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Abstract

In the ethylene industry, the high purity of the ethylene product depends on

hydrogenation in acetylene hydrogenation reactor. Because the catalyst deacti-

vation leads to the moving of the operating point, the operation scheme must

be adjusted continually according to the catalyst activity. It is necessary to esti-

mate the catalyst activity online. Based on the discrete dynamic model of the

acetylene hydrogenation reactor, the extended Kalman filter (EKF) is used to

build the soft sensor for catalyst activity. Considering that EKF involves the

large computation costs, we propose a method that estimates the parameters

of the time-varying deactivation kinetics model for the tradeoff of accuracy

and complexity. The method is effective to reduce computation complexity of

estimation, and simultaneously, the accuracy satisfies the process requirement.
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1 | INTRODUCTION

The acetylene hydrogenation reactor is a common reactor
for purifying ethylene stream in industry, where the
palladium catalyst is often used.1,2 For simplified
modeling, the one-dimensional pseudo-homogeneous
model has been widely accepted for the modeling of
acetylene hydrogenation reactor.3-5 Moreover, the
improved bimetallic catalyst is also extensively utilized,
and comprehensive research about modeling and analy-
sis has been carried out.6,7 For higher modeling accuracy,
the two-dimensional heterogeneous model is also used
for the modeling of acetylene hydrogenation reactor,8,9

which is also of higher computation complexity. Based
on these models, the relationship among variables is ana-
lyzed, and the nature of critical variables is elucidated.

During the running of acetylene hydrogenation reac-
tor, the catalyst deactivation is an inevitable problem.10,11

As the catalyst activity slowly declines with time, the

operation must be adjusted. Modeling of catalyst deacti-
vation has been studied by many scholars.12-16 Several
catalyst deactivation models are proposed, and the major-
ity of studies consider that the catalyst deactivation is
related to temperature and catalyst poisoning.17,18 In
practical production process, the fitted curve of industrial
data is employed for temporary catalyst deactivation
modeling, which is of no universality.

In industrial processes, it is necessary to obtain some
key variables that cannot be measured through online
estimation for better control and optimization,19-21 so the
method of soft sensor is developed. In recent years, the
data-driven statistical regression soft sensor has been
applied in chemical processes, such as principal compo-
nent analysis,22-24 partial least square,25-27 artificial
neural network,28,29 support vector machine,30,31 and
just-in-time learning.32-34 Considering the nonlinearities
and time-varying characteristics, a soft sensor develop-
ment based on supervised ensemble learning with
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improved process state partition is proposed.35 Deep
learning, a subset of machine learning, is capable of
learning deep, hierarchical artificial neural networks
efficiently. In recent years, deep-learning-based architec-
tures have been applied in data modeling of soft
sensor.36,37 Based on quality prediction and process
monitoring methods in process industries, deep quality-
related feature extraction with hybrid Variable-Wise
weighted stack auto encoder (VW-SAE), hierarchical
quality-relevant feature representation and extended
deep belief network have been developed for soft sensing
modeling.38-40

Although the model-driven soft sensor is more
effective for specific plants, in the previous research of
acetylene hydrogenation reactor, a simple soft sensor
calibration scheme based on output correction is
proposed.41 In addition, dynamic modeling of soft sensor
is a significant problem that should be addressed. In
recent years, process data dynamic modeling approaches
have been used for soft sensor, such as linear dynamic
systems and long-short term memory.42,43 For the state
estimation problem for nonlinear systems, the extended
Kalman filter (EKF) is employed, which is much favor-
able in practical process engineering.44-46 In consider-
ation of the errors resulting from linearization, a new
robust design approach for a discrete-time EKF is
proposed.47 To handle the stochastic uncertainties in
discrete-time nonlinear systems, a linearization error
model is established as a norm-bounded uncertainty term
for robust EKF.48 It is provided that the continuous-
discrete EKF is more accurate and preferable for practical
use.49-51

In existing work, the catalyst activity of acetylene
hydrogenation reactor is used as a lumped parameter or
one-dimensional distribution parameter.1-8 The activity
of the catalyst after a long period of operation is calcu-
lated by the catalyst deactivation kinetic model, without
considering the model mismatch caused by uncertain fac-
tors.52 Thus, the main differences between this paper and
the existing work are shown as follows: The catalyst
activity is regarded as a two-dimensional distribution
parameter for estimation and calculation; an online EKF
estimator is constructed to estimate the activity accu-
rately in real time, considering that estimated activity of
distribution parameter consumes excessive computation
time; and an improved EKF method based on the deacti-
vation kinetic model of catalyst is proposed to reduce
computation complexity and simultaneously to ensure
estimation accuracy. Further, in this paper, Pareto set is
used to analyze the discrete interval and the estimated
parameters in the improved method, and the optimal
strategy with satisfactory accuracy and estimated time is
obtained.

2 | PROBLEM DESCRIPTION

Acetylene hydrogenation reactor is a device for removing
acetylene from high concentration ethylene stream by
catalytic hydrogenation. In the process of reaction, the
catalyst activity in the reactor is gradually decreasing
with time, until the reactor stops running and carries out
catalytic regeneration. This process lasts for several
months or even a year. The main products of the reaction
are ethylene, ethane, and green oil. The content of acety-
lene in the reaction gas is small, and the content of acety-
lene at the reactor outlet needs to meet the process
requirements. Generally, the reactor contains multiple
beds, and a green oil cleaning device is set between the
beds to remove the green oil carried in the gas after the
reaction.

Catalyst deactivation is a complex process involving
surface temperature variation of catalyst, accumulated
oligomer by secondary reaction, and changes of molecu-
lar structure. For catalyst activity, a major factor is the
temperature variation of the catalyst surface in the short
run. But in the long run, surface micropores of catalyst
are clogged with oligomer of secondary reaction, and it
leads to the slow decreasing of catalyst activity. Instead of
a lumped parameter or one-dimensional distribution
parameter, this paper defines the catalyst activity as a
two-dimensional distribution parameter of radical and
axial direction θ(Z,R). Similarly, the oligomer concentra-
tion adhering to catalyst micropores by secondary reac-
tion is also defined as a two-dimensional distribution
parameter of radical and axial direction. As shown in
Figure 1, the decreasing curves of catalyst activity in reac-
tor axial have a different tendency.

FIGURE 1 The catalyst activity of the first reactor bed at

180-day operation
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The existing research of the acetylene hydrogenation
reactor focus on offline operation optimization, but the
optimal operating point will deviate because of decreas-
ing catalyst activity with time. Compared with other
disturbances, the decreasing catalyst activity has a signifi-
cant effect on product. Thus, the two-dimensional hetero-
geneous deactivation model based on the intrinsic
kinetics is used in this paper.

Figure 2 shows the tendency of optimal inlet tempera-
ture that is treated as one of commonly optimization vari-
ables in acetylene hydrogenation reactor. It illustrates
that the optimal operation point of the actual reactor in
the whole running cycle is related to the decreasing cata-
lyst activity and the online catalyst activity estimation is
necessary.

In our previous work, we realized the offline full cycle
optimization of acetylene hydrogenation reactor,52 taking
the influence of catalyst deactivation into account. How-
ever, the offline optimization is difficult to cope with the
activity changes caused by the unmeasurable uncer-
tainties in actual industrial process. To make the feasible
optimal operation strategy, the online soft sensor for cata-
lyst activity is needed. The advantage of online soft sen-
sor is that it could estimate real-time values of the state
variables which are difficult to measure directly. By the
online soft sensor of the acetylene hydrogenation reactor,
the real-time activity of the catalyst could be obtained
accurately, and the optimality and robustness of the oper-
ation and control strategy could be improved.

In addition, there are certain requirements for accu-
racy and estimation time of the online soft sensor. For
the accuracy, the estimated mean standard deviation
should not exceed the activity difference between the last
day of the operating cycle and the day before, as shown
in Table 1. Considering that the temperature runaway of
the reactor caused by the sudden activity change must be

avoided in the actual industrial process, the feedback of
the activity in the reactor should be received regularly
during operation. Hence, online calculation time of soft
sensor should be controlled within 1 hr. In addition, if
the reactor is controlled by an advanced process control-
ler (APC), the online calculation time of soft sensor
should be about 3 min.

3 | CATALYST ACTIVITY
ESTIMATION OF EKF

In response to the above problem description, the two-
dimensional heterogeneous model of the reactor is
employed. In general, during operation optimization of
the acetylene hydrogenation reactor, it is assumed that
all the catalyst activity is equivalent in all internal sites of
reactor. In this paper, considering the integrality of the
acetylene hydrogenation reactor, the internal catalyst
activity is treated as a two-dimensional distribution
parameter. To design a soft sensor of activity, due to the
long duration of the reactor (about a few months even
1 year), the model should be discretized. Considering the
catalyst activity of radical and axial direction, the model
has been established in our previous work.52 Based on
that, we propose the acetylene hydrogenation reactor
model for discretization. θ(k)is defined as distribution
catalyst activity of radical and axial direction. Mass
balance discrete equation for fluid phase is as follows:

pgik Z,R,kð Þ= pgik Z,R,k−1ð Þ+ u kð Þ∂p
g
ik Z,R,kð Þ
ε∂Z

+ f 1 Z,R,kð Þ:
ð1Þ

Thermal balance equation for fluid phase is as
follows:FIGURE 2 Optimal inlet temperature in a regenerate cycle

TABLE 1 Requirements of estimated accuracy and time52

Variable
Online
optimization

Safe
operation APC

Catalyst activity
deviation of inlet

≤0.014 ≤0.014 ≤0.010

Catalyst activity
deviation of center

≤0.0064 ≤0.0064 ≤0.0059

Catalyst activity
deviation of outlet

≤0.0018 ≤0.0018 ≤0.0018

Average activity
deviation of the
reactor

≤0.0076 ≤0.0076 ≤0.0063

The estimated
time (s)

≤28,800 ≤3,600 ≤180

Abbreviation: APC, advance process controller.
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Tg
k Z,R,kð Þ=Tg

k Z,R,k−1ð Þ−u kð Þ∂T
g
k Z,R,kð Þ
ε∂Z

+ f 2 Z,R,kð Þ:
ð2Þ

Mass balance equation for catalyst phase is as follows:

psik Z,R,kð Þ= psik Z,R,k−1ð Þ+ θ Z,R,kð Þ ri
1−ε

+ f 3 Z,R,kð Þ:
ð3Þ

Thermal balance equation for catalyst phase is as
follows:

Ts
k Z,R,kð Þ=Ts

k Z,R,k−1ð Þ+ θ Z,R,kð Þ
1−εð Þρscps

X2
j=1

ηjrjΔHj + f 4 Z,R,kð Þ,

ð4Þ

where p is gas partial pressure in the reactor and T is
temperature in the reactor. u is the control matrix; r is
the reaction rate of the gas; ε is the porosity of catalyst;
ρis the average density; cpis the heat capacity; and sub-
script i = a, b, and c is acetylene, ethylene, and hydrogen,
respectively. Subscript k denotes the sequence number of
reactor bed with k = 1, 2, and 3. Superscript s and
g represent the variable of gaseous fluid phase and solid
catalyst phase for the heterogeneous model. To simplify
the equation, f1–f4 is the part that indirectly related to the
estimated catalyst activity. Model parameters are shown
in Table 2.

We want to estimate the internal activity of a three-
stage acetylene hydrogenation reactor operating for
180 days. The inlet operating data of the three-stage bed
reactor are shown in Table 3.

Kalman filter (KF) is the most widely used state esti-
mation method that has been widely applied in commu-
nication, navigation, guidance and control, and other
fields.53 KF has many different forms. The most common
application of the KF to nonlinear systems is in the form
of EKF. Exploiting the assumption that all transforma-
tions are quasi-linear, the EKF simply linearizes all
nonlinear transformations and substitutes Jacobian
matrices for the linear transformations in the KF equa-
tions.54 Considering that the acetylene hydrogenation
reactor is a complex nonlinear system, EKF is adopted
for online estimation of catalyst activity.

Based on acetylene hydrogenation reactor discrete
model, catalyst activity discrete dynamic model is shown
in Equations (5)–(7).

θ kð Þ=H kð Þθ k−1ð Þ, ð5Þ

y kð Þ= h θ kð Þ,u kð Þ,v kð Þð Þ, ð6Þ

v kð Þe 0,R0ð Þ, ð7Þ

where h is acetylene hydrogenation reactor discrete
dynamic model, v is the associated measurement error
that obeys normal distribution for catalyst activity, and
H(k) is linearization model based on catalyst deactivation
kinetics equations, as shown in Equation (8).

H kð Þ= kd e−
Ed

RgTs k−1ð Þ
Xk−1

j=1

psa
2 jð Þpsc jð Þ

1+Kdpsa jð Þ� �3 −e−
Ed

RgTs kð Þ
Xk
j=1

psa
2 jð Þpsc jð Þ

1+Kdpsa jð Þ� �3
 !

ð8Þ

Estimation error covariance of the catalyst activity
θ(k) is defined asP kð Þ=E θ kð Þ− θ̂ kð Þ� �

θ kð Þ− θ̂ kð Þ� �Tn o
.

Prior estimation and posteriori estimation of θ(k) is

TABLE 3 Operational data for acetylene hydrogenation

reactors

Operating variable Value

pgc1 0,R,kð Þ/kPa 29.55

Tg
1 0,R,kð Þ/K 320.80

pga1 0,R,kð Þ/kPa 29.55

pgb1 0,R,kð Þ/kPa 1684.35

pgc2 0,R,kð Þ/kPa 14

Tg
2 0,R,kð Þ/K 321.80

pgc3 0,R,kð Þ/kPa 0.79

Tg
3 0,R,kð Þ/K 322.80

k/day 180

TABLE 2 Model parameters52

Variable Model parameter Value

ε Catalyst porosity 0.35

η1,η2 Efficient factor of the ethylene
and ethane generated reaction

3.461, 4.26 ×
10−3

cp Heat capacity(J�kg−1�K−1) 1.724

Ed Activation energy of catalyst
deactivation (kJ�kmol−1)

9.9

ΔH1,ΔH2 Heat of the ethylene and ethane
generated
reaction (J�mol−1)

174.3,136.7

kd, Kd Catalyst deactivation coefficients 6.73 × 10−3,
3.09 × 10−3

Rg Gas constant(J�mol−1�K−1) 8.314
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respectively defined as θ̂
−

kð Þ and θ̂
+

kð Þ. EKF equations
for θ(k) is shown in Equations (9)–(14):

θ̂
−

kð Þ=H kð Þθ̂+
k−1ð Þ, ð9Þ

P− kð Þ=H kð ÞP+ k−1ð ÞH kð ÞT: ð10Þ

Equations (9)–(10) are respectively update equations
of the catalyst activity and the estimation error covari-
ances from k-1 to k. The Jacobian matrices of partial
derivative of h with respect to catalyst activity and the
associated measurement error are respectively represen-
ted as Q and M.

Q kð Þ= ∂h
∂θ θ̂

−
kð Þ

��� ,M kð Þ= ∂h
∂v θ̂

−
kð Þ

��� ð11Þ

K is the Kalman gain, which is derived as follows:

K kð Þ =P− kð ÞQT kð Þ Q kð ÞP− kð ÞQT kð Þ+M kð ÞR0M
T kð Þ� �
ð12Þ

Combing the prior estimate, it is feasible to obtain an
update equation for the estimate of the catalyst activity:

θ̂
+

kð Þ= θ̂
−

kð Þ+K kð Þ y kð Þ−h θ̂
−

kð Þ,u kð Þ,0� �� � ð13Þ

The error covariance update equation is derived as
follows:

P+ kð ÞK kð Þ = I−K kð ÞQ kð Þ½ �P− kð Þ I−K kð ÞQ kð Þ½ �T
+K kð ÞM kð ÞR0K

T kð ÞMT kð Þ ð14Þ

Based on EKF equations, the online estimation of cat-
alyst activity θ̂ kð Þ can be implemented. However, in view
of high calculation complexity of large scale matrix itera-
tion in θ(k) estimated, the activity of the reactor inlet and
outlet θ(0,R,k) and θ(1,R,k) replace θ(k) as the estimated
catalyst activity matrix and are used to calculate all
discrete points in the reactor based on two-dimensional
heterogeneous discrete model. H(k) is obtained by lineari-
zation model of acetylene hydrogenation reactor. As a
consequence of the aforementioned analysis, the specific
soft sensor structure based on EKF is shown in Figure 3.
The plant model of literature 52 including mechanism
model of the acetylene hydrogenation reactor and the
control system is used for testing the estimator.

Considering that the activity of the reactor inlet and
outlet is unable to update state variables and Jacobian

matrices, the prior estimates θ̂
−

0,R,kð Þ and θ̂
−

1,R,kð Þ
are substituted into the two-dimensional heterogeneous
discrete model and the prior estimate of the activity of
the whole reactor θ̂

−
kð Þ is obtained. Then, the activity of

the whole reactor is used for update equation of the cata-
lyst activity (Eq.(9)) and obtaining the Jacobian matrices
(Equation (11)). The estimation error covariance and
Kalman gain are updated by state variables and Jacobian
matrices of the reactor inlet and outlet. Thus, the prior
activity estimates of the reactor inlet and outlet are
updated. Because primary update equations of EKF are
simplified, the catalyst activity of the whole reactor is
shortly estimated.

Generally, the acetylene hydrogenation reactor con-
tains two to three fixed beds. However, the first bed suf-
fers the fastest catalyst activity decreasing and absorbs
over 95% of total acetylene, simultaneously the catalyst
activity decreasing in the second and third bed is imper-
ceptible and unworthy to be estimated. Hence, this paper
only provides online activity estimation on the first bed
to reduce the computation burden. As shown in Figure 4,
the catalyst activity of the reactor inlet is accurately
tracked by EKF with error less than ±1 × 10−2. Com-
pared with estimation of the reactor inlet, as shown in
Figure 4, the estimated value of the reactor center is of
relative larger deviation to the actual value because it is
obtained by two-dimensional heterogeneous model. Con-
sidering that the catalyst activity decreasing of the reactor
outlet is slow and slight, as shown in Figure 4, its ten-
dency of the estimated value is not obvious, but the
actual deviation is minuscule and the effect could be
ignored. The EKF based soft sensor is efficient on track-
ing for catalyst activity decreasing trajectory and the esti-
mation accuracy meets the requirements in Table 1.
However, considering that the computation time is con-
sumed more than 1 hr, as shown in Table 4, it does not
meet the requirement of safe operation.

4 | IMPROVED EKF ACTIVITY
ESTIMATION METHOD BASED ON
DEACTIVATION EQUATION

Although the EKF based soft sensor could give accurate
estimated value of catalyst activity, the large scale esti-
mated catalyst activity matrix still leads to more calcula-
tion complexity and more calculation time. The purpose
of the paper is to figure out a fast and efficient estimation
method that can satisfy the requirements of accuracy and
computation complexity. Thus, we propose an improved
EKF-based soft sensor according to the variable parame-
ter model of catalyst deactivation. Considering that the
deactivation kinetic equation is generally appropriate for
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acetylene hydrogenation reactor, the improved EKF
based soft sensor could accurately track the trajectory of
catalyst activity.

Catalyst deactivation equation obtains three variable
parameters: deactivation coefficient kd and Kd and
deactivation energy Ed. For convenience, we define
λ = [λ1, λ2, λ3] as estimated target matrix. Then the time-
varying deactivation equation and discrete dynamic
model are built, as shown in Equations (15)–(18).
Equation (15) is the conversion equation of catalyst

activity and deactivation parameters, and the linear
model H1(k1) can be obtained by combining
Equations (15), (5), and (16). N(k) and N(k1) represent
the number of k and k1, respectively. In addition, to
reduce computation complexity, the discrete interval of
improved method could be several times of the previous
interval, where the discrete variable is represented by k1.

θ λ k1ð Þ,kð Þ= θ λ k1ð Þ,k−1ð Þ−λ1 k1ð Þe−
λ2 k1ð Þ
RgTs kð Þ

Xk
j=1

psa
2 jð Þpsc jð Þ

1+ λ3 k1ð Þpsa jð Þ� �3
ð15Þ

λ k1ð Þ=H1 k1ð Þλ k1−1ð Þ ð16Þ

y1 kð Þ= h1 λ k1ð Þ,u kð Þ,v1 kð Þð Þ ð17Þ

v1 kð Þ ~0,R1ð Þ ð18Þ

N kð Þ=nN k1ð Þ n∈N + ð19Þ

Equations (15)–(17) are substituted into
Equations (9)–(14), and the corresponding EKF equations

FIGURE 3 Catalyst activity

estimator structure. EKF, extended

Kalman filter

FIGURE 4 Catalyst activity estimation by

extended Kalman filter at 180-day operation.

“a” indicates catalyst activity estimation of

reactor inlet; “b” indicates catalyst activity

estimation of reactor center; “c” indicates

catalyst activity estimation of reactor outlet;

dots “�” indicate catalyst activity; and symbol

“×” indicates estimation of catalyst activity

TABLE 4 Comparing with EKF and improved method

Variable EKF Improved

Estimation standard
deviation of inlet

0.006213 0.006279

Estimation standard
deviation of center

0.007605 0.003036

Estimation standard
deviation of outlet

0.000873 0.001216

Time running on the CPU (s) 3,874 436

Abbreviations: CPU, central processing unit; EKF, extended Kalman filter.
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are established. The estimated error covariance of the cat-
alyst deactivation parameters λ(k1) is defined as
P k1ð Þ=E λ k1ð Þ− λ̂ k1ð Þ� �

λ k1ð Þ− λ̂ k1ð Þ� �Tn o
. Prior estima-

tion and posteriori estimation of λ(k1) are respectively
defined as λ̂

+
k1ð Þ and λ̂

−
k1ð Þ . Estimation equations of

EKF for λ(k1) are shown in Equations (20)–(25):

λ̂
−

k1ð Þ=H1 k1ð Þλ̂+
k1−1ð Þ, ð20Þ

P− k1ð Þ =H1 k1ð ÞP+ k1−1ð ÞH k1ð ÞT: ð21Þ

The Jacobian matrices of partial derivative of h1 with
respect to the catalyst deactivation parameters and the
associated measurement error are respectively represen-
ted as Q and M.

Q k1ð Þ= ∂h1
∂λ λ̂

−
k1ð Þ

��� ,M k1ð Þ= ∂h1
∂v1 λ̂

−
k1ð Þ

��� ð22Þ

K is derived as follows:

K k1ð Þ =P− k1ð ÞQT k1ð Þ Q k1ð ÞP− k1ð ÞQT k1ð Þ+M k1ð ÞR1M
T k1ð Þ� �

:

ð23Þ

Combing the prior estimate, it is feasible to obtain an
update equation for the estimate of the catalyst deactiva-
tion parameters:

λ̂
+

k1ð Þ= λ̂
−

k1ð Þ+K k1ð Þ y k1ð Þ−h1 λ̂
−

k1ð Þ,u kð Þ,0� �� �
:

ð24Þ

The error covariance update equation is derived as
follows:

P+ k1ð ÞK k1ð Þ = I−K k1ð ÞQ k1ð Þ½ �P− k1ð Þ I−K k1ð ÞQ k1ð Þ½ �T
+K k1ð ÞM k1ð ÞR1K

T k1ð ÞMT k1ð Þ:
ð25Þ

In addition, considering that measurement matrix
y1(k) and control matrix u(k) are mismatching to the esti-
mated catalyst activity matrix λ̂ k1ð Þ , y1(nk1), and u (nk1)

are treated as the measurement matrix and control
matrix instead of y1(k) and u(k). The improved soft sensor
structure is shown in Figure 5. λ̂ k1ð Þ is obtained using
EKF and substituted into catalyst deactivation model for
obtained online activity estimation θ

_

kð Þ.
Based on above structure and equations, the

improved soft sensor is implemented at 180-day opera-
tion. As shown in Figure 6, compared with Figure 4, the
estimated standard deviations of the reactor inlet are
slightly higher. However, the estimated standard devia-
tions of the reactor center and outlet are slightly lower
than the previous estimation result.

On the whole, there is not much difference between
the two methods in view of the estimation error. How-
ever, for computation complexity, according to the per-
formance comparisons in Table 4, the time consumption
of the improved method is much less than previous esti-
mation. The estimated time of the improved EKF meets
the requirements of safe operation of the acetylene
hydrogenation reactor. However, the estimated time
should be further shortened when applied to the reactor
with APC. The running environment of the soft sensor is
Intel Core i7-8750H CPU.

In addition, the discrete interval and number of esti-
mation parameters influence the performance of activity
estimation. According to the performance comparisons in
Table 4, under the condition of λ = [λ1, λ2, λ3], the dis-
crete interval increasing leads the estimated time decreas-
ing but the estimated standard deviations increasing. To
the contrary, under the condition of N(k) = 7N(k1), the
number decreasing of estimation parameters leads to the
estimated time decreasing but the estimated standard
deviations increasing. According to estimation perfor-
mance in Table 5, the estimated standard deviations of
n = 2 and 7 have deviation much less than n = 7 and
12, in consideration of estimated time, n = 7 should be
appropriate. However, the estimated standard deviations
of λ = [λ1] and λ = [λ1, λ2] have large deviation compared
with λ = [λ1, λ2, λ3]. Thus, the deactivation parameters
are indispensable for the soft sensor.

Although a good result is obtained in Table 5, the
above analysis is considered poor sample number and
unpersuasive discussion. For further researching of opti-
mal option within different discrete intervals, the Pareto
set is gained by average standard deviation of the

FIGURE 5 The improved soft sensor for

activity. EKF, extended Kalman filter

XIE ET AL. 7 of 12



FIGURE 6 Improved online activity

estimation method at 180-day operation. “a”

indicates catalyst activity estimation of reactor

inlet; “b” indicates catalyst activity estimation of

reactor center; “c” indicates catalyst activity

estimation of reactor outlet; dots “�” indicate
catalyst activity; and symbol “×” indicates
estimation of catalyst activity

TABLE 5 Performance comparisons among different discrete intervals and number of estimation parameters

Variable

Discrete interval Estimation parameter

N(k) = 2N(k1) N(k) = 7N(k1) N(k) = 12N(k1) λ1 λ1,λ2 λ1,λ2,λ3

Estimation standard
deviation of inlet

0.006017 0.006279 0.007146 0.015901 0.009058 0.006279

Estimation standard
deviation of center

0.002953 0.003036 0.003321 0.009562 0.005341 0.003036

Estimation standard
deviation of outlet

0.000970 0.001216 0.001839 0.006533 0.002451 0.001216

Time running on the CPU (s) 879 436 217 93 208 436

Abbreviation: CPU, central processing unit.

FIGURE 7 Pareto curve of the different

discrete estimation intervals with λ = [λ1, λ2, λ3].

CPU, central processing unit
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estimation in the whole reactor with estimation parame-
ters λ = [λ1, λ2, λ3]. Different discrete intervals of 29 inte-
gers are fetched in n = [2,30]. The Pareto curve is shown
in Figure 7.

As shown in Figure 7, considering the estimation
time and average estimated standard deviation, the
point of n = 9 is the optimal point derived. Further, for
the estimated time and standard deviation, the effect of
the estimated parameters is discussed by the Pareto
sets with combinations of λ. The Pareto curve that is
gained with λ = [λ1],[λ2],[λ3] estimation is shown in
Figure 8.

As shown in Figure 8, although the estimated time of
λ = [λ1],[λ2],[λ3] is far less than λ = [λ1, λ2, λ3], it has
more deviation on the catalyst activity estimation. In
Figure 8, for estimation with λ = [λ1], the point of
n = 7 is the optimal point derived by considering the esti-
mated time and average estimated standard deviation.
For estimation withλ = [λ2],[λ3], the optimal point is
respectively considered the point of n = 6 and n = 5. In
addition, for the improved method that catalyst activity is
estimated by one of the estimation parameters, influence
of estimated parameters is in order of λ1 > λ2 > λ3 on
average estimated standard deviation. It is also indicative

FIGURE 8 Pareto curve of the different

discrete estimation intervals with λ = [λ1],[λ2],

[λ3]. CPU, central processing unit

FIGURE 9 Pareto curve of the different

discrete estimation intervals with λ = [λ1, λ2],

[λ2, λ3],[λ1, λ3]. CPU, central processing unit
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of the relative importance degree of the deactivation coef-
ficient kd, Kd, and deactivation energy Ed for catalyst
deactivation.

Moreover, considering that the above two schemes
are difficult to meet APC on estimation error or time, the
tradeoff of estimation schemes is proposed. Similarly, to
discuss the improved method of two estimation parame-
ters, Pareto curve of λ = [λ1, λ2],[λ2, λ3],[λ1, λ3] is gained
and shown in Figure 9.

As shown in Figure 9, for estimation with λ = [λ1, λ2],
the point of n = 9 is the optimal point derived by consid-
ering the estimated time and average estimated standard
deviation. But for estimation with λ = [λ2, λ3] and
λ = [λ1, λ3], the point of n = 6 and n = 7 is the optimal
point. In consideration of that estimation with
λ = [λ1, λ2] is better than λ = [λ2, λ3] or λ = [λ1, λ3] on
average estimated standard deviation and the estimated
time difference is not significant, it is considered for opti-
mal option to estimate catalyst online. The scheme can
meet the requirements of safe operation and advanced
control in terms of estimated time and accuracy.

5 | CONCLUSIONS

For optimal operation with the reactor running for a long
time, the paper establishes the EKF-based soft sensor for
tracking tendency of the catalyst activity that is the domi-
nant factor of operation point deviation. Although the
estimated error of the EKF is available, it is difficult to be
applied in practice because of its high computation com-
plexity. Hence, the paper proposes an improved EKF
estimator for more efficient estimation. The improved
method builds variable parameter estimator based on
catalyst deactivation model, efficiently reducing compu-
tation complexity simultaneously ensuring minor esti-
mated error. In addition, considering that estimation
performance and estimated time are affected by discrete
interval and number of estimation parameters, the paper
discusses the optimal option for balance of accuracy and
computational complexity. Furthermore, the Pareto set is
constructed by multiple estimation taking different
parameter estimation combinations and estimated time
intervals, so as to find the optimal estimation scheme that
comprehensively considers the average estimated stan-
dard deviation and estimated time.

The improved EKF method could also be applied to
most of the estimation of some parameters that cannot be
directly measured and substantially changes the system,
such as the heat transfer coefficient of the heat
exchangers and the catalyst activity of various fixed-bed
reactors. If these parameters are accurately and real-time
estimated, it contributes to more optimal operational

strategies and achieves better control and optimization
effects. Considering that the improved EKF method relies
on accurate mathematical models, the estimation accu-
racy of the method will be greatly reduced if structure
changes of the model and substantial model mismatches
occur. It can be considered to add the data-driven statisti-
cal regression soft sensor to verify EKF estimation results,
such as principal component analysis, support vector
machine and even deep learning. Timely verification
could improve the robustness of the online soft sensor.

NOMENCLATURE

cp heat capacity(J�kg−1�K−1)
Ed activation energy of catalyst deactivation

(kJ�kmol−1)
H,H1 linearization model based on catalyst deacti-

vation kinetics equations of EKF and
improved EKF

h,h1 acetylene hydrogenation reactor discrete
dynamic model of EKF and improved EKF

ΔH1,Δ
H2

heat of the ethylene and ethane generated
reaction (J�mol−1)

K Kalman gain
k,k1 discrete variable of EKF and improved EKF
kd, Kd catalyst deactivation coefficients
M The Jacobian matrices of partial derivative of

h with respect to the associated measurement
error

N the number of discrete variables
P estimation error covariance of the catalyst

activity
pa, pb,
pc

acetylene, ethylene, and hydrogen pressure in
the reactor (kPa)

ps, pg the catalyst and the gas phase average gas
pressure in the reactor (kPa)

pi1, pi2,
pi3

gas pressure in the 1-3 stage reactor (kPa)

Q The Jacobian matrices of partial derivative of
h with respect to catalyst activity or variable
parameters

R dimensionless radius of the reactor
R0, R1 covariance matrix of the associated measure-

ment error of EKF and improved EKF
Rg gas constant(J�mol−1�K−1)
ra,rb,rc reaction rate of acetylene, ethylene, and

hydrogen in the reactor (mol�m−3�s−1)
rg reaction rate of green oil in the reactor

(mol�m−3�s−1)
r1, r2, r3 reaction rate in the 1–3 stage reactor

(mol�m−3�s−1)
Ts, Tg the catalyst phase and the gas phase tempera-

ture in the reactor (K)
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T1, T2,
T3 temperature in the 1–3 stage reactor (K)
u operation variable
v, v1 the associated measurement error of EKF and

improved EKF
y output of the catalyst activity discrete

dynamic model
Z dimensionless axial of the reactor
ε catalyst porosity
η1,η2 efficient factor of the ethylene and ethane

generated reaction
θ catalyst activity
ρ average density (kg�m−3)
λ1,λ2,λ3 variable parameters: deactivation coefficient

kd and Kd, deactivation energy Ed
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