuracy can be reflected when the R2 value is very
close to 1. The RMSE and R2 values of all methods
are shown in Table 2. Compared to LWBN and
LWSLFA, LWSBN achieves a better prediction
result.

5.2 Industrial application: debutanizer column
In industrial refineries, it is important to optimize and test individual units and the whole process.

RMSE
R2

LWSBN
0.3862
0.9837

Precision
LWBN
LWSLFA
0.5225
0.9361
0.9712
0.9021

LWLR
0.1057
0.4640

RMSE: root mean squared error. The best results are in bold

This can greatly improve the safety and efficiency of
products. The debutanizer column is an important part
of the oil refining process. As a common soft sensor
model testing platform, strong non-stationaries are
included in the process data of a debutanizer column.
Therefore, it is necessary to adopt a nonlinear model
to obtain high prediction accuracy. The butane content in the debutanizer bottoms, which represents the
soft sensor output, is measured on the overheads of
the debutanizer column. The debutanizer column
dataset can be obtained from a real industrial sequential distillation process and contains 2394 samples and 7 input variables (Fortuna et al., 2007),
which are described in detail in Table 3.
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methods produce different similarities. As can be seen
from the prediction results, LWSBN has better
adaptability to the fluctuation of data.
The predicted errors of these four methods are
depicted in Fig. 13. We can see that the online prediction of LWSBN has a smaller absolute prediction
error. In addition, R2 and RMSE results of all methods

Similarity

Fig. 11 Prediction results in the debutanizer column: (a)
LWSBN; (b) LWBN; (c) LWSLFA; (d) LWLR
References to color refer to the online version of this figure

Similarity

Similarity

Similarity

One thousand training samples are selected and
another 400 samples are collected as the query samples under the same operating conditions. For each
query sample, 50 training samples are selected by
using 10 moving windows of size 5 and put into the
SBN for parameter learning using the EM algorithm.
Similarly, to further verify the performance of the
proposed method for the debutanizer column data,
LWBN, LWSLFA, and LWLR are employed. The
detailed prediction results of the four methods are
shown in Fig. 11. To clearly show the variation trend
of butane content, a semi-logarithmic diagram is
plotted. The clear difference and opposite change
trend are more easily seen in the positions of arrows 1
and 2 in the prediction results of LWBN and
LWSLFA. LWSBN is more accurate in tracking the
non-stationary system.
The similarity graphs are shown in Fig. 12.
Through four mesh diagrams of different similarities,
we can clearly see that different similarity calculation
methods or different latent variable calculation
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Fig. 12 Similarity diagrams in the debutanizer column: (a) LWSBN; (b) LWBN; (c) LWSLFA; (d) LWLR
References to color refer to the online version of this figure
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are listed in Table 4, showing that LWSBN acquires
higher prediction accuracy and better fitting effect.
All results indicate the superiority of the presented
LWSBN method in soft sensing of quality variable
prediction.

6 Conclusions

In this study, a quality-related locally weighted
soft sensing method based on a supervised BN with
latent variables has been presented for non-stationary
processes to precisely estimate key quality variables.
Different from previous BNs, latent variables were
extracted based on the SBN and a corresponding
Table 3 List of variables used in the design of soft sensors for the debutanizer column
Description
Top temperature
Top pressure
Reflux flow
Flow to the next process
6th tray temperature
Bottom temperature
Bottom pressure

Table 4 Prediction of precision of the four methods in
the debutanizer column

RMSE
R2

LWSBN
0.0321
0.9506

Precision
LWBN
LWSLFA
0.0525
0.0438
0.8679
0.9077
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