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The design and development of data-driven soft sensors is important to predict the
concentration of perilous pollutants in industry effluents to protect environmental health.
The aim of this research is to design a tail gas quality warning system in the sulfur
recovery unit (SRU) based on H,S and SO, concentration soft sensor utilizing multi-
state-dependent modeling method. The SRU in the petrochemical plant of ERG
PETROLLI, located in Italy, is selected as the study region for implementation of the
warning system. The generalized random walk- multi-state-dependent parameter method
(GRW-MSDP) for soft sensor design is proposed. The GRW-MSDP estimation system
is based on multi-state-dependent modeling method by utilizing the extension of the
generalized random walk model. The method has been developed by utilizing the
algorithms of extended Kalman filter (EKF) and fixed interval smoothing (FIS). The
quality warning system of tail gas based on the estimated concentrations of SO, and H,S
sends instructions to adjust the ratio of air to feed flow in the reaction furnace of SRU by
plant operators. The results indicate that the proposed estimation system can be efficient
in dealing with process non-linearity, high-dimensional values, and random missing data.
The comparative discussion of GRW-MSDP technique performance with different soft
sensing methods shows that the designed soft sensor model is more reliable with fewer
input variables, lower complexity and relatively higher prediction accuracy.
Furthermore, the great efficiency of the designed quality warning system is obvious from
the good accuracy and F1-score values of 99.4% and 0.8951, respectively.
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i Regressor numerator

L, Predecessor set

L+ Successor set

m Number of delay inputs

N Number of data points in time series
n Number of delay outputs

Np Number of parameters

Ns Number of state that SDP is a function of them
P Covariance matrix

Q Noise variance matrix

q Polynomial order of the SDP

Stochastic state vector

Output variable

Regressor

Hyper-parameters
Hyper-parameters
Hyper-parameters
Hyper-parameters

Pure time delay
Hyper-parameters
One-step-ahead prediction error
White noise vector with zero mean
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I. Introduction

In this modern epoch, a significant concern to mankind is
environmental pollution. Industrialization in developing
and developed countries is the main reason for
environmental pollution. The poor air quality in urban
environments can create chronic and acute sickness in
people [1]. Therefore, keeping good air quality has become
an important concern for most economies. H,S and SO, are
the conventional gaseous pollutants which can damage
people's health and atmosphere significantly. One of the

emission reasons for these gases is from industrial activities.

Recently, studies have been carried out about the adequate
treatment of gas containing the environmental pollutant
H.S from industrial activities before discharge into the
environment [2-4]. The sulfur recovery unit is a refinery
processing unit which eliminates H,S from refinery gas
flows before being delivered into the atmosphere. However,
there are remaining SO, and HS from the reactions in the
output gas flow from the SRU (tail gas). Hence it is
important to determine the tail gas quality of SRU as a
safety concern issue. Estimating the tail gas quality and
sending out warning signals based on the tail gas quality
value is necessary to control the ratio of air to feed flow to
SRU and thus avoid exposure to hazardous pollutants [5].
Many factors like the regional environmental issues and
characteristics of the instruments might impress the
variance of the data collected from traditional instruments,
thus the costly traditional instrumentation can be replaced
by soft sensors to estimate the H.S and SO, concentration.
The historical data can be employed by machine learning
and statistical methods to get important information that
can be utilized to make decisions for safe and robust process
operation. The online prediction of the product quality
variables is one type of this information which can be
achieved using data-driven soft sensors. The popularity of
data-driven soft sensors is rising with the accessibility of

stored data in industries and the accessibility of
computational potency for data processing [6,7].

The first data-driven soft sensors were designed by the
traditional offline modelling methods. The most popular
linear offline approaches include multivariate linear
regression (MLR) [8], partial least squares (PLS) [9],
principal component analysis (PCA) [10] and canonical
coordinates regression (CCR) [11] while the nonlinear
offline approaches include support vector machine (SVM)
[12] artificial neural networks (ANN) [13], neuro-fuzzy
(NF) system [14] and Gaussian process regression (GPR)
[15]. The nonlinear and linear offline approaches can be
merged to improve the soft sensor performance such as
nonlinear PLS (NNPLS) [16], nonlinear principal
component regression (NNPCR) [17], kernel PLS (KPLS)
[18], dynamic kernel PCA (DKPCA) [19] and least squares
support vector regression (LSSVR) [20].

Catalyst activity changes, Changes of process input
materials, changes in external environment and production
of different grades of product quality can lead to time-
varying behavior of processes thus a methodology is
needed to adapt the model online [21]. Adaptive soft
sensing methods are used to update the soft sensor model
frequently. The moving window (MW) models [22] and the
recursive updates of the PLS, least squares (LS), and PCA
methods are the first adaptive soft sensors [23]. Although
these methods can cope with slow process changes, they
cannot adapt soft sensors with sudden changes of process.
Thus, the local learning modeling methods are introduced.
The popular local modeling methods include the just-in-
time learning (JITL) method [24], correlation based just-in-
time learning (CoJIT) method [25], locally weighted
regression (LWR) [26].

If the models are adapted using faulty data, the estimation
accuracy of the soft sensor reduces. Therefore, data pre-
processing is employed to address data quality challenges
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such as high dimensionality, inconsistencies, outliers and
missing data [27]. In addition, there are methods to select
contamination-free and comprehensive data from large data
sets [28] and to deal with missing values such as
automatically excluding the missing data and employing
data imputation algorithms [29, 30].

Varying parameter models present a precise physical
interpretation for the real variables of process and can be
used instead of adaptive approaches [31, 32]. The models
of time variable parameter (TVP) and state dependent
parameter (SDP) are definitions of linear and nonlinear
time-varying systems, respectively. Each parameter of
univariate SDP models is varying with only one state
variable and is stated utilizing the generalized random walk
(GRW) model, estimated utilizing Kalman filter (KF)
technique, with the implementation of fixed interval
smoothing (FIS), data sorting and back-fitting algorithms
[31].

The SDP-based soft sensor extension which includes the
nonlinearities of multi-state dependent parameter (MSDP)
is necessary for a large category of dynamic, stochastic
nonlinear systems. Two best-known multi-state-dependent
modeling methods are the MSDP [33] and local
instrumental variable (LIV) [34] methods. In the MSDP
method, the parameters are estimated using an expansion of
the GRW model with the carrying out of extended FIS, data
sorting and back-fitting algorithms. In the MSDP approach
due to the presence of the Lagrange multipliers in the
extended FIS formulation, relationships achieved by the
method need to be parameterized for interpolation and
dealing with the missing data. If the model parameters
depend on three or more state variables, it will be difficult
or impossible to parameterize the model. Also, the MSDP
method cannot decrease the effect of outliers on estimation
of parameters. The instrumental variable (1V) technique is
employed to design the LIV method and in the LIV method,
the estimate of each MSDP is not impressed by other states
and regressors. But if there is a linear correlation between
the model regressors, the LIV method cannot be used
practically. The interpolation is performed directly without
parameterization in the LIV method but the method cannot
handle the missing data and cannot reduce the effect of
outliers on estimated parameters. Therefore, MSDP and
LIV methods need data pre-processing prior to use of the
methods.

The contribution of this paper is to design and implement
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a new data-driven soft sensor which estimates the
concentration of SOz and H,S in the tail gas flow from the
SRU based on the structure of multi-state-dependent
parameter (MSDP) and technique of generalized random
walk. The method, termed GRW-MSDP, estimates the
parameter values in the form of multivariable state space
utilizing the algorithms of extended Kalman filter (KF) and
fixed interval smoothing (FIS), combined with data sorting
procedure and back-fitting algorithm. The extended KF
decreases the effect of outlier data by assigning small
weight to them and the FIS algorithm handles the missing
data as a predictor-corrector type estimator. Therefore, the
main advantage of GRW-MSDP method is the not-
requirement of data pre-processing techniques. In the
proposed method, the prediction step of the FIS algorithm
is used to interpolate directly without parameterization.
GRW-MSDP method can be used in the presence of linear
correlation between the model regressors, due to the use of
the back-fitting algorithm in accordance with the single-
parameter approach. Separate from estimation, the design
of a quality warning system is important to analyze the tail
gas quality and to take precautionary actions to reduce the
content of pollutants in the tail gas stream. Therefore, the
innovation of this research is the design of a tail gas quality
warning system based on H,S and SO: concentration soft
sensor. In order to design the tail gas quality warning
system, a classifier has been modeled based on the
estimated concentration of H,S and SO.

This research mostly concentrates on the importance of
the tail gas quality warning system in the SRU in the
petrochemical plant of ERG PETROLI placed in Italy and
the GRW-MSDP estimation system is used to achieve
accurate determination of SO, and H»S concentration. Also,
the SRU model prediction capability and the performance
of the tail gas quality warning system are evaluated by the
existence of the missing values in the industrial dataset and
a comparison is conducted between the proposed approach
and other soft sensing techniques.

In the rest of this article, the study region, data analysis,
GRW-MSDP method and tail gas quality warning system
will be given in Section Il. Section Il presents the results
and discussions. Finally, conclusion is drawn in Section 1V.

II. Analysis and method
A. Study Region
In this paper, the sulfur recovery unit in the petrochemical
plant of ERG PETROLI, located in Italy, is selected as the
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study region. The SRU is a refinery processing unit which
recovers the elemental sulfur as a valuable byproduct from
acid gases such as H,S and eliminates the H,S pollutant from
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Fig. 1. Block diagram of sulfur recovery unit [5]

Sulfur

TABLE 1
INPUTS AND OUTPUTS OF SULFUR RECOVERY UNIT
Variable  Description Unit
Up MEA gas flow mé/hr
Uz First air flow (AIR MEA 1) mé/hr
Us Second air flow (AIR MEA 2) mé/hr
Ug Air flow in SWS zone (AIR SWS) m®hr
Us Gas flow in SWS zone m®/hr
Vi H,S concentration -
Y2 SO, concentration -

gas streams. The final gas flow from the SRU (tail gas)
contains remaining SO and H.S created by reactions.

The block diagram of the SRU is demonstrated in Fig. 1. The
acid gases containing H,S from the MEA plant and the acid
gases containing NHs and H,S from the SWS plant are fed to
a reaction furnace (F). According to the reaction (1), one third
of H,S is burned in the furnace to obtain H,S/SO,
stoichiometric ratio of 2 to 1. This proportion is kept fixed
during the entire process by adjusting air content in the
reaction furnace.

3 M)
st + 5 02 — SOZ + H20

The exhaust gases from the furnace are sent to a water
condenser. Then, in order to achieve elemental sulfur at 90%
according to reaction (2), two catalytic reactors (R) and two
condensers (E) are utilized.

2H,S + SO, — 3S + 2H,0 )

Air supplies O, for the reaction (1). If the air in the
reaction furnace is very little, there will be very much H.S in
the tail gas. But if the air is very much, there will be very much
SO; in the tail gas. Therefore, the air is an important factor in
the H,S conversion. If the reactants are in stoichiometric ratio
in the reaction (2), the total sulfur compounds are removed in
the catalytic converters and the tail gas becomes free of
pollutants. The [H,S]-2[SO;] value is zero in the optimal state
and is utilized as the process variable to control the ratio of air
to feed flow. Thus, adjusting the air flow rate (AIR MEA 1 and
AIR SWS) is manually done by the unit operators to ensure the
second reaction occurs in stoichiometric proportion. The
second air flow is controlled using an automatic feedback loop

[5]-

The concentrations of H.S and SO, residuals should be
monitored due to considerable hazard for process equipment,
the environment safety, and human health. Since direct
measurement of their concentrations during the processing is
difficult, the soft sensor methodology is suggested to estimate
SO, and HS contents.

B. Data analysis

The soft sensor model of the sulfur recovery unit is designed
based on MSDP methodology and input and output variables
provided in Table 1. The benchmark dataset for the SRU
contains 10081 samples, and in this paper the first 5000
samples are utilized as the train and test datasets. By the
consideration of process dynamics and expert knowledge
analysis, Fortuna et al. [5] presented a soft sensing model of
quality parameters of SRU as follow: In order to make it easier
to express, previous outputs yi(t-j) and previous inputs ui(t-j)
are shown as y;d; and u;d; in tables and models.

Vo V=eg lupus, o, us, uyds,uyd;, uid, .. usds, usd;, ?3)
usdy }

Where 3, and 7, are the predicted values of y, and y, for the
th sample, respectively.

Given that the total time of reaction (2) is large and
the process dynamic is slow [5], the present output value
depends on the values of previous inputs. Therefore, the
present inputs are eliminated and one-step delayed outputs are
added in set of input variables. In order to determine the most
impressive input variables, the analysis of correlation is done
between the outputs and the new set of inputs using the training
dataset that is shown in Table 2.

TABLE 2
CORREATION COEFFICIENTS BETWEEN OUTPUTS AT
TIME t AND t-1 AGAINST INPUT DELAY VALUES

U1ds Uid7 Uido U2ds Uzd7 U2do

Y1 -0.089 -0.132 -0.152 -0.158 -0.162 -0.154
Y2 0.141 0.175 0.191 0.202 0.206 0.198

U3ds U3d7 Usdg Usds Ugd7 Usdo

y:  -0.083 -0.120 -0.139 -0.095 -0.096 -0.098
Y2 0.035 0.072 0.098 0.056 0.056 0.057

Usds Usgd7 Usdg Y1d1 Yod1
Y1 -0.080 -0.077 -0.073 0.951
Y2 0.043 0.039 0.036 _ 0.944

Based on the maximum correlation coefficient in every input
variable, a set of 6 impressive variables is chosen for every
output variable to model the soft sensor (gray cells in Table 2).
In the following, the structures of the MSDP model for output
variables are given.

JA’I =& { u;dy, uyd;, usdy, u,dy, usds, y1d1 } (4)
)72 =8 { u;dy, urd;, usdy, uydy, usds, y2d1 } (®)
The training flowchart for soft sensor modeling based on
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MSDP shown in Fig. 2 is utilized to achieve the best structure
of MSDP model.

| Determine the independent variables (previous measurements of output and inputs) |

l

1- Select the previous measurement of ™ input and output as regressors

2- Select all independent variables as the states corresponding to parameters

{

Train the model based on GRW-MSDP method and calculate the performance indexes

|

the number j=
of previous
input variables?

1 Yes

select m models with the best performance (based on performance indexes)

!

Investigate the two-to-two combinations of states corresponding to the parameters

No

for i selected model

I

Select the best structure of parameters for i model

Compare m models based on operational indexes and select the best model from
between m models

Fig. 2. Proposed flowchart for soft sensor modeling

C. Generalized random walk-multi-state dependent
parameter method
The generalization of state-dependent auto-regressive with
exogenous variables models (SDARX) which includes the
nonlinearities of multi-state-dependent parameter is defined
as,

ntm+1 0 ‘ e,~N(0 , 0_2) (6)
V= Z x5 (s/1)z,+ e with O [0 .. ]
= t Lt 826" Sug
Vi J<n
z= s
U—s+n+i—j J-n

X=

—a; Jj<n
j

ﬁj—(n-#]) jzn

y,and u, are the outputs and inputs, respectively. z; is the
j™ regressor and n+m+1 is the number of regressors in the
model. n and m are the number of delay outputs and delay
inputs, respectively. x; (sﬁ’),t), a function of ngj corresponding
states (sf{t) i=1,2,...,ny), is the j» multi-state dependent
parameter, e; is a Gaussian white noise with zero mean and
variance ¢?, ¢ is pure time delay, ﬂi_(””) is the coefficient of
delay (j-n-1)" measurement of input and «; is the coefficient

of delay j™ measurement of output.
The GRW model for each SDP in a (gj+1) dimensional
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observation space defined as the state space form in Eq. (7) is
appropriate for recursive optimal estimation of multi-state-
dependent parameters (MSDPs).

X =F X + G @)

LI j=L2, .. ,mtn+tl , t=1,2,..,N

U I I

X, =P (50.0), B (50.0), - V93, (5.0)]

where X;, = [lj, d;;]" is the stochastic state vector associated
to j" state dependent parameter at " sample. d; and l;; are the
slope change and magnitude change of correspondent SDP,
respectively. gj (0; =0, 1, 2, 3, .. .) is the polynomial order of

T
the j" SDP in GRW. = [qw ’72j,l] characterized by a

covariance matrix Q,, allows stochastic changes in the
parameters and is a white noise vector with zero mean. The
GRW model parameters are known as hyper-parameters (o, f3,
7, 0, &, Q). Integrated random walk (IRW) (=1, a=1, p=1,
y=1, 6=0, ¢=1) and random walk (RW) (g;=0, a=1, =0, y=0,
0=1, £=0) are two cases of GRW general model.

The observation equation is as follow,

ntm+1

Y= Z Hj,t Xj,t+ €; (8)

where H;, represents the regressor vector H;, = [zjvt 0]. The
formulation of state space in Egs. (7) and (8) is appropriate to
estimate the MSDPs using two passes, “forward pass filtering”
and “backward pass smoothing” by the carrying out of the
extended Kalman filter and recursive fixed interval smoothing
(FIS), respectively. Fast changes of state variables cannot be
traced by GRW model. Therefore, prior to estimation of
parameters, the variables are sorted in a non-time order
according to the specific state variable. In this method,
Delaunay triangulation is utilized as the algorithm of data
sorting. After sorting N samples, the sets of predecessor (L,, )
and successor (L) are defined for each k™ sample. n,,
and ng, are the number of the closest p and f samples to
the k™ sample in L, and L, respectively. The following
numbered paragraphs display the step by step calculations of
forward-pass filtering algorithm:

(1) KF algorithm includes two steps of prediction and

correction. Foreachk=1, 2, ..., N, follow the steps below.
(1-1) For each n,,, calculate Egs. (9) and (10).
X, =F X, 9)
P,,=F P, F'+G Q, GT (10)

where P, ,and X, , are the covariance matrix of predicted
parameter vector and parameter vector prediction from every
n, i, respectively. G and F are obtained by Eg. (7) and Q,

is the noise variance ratio matrix (NVR).
(1-2) Estimate the predictive parameter vector using Egs.
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(11) and (12). Then, correct the predictive parameter

vector using Egs. (13) and (14).
-1

1
Py=|— D Pl 1)
np k
’ []ELp,k
Xip= Py Z P, X, (12)
pELp,k
Pk = Pk\p (13)
- Py, H{ R, H, Py, , R=1+H, Py, H]
X, =Xy, P Hl g, &=y, — H X, (14)

Py, and X,, are the covariance matrix of predicted
parameter vector and parameter vector prediction, respectively.
X, and P, are the covariance matrix of Estimated parameter
vector and parameter vector estimate, respectively. The
estimate of Eqgs. (11) and (12) is based on entire points that are
less than k in sorted order and, the estimation of Egs. (13) and
(14) is based on entire points that are less than or equal to k in
sorted order. ¢, (one-step-ahead prediction error) and R, are
the residual at k™ sample and its covariance, respectively.

The EKF algorithm is just used in the process of optimizing
the hyper-parameters. prt is the optimum NVR matrix and
the maximum likelihood (ML) or cross validation (CV)
approaches can be employed to optimize NVR hyper-
parameters [33, 35]. The optimization is started with the
primary values for the hyper-parameters, which either are set
to default values or are chosen by the user. The concentrated
likelihood and CV functions are expressed as:

N N,
1[1 1o &
log(L,)= 3 Nz log(R;) +1log NZ 7
= [

N
ov=a Z ) (16)
N k
k=1
The EKF algorithm is utilized frequently to generate ¢, and
R;. The optimization functions are numerically minimized
relative to the unknown hyper-parameters to find minimum L.
and CV.
The backward pass smoothing for MSDPs estimation is
carried on the following procedure:

(1) The FIS algorithm obtains a smooth estimation based
on entire points in the time series and eliminates any
lag effect. For each k = N, ..., 2, 1, estimate the
smoothed parameter vector by Egs. (17) - (20).

(15)

% -1
P,=Q,—Q,F' (Q,+FQ,F) FQ, 17)
1 1
Q=—GQ"G ; Q=—G Q"G
Tk s
P,y =P, — P, H] (1+H, P, H)) ™ H, P} (18)
X;=FX,+P F' Q' (X;— F°X;) (19)
_ 1 _ 1
Xp= Z Xy 5 Xp=— Z Xy
Ny k ! Nk
" pELy; Pt reLgy

Xy =X + Pyy H{ (y, — He X)) (20)
P,y and X,y are the covariance matrix of the smoothed
parameter vector and the smoothed estimate of the parameter
vector, respectively. Interpolation and missing data prediction
are performed directly without parameterization by the
prediction step ( X;) of FIS. The iterative Gauss-Seidel
technique is used to solve the system of FIS algorithm linear
equations. After estimating each MSDP, the estimated
parameters need to be reordered in time order before the back-
fitting algorithm carries on for the subsequent parameter.

GRW-MSDP modeling method is utilized as the core of a
data-driven soft sensor for prediction of concentration of SO,
and H.S in the tail gas stream.

The prediction efficiency of soft sensing models is
determined using four performance indexes; determination
coefficient (R?), mean absolute error (MAE), root mean
squares error (RMSE), and young information criterion (YIC)
as follows:

(21)

(22)

(23)

(24)

Vo j/j and y are the actual value, predicted value and mean
values of y, respectively. p;, ozpj and n, are parameter

estimates, the estimated error variance on the j™ parameter and
the number of parameters, respectively. The YIC, a negative
value, evaluates the relationship  between  over
parameterization and model fit. The best model has the
lowermost YIC, MAE and RMSE values and the highest R2.

D. Tail gas quality warning system

The designed tail gas quality warning system is
demonstrated in Fig. 3 as a block diagram. The air and feed
flow rates are fed as inputs to the designed GRW-MSDP
estimation system. Then, the concentration of H.S and SO,
computed by GRW-MSDP approach are given as inputs to a
computational block as a classifier. The class assignment for
the classifier is performed based on the criteria presented as
follows, which are created according to the change in air flow
rate to minimize pollutants in the tail gas stream.
Class +1: H,S concentration-2(SO, concentration) > 0
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Class -1: H,S concentration-2(SO; concentration) < 0

+1
Air s —» Airincrease
GRW-MSDP > | [HS]-2[S02]
estimation system Classifier
Feed 4 SO,
Air decrease

-1
Fig. 3. Block flow diagram of tail gas quality warning system

If the classifier provides class +1 as output signal, the tail
gas quality warning system produces an alarm showing that the
air in the furnace is too little and tail gas contains too much of
H,S. Therefore, in order to adjust the H,S/SO, stoichiometric
ratio and reduce pollutants in the tail gas, the air flow must be
manually increased by the unit operators to occur second
reaction in the stoichiometric proportion. If the air in the
furnace is too high, tail gas contains too much SO, and the
classifier returns class -1 as the output. Therefore, in order to
occur reaction (2) in the stoichiometric proportion and reduce
pollutants in the tail gas, the air flow must be decreased
manually by the operators.

The classifier performance evaluation is indicated by
calculating accuracy and F1-score [36] based on the following
equations.

Correct classifications

Al = 25
ceuracy Number of observations (25)
Precision x Recall
Fl-score =2X ——M8 (26)
Precision + Recall
True positive
Recall =

True positive + False negative
True positive

Precision = — —
True positive + False positive

III. Result and discussion

The model identification is performed based on RW
parameter variation model and CV optimization criterion. The
soft sensor model structure is obtained using the training
flowchart. The training results for y; and y, are demonstrated
in Table 3 and Table 4, respectively. First, all possible
combinations of the regressors and states for soft sensor
modeling are specified. Secondly, the models are trained based
on GRW-MSDP method and the models with the best
performance are selected which are shown by *. In fact, a
model with a high R? and a quite low YIC is chosen, since a
quite big YIC shows the possibility of over-parameterization.
Then, the two-to-two combinations of states corresponding to
the parameters for selected models are investigated and the
best parameter structure for models are Selected (see colored
cells in Table 3 and Table 4). Finally, the best configuration of
the MSDP model is chosen by comparison between selected
structures. Due to the use of the RW parameter variation model,
when the value of the parameter NVR is very small, the
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parameter can be assumed to be constant. Thus, structures 6, 8,
and 10 in Table 3 and Table 4 transform into 7, 9, and 11,
respectively. Since the concentration of H,S and SO in tail gas
is dependent on H,S and air input to the process, the regressors
and states of three mentioned structures in Table 3 are
acceptable and logical in terms of expert knowledge. In Table
3, structure 11 increases the model accuracy on training data
by increasing the NVR value, but it decreases the predictability
of test data (R%es is low). By comparing structures 7 and 9, 7
is selected as the best model structure for predicting the H,S
concentration due to its lower RMSE, MAE and YIC and
higher R2 Since in structure 7 in Table 4, the SO,
concentration is calculated by delayed amount of incoming air
and one-step delayed output, this structure isn’t acceptable in
terms of expert knowledge. Finally, by comparing acceptable
structures 9, 11 in Table 4, 11 is selected as the best model
structure due to its lowest YIC, and R?, RMSE, MAE and R?
almost identical to the 9 structure.

The best structures of MSDP models for estimating the
concentrations of H,S and SO, are determined as:

Vi =a {u3d9,y1d1} udy +b;y,dite @7)
¥,= ax{usd; usdo} usds + by y,d +e, (28)
where a; and a; are MSDPs and b; and b, are constant

parameters.

In the unfavorable conditions, the designed estimation
system is a better alternative than costly traditional instruments
to achieve fast and precise results and has too low RMSE of
0.01836 and 0.01549 for H,S and SO,, respectively. When the
missingness is not random, missing at random (MAR) happens
in a dataset, and in this case the missingness is totally
accounted for by variables that contain complete information.
To demonstrate the robustness of the proposed soft sensor
modeling method, the output value of 550 random samples
from the training dataset of y; and y. are missing according to
the MAR mechanism. Figs. 4 and 5 show the real and predicted
values of y; and y, on the training dataset, respectively. The
missing values are indicated by regions marked by rectangles.
According to the results, the estimated and real values agree
well with each other in both y; and y, and the used method can
accurately predict the missing values.

Among the total of 2500 data samples utilized for classifier
in the presence of missing values, there are 17
misclassifications and 2483 data samples are classified
correctly. In the 17 misclassifications, 10 are false negatives
and 7 are false positives. In the 2483 correct classifications,
there are 2419 true negatives and 64 true positives. Accuracy
and F1-score are obtained as 99.32% and 0.8828, respectively
for the tail gas quality warning system demonstrating that the
designed quality warning system is reliable in the presence of
missing values.

TABLE 3
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regressors states NVR R? RMSE MAE YIC R%est
U1dg U1dg_ U2d7‘ U3dg, U4dg‘ 4.95305
Usds , y1d;
1* y1d1 U1dg_ U2d7‘ U3dg, U4dg‘ 1.20519¢e-18 0.90608 0.02053 0.00582 -63.1956 0.88536
Uss , y1d;
U2d7 U1dg_ U2d7‘ U3dg, U4dg‘ 1.93132e+1
Usds , y1d;
2 y1d1 U1dg_ U2d7‘ U3dg, U4dg‘ 1.63352e-14 0.90818 0.02029 0.00580 -53.7448 0.88350
Usds , y1d;
U3dg Uldgv Uzdyv U3dgy U4dg' 3.77913
Usds , Y1y
3* yid; Uz, Uzdl, s, Ugds 1.18134e-16 090480 002068 000628  -58.6019  0.88291
Usds Y10y
U4dg U1dg_ U2d7‘ U3dg, U4dg‘ 2.38604e+1
Usds , y1d;
y1d1 U1d9_ U2d7‘ U3d9, U4dg‘ 5.32083e-15 0.90975 0.02015 0.00585 -54.8812 0.88479
4 Uss , y1d;
Usds U1dg, Uzd7, U3d9, U4dg, 1.58471
Usds , yidy
5* yids Uy, U207, Usdy, Ugdy, 2.65594e-19 0.90512 0.02067 0.00604 -64.6855 0.88552
Usds, Y10y
U1d9 (U3d9, y1d1) 2.13511
6 Vit (Vs Usch) 586497621 0.92297 0.01859 0.00519 -66.4423 0.87593
Uydy (usdg y1ds) 1.80000
7 0.92477 0.01836 0.00502 -20.9464 0.88787
yads ) 0
Usdo (U1dg, Uzd‘/) 8.12757e-1
8 yids (Uxds, Uzds) 177828617 0.91196 0.01987 0.00560 -57.7681 0.88787
Ugdg (U1dg, U2d7) 3.14381e-1
9 yids ©) 0 0.91077 0.02002 0.00559 -20.6170 0.89052
Usds (Uzd‘/, Ugdg) 3.82804
10 y1ds (u1do, y2d) 3.13960e-15 0.94626 0.01552 0.00458 -53.4242 0.89056
Us0s (Uzd7, U3dg) 3.48962
11 0.94654 0.01548 0.00475 -21.4786 0.86515
TABLE 4
TRAINING RESULTS FOR y2 WITH VARIOUS REGRESSORS AND STATES
regressors states NVR R? RMSE MAE YIC R%iest
uxdo U1dg, Uo7, Usdg, 3.29193
Usdo Usds Yoy
1 Y201 Updo, U207, Ugdo, 1.21432e+4 0.99342 0.00447 0.00169 -19.8493 0.88826
Uy, Usds, Y20y
Uydy Uldg, U2d7, U?,dgv 1.11852e+1
U4 Usds , yods
2 Y21 Uydo, Ud7, usdo, 4.88249e+3 0.98359 0.00706 0.00283 -18.1709 0.88801
U4 Usds, Yod1
U3d9 U1dgv U2d7, U3d91 5.47454
Usdo, Usds  Yods
3 Y21 Uydo, Ud7, usdo, 2.43154e+4 0.99704 0.00300 0.00104 -21.3284 0.88868
* U4 Usds , yods
U4d9 Uldg, U2d7, U?,dgv 1.61668
U4 Usds , yods
4 Yod1 Uydg, Upd7, Ugdg, 2.94792e+4 0.99743 0.00279 0.00093 -21.5301 0.88617
* U4 Usds, Yod1
U5d5 U1dgv U2d7, U3d91 1.06796
Usdo, Usds  Yods
5 Y201 Uy, Ud7, usdo, 1.97858e+4 0.99599 0.00349 0.00122 -20.7206 0.88684
* U4 Usds, Yods
U3d9 (U4dg, U5d5) 8.53372e-19
6 Vats (Ut Uade) 508381641 0.96103 0.01088 0.00525 -55.2530 0.88752
U3d9 (-) 0
7 Vot (Ut V) 5 30059641 0.95882 0.01118 0.00528 -18.0488 0.88722
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U4d9 (Uldg, U5d5) 3.86188e-21
8 yods (Uxdo, Usds) 261123 0.92065 0.01552 0.00652 -57.0638 0.88715
U4d9 (-) 0
9 yad; (Uds, Usds) 4.86968 0.92165 0.01542 0.00658 -18.2832 0.88716
U5d5 (U2d7y Ugdg) 1.20091
1 y2ds (uads, yod) 9.29781e-17 0.91762 0.01581 0.00640 -56.5420  0.88809
0
Usds (Uzd7, Usdg) 1.43076
1 el © 0 0.92094 0.01549 0.00640 -22.2774 0.88739
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Fig. 5. SO2 concentration prediction results on train dataset (a) free of missing data, (b) with missing data

Figs. 6(a) and 6(b) display the real and estimated values of
y1 and y. on the testing dataset. Since the estimated and real
values agree well with each other in both y; and y,, the GRW-
MSDP method can properly model the nonlinearity. Among a
total of 2500 samples utilized for the classifier in the testing
dataset, there are 15 misclassifications and 2485 data samples
are classified correctly. In the 15 misclassifications, 10 are
false negatives and 5 are false positives. In the 2485 correct
classifications, there are 2421 true negatives and 64 true
positives. Accuracy and F1-score are obtained as 99.4% and
0.8951, respectively for the tail gas quality warning system
demonstrating that the designed warning system is reliable in
testing dataset.

The scatter plots of output concentration estimations against
real values are presented in Figs. 7(a) and 7(b). The estimated
and real values are in good compromise with each other and
most of the data samples are situated along the diameter line,

which displays great prediction accuracy of the soft sensor.

The average relative error between the predicted and actual
output values of y; and y, for the whole set of 5000 samples
are 5.54% and 6.28%, respectively, which show the proper
performance of soft sensor prediction. The GRW-MSDP
method prediction performance is compared with different soft
sensing approaches for the SRU in Table 5.

According to the performance indexes presented in Table 5,
linear models such as MLR, PCR and PLS have a relatively
high RMSE and have displayed undesirable performance in
dealing with the nonlinear data. The RMSE of several models
such as LASS, OLPLS, SELPLS, ELFIR-SKRLS, MWtrPBC,
MWAdp -JITL, JITLyr —MWI, SDP, MSDP, C-vine CR, D-
vine CR, R-vine CR, JITL-GRNN and SCN are too close to
the GRW-MSDP approach. In the mentioned models (With the
exception of SDP, MSDP, MWAdp -JITL, C-vine CR, D-vine
CR, R-vine CR and JITL-GRNN), the output variables are
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predicted using 20 or more input variables, while more input
variables lead to high model complexity and high
computational load.
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In MWAdp -JITL, C-vine CR, D-vine CR, R-vine CR and
JITL-GRNN, the input delay values were not considered as
input variables, so the designed soft sensor models are not
appropriate for control aims. None of the mentioned soft
sensors except SDP and MSDP were considered the system
dynamic (delayed outputs), while if the previous information
of the output variable is considered, it has a significant effect
on improving the quality prediction with fewer input variables.

The current modeling method can be included in the category
of the best methods due to few inputs, simple model, low
computational load, suitable performance indicators, direct
interpolation without parameterization and automatic dealing
with missing data.

IV. Conclusions

H>S and SO, are dangerous air pollutants and their estimation
is important for keeping environmental health. The tail gas
stream from the industrial sulfur recovery unit contains
remaining SO, and H,S created by reactions and it is
significant to design an efficient tail gas quality warning
system. The SRU in the petrochemical plant of ERG PETROLI
in Italy is selected as the study region for implementation of
the warning system. A machine learning approach namely
GRW-MSDP is suggested for the development of an efficient
soft sensor to compute the concentration of SO, and H,S. The
performance evaluation of the designed estimation system
based on GRW-MSDP demonstrates that the suggested
method is more efficient in modeling nonlinear systems and in
dealing with random missing values, and high-dimensional
data. A comparative study between different estimation
methods for SRU has shown that the proposed method
considerably reduces the error while is more robust and
reliable with fewer input variables, less complexity, and
relatively higher prediction accuracy over other presented
estimation approaches. A fast classifier is utilized to design the
tail gas quality warning system based on the suggested soft
sensor and the accuracy and F1-score of the warning system
are obtained as 99.4% and 0.8951, respectively. The precise
results for GRW-MSDP estimate system and classifier indicate
that the designed tail gas quality warning system is reliable.

TABLE 5
COMPARSION OF PREDICTION RESULTS OF VARIOUS SOFT SENSORS FOR SRU

H,S concentration

SO, concentration

Publication Model type No. of variables R? RMSE MAE R? RMSE MAE
MLP* 20 - 0.0300 - - 0.0200 -
RBF? 20 - 0.0424 - - 0.0387 -
Fortuna etal. [5] NF 20 ; 0.0346 ; ; 0.0283 -
Nonlinear LSQ? 20 - 0.0283 - - 0.0200 -
PLS 5 - 0.0528 - - 0.0563 -
Ge and Song [37] LSSVM* 5 - 0.0401 - - 0.0512 -
RVM?® 5 - 0.0397 - - 0.0511 -
JITPLS 20 - 0.0210 - - 0.0238 -
Shao et al. [38] RPLS® 20 - 0.0196 - - 0.0209 -
OLPLS’ 20 - 0.0162 - - 0.0142 -
Shao and Tian LWPLS? 20 - 0.0181 - - 0.0179 -

Multi-Layer Perceptrons

Radial Basis Function

Nonlinear Least Square

Least-Squares Support Vector Machine

N

5 Relevance Vector Machine
® Recursive PLS

7 Online Local PLS

8 Locally Weighted PLS
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