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Wet flue gas desulphurization technology is widely used in the industrial process for its capability of
efficient pollution removal. The desulphurization control system, however, is subjected to complex re-
action mechanisms and severe disturbances, which make for it difficult to achieve certain practically
relevant control goals including emission and economic performances as well as system robustness. To
address these challenges, a new robust control scheme based on uncertainty and disturbance estimator
(UDE) and model predictive control (MPC) is proposed in this paper. The UDE is used to estimate and
dynamically compensate acting disturbances, whereas MPC is deployed for optimal feedback regulation
of the resultant dynamics. By viewing the system nonlinearities and unknown dynamics as disturbances,
the proposed control framework allows to locally treat the considered nonlinear plant as a linear one.
The obtained simulation results confirm that the utilization of UDE makes the tracking error negligibly
small, even in the presence of unmodeled dynamics. In the conducted comparison study, the introduced
control scheme outperforms both the standard MPC and PID (proportional-integral-derivative) control
strategies in terms of transient performance and robustness. Furthermore, the results reveal that a low-
pass-filter time constant has a significant effect on the robustness and the convergence range of the
tracking error.

© 2023 The Chemical Industry and Engineering Society of China, and Chemical Industry Press Co., Ltd. All

rights reserved.

1. Introduction

The worldwide development of science and technology is close
to the utilization of energy. Fossil fuels are still the main energy
today [1]. The utilization of fossil fuels is increasing in proportion to
the rising global demand for energy. Sulfur oxides and other pol-
lutants are released into the air as a result of the massive con-
sumption of fossil fuels in coal-fired power plants, cement plants,
steel plants, smelters, and other industrial processes, causing a
negative impact on the environment and human health [2—5]. This
impact intensifies with the increasing energy demand.

For the significant environmental impact caused by sulfur ox-
ides, many countries have issued strict pollutant-emission regula-
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tions [6]. As a result, great challenges have been brought about to
the desulphurization process. Studies have shown that many ab-
sorbents are effective, such as manganese hydroxide, magnesium
hydroxide, and iodine [7—9]. However, the high cost of these ab-
sorbents prevents them from being widely used. Up to the present,
wet flue gas desulphurization technology based on limestone or
lime is still the predominant technology for its reliability [10].
Despite the fact that it is a mature technology, complicated desul-
phurization mechanisms and unknown factors in the operation
process necessitate a rise in the consumption of absorbents to
achieve a satisfying emission concentration, resulting in a decline
of economic benefits. Therefore, a fast SO, emission concentration-
tracking capability is required. Specifically, the slurry flow rate,
among other parameters, needs to be adjusted using a controller
based on the flue gas flow rate, flue gas composition, and other
factors to ensure that the emission concentration meets the given
regulation without being affected by other factors.

To address that challenge, many control techniques were pro-
posed over the years to achieve efficient regulation of the
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desulphurization process, some of which are recalled in the
following. For example, a decentralized control system, based on a
linear multivariable model, was introduced in Ref. [11]. Here,
however, the SO,-tracking performance was influenced by the
disturbance characteristics and parameters coupling. A radial basis
function neural network-based PID (proportional-integral-deriva-
tive) controller was developed in Ref. [12] with online tuned pa-
rameters, which outperformed the traditional PID controller in the
conducted tests. The disturbance rejection capability of a dynamic
matrix control with feedforward was shown in Ref. [13] through an
experiment performed on a pilot plant. A mixed logic dynamic
model was developed in Ref. [14], based on which fast tracking of
pH was realized by a predictive controller without taking into ac-
count the influence of the disturbance. To handle different distur-
bances, a multi-model predictive control strategy was tested in
Ref. [15] on the desulphurization system, and satisfying control
performance was obtained against multiple, simultaneously acting
disturbances. A neural predictive controller was utilized in Ref. [16]
as a feedback controller in a decentralized control strategy, where
the robustness against inlet SO, concentration for SO, control
relied on the feedforward term. By adding a feedforward term, the
performance of the desulphurization system in the variation
duration was improved in Ref. [17]. Considering the limitation of a
single-plant mathematical model, a neural network was used in
Ref. [18] to establish multiple local models, based on which a multi-
model adaptive control method was used to control the desul-
phurization system.

From the conducted literature overview, effective control of the
desulphurization system is still an open problem due to several
challenges therein. The desulphurization process is essentially an
acid-base neutralization reaction with strong nonlinearity [19]. Due
to the overall complexity of the desulphurization process, it is
difficult to establish an accurate nonlinear model. For the conve-
nience of design and implementation, most of the currently avail-
able controllers are model-based and are derived based on linear
plant models. The inevitable modeling uncertainties, coming from
model linearization and other assumptions made about the plant
mathematical model, further complicate the control process. When
the operating conditions deviate far enough from the linearization
point, the resulting modeling mismatch deteriorates the control
performance. Moreover, fluctuations in the boiler load, sulfur
content variations, measurement sensor failures, as well as para-
metric coupling and modeling mismatch, all cause significant
perturbation to the system. Most of these disturbances are usually
unknown and/or are unmeasurable, which further brings chal-
lenges to its control. It thus seems necessary to adopt a reliable
control scheme for desulphurization systems in order to deal with
their underlying uncertainties.

Many strategies have been presented to improve system
robustness, such as active disturbance rejection control (ADRC)
and linear regulator [20,21]. Though these control schemes have
already been implemented in industrial processes, most of them
require knowledge of the disturbance. So far, the model predic-
tive control (MPC) algorithms have been successfully applied to
many different industrial processes due to their capabilities of
dealing with coupled, multivariable, and constrained systems
[22,23]. However, the desulphurization system is, as already
established, a disturbed and nonlinear process, and conventional
linear-model predictive controllers show limitations when
working in the presence of disturbances and modeling mismatch
[24]. In general, the standard MPC techniques suppress distur-
bances through feedback regulation and not through dedicated
controller design. Such architecture allows the control system to
gradually suppress disturbances through relatively slow feedback
adjustments but may cause system instability in the presence of

strong disturbances [24]. It means that if no prior knowledge
about the disturbance bound is available, the presence of strong
and unmeasured disturbances will negatively affect the MPC
capability to guarantee the desired performance. Hence, the use
of the popular and industry-proven technique such as MPC
should be “robustified” if the control of desulphurization system
is considered. In other words, the MPC needs a dynamic
compensator that would estimate and cancel all the uncertainties
timely and accurately.

Adding a compensator to the controller by estimating and
reducing the influence of uncertainties operating on the system is a
promising scheme. Various researchers have proposed methods for
disturbance attenuation, such as equivalent-input-disturbance,
disturbance observer, and extended-state observer [25—27]. Dis-
turbances need to meet specific assumptions in the equivalent-
input-disturbance method. For the stabilization problem of
nonlinear systems with bounded and unbounded disturbances, the
author proposed disturbance estimator-based controllers, where
filters are designed correspondingly. This method can estimate
disturbances asymptotically and eliminate them exactly [28]. The
uncertainty and disturbance estimator (UDE) technique does not
depend on a precise system model and prior knowledge of distur-
bances affecting the controlled system [29]. All the uncertainties
and disturbances are treated in the UDE scheme as a sole lumped
term, which is simultaneously estimated and compensated. It can
thus help to achieve satisfactory disturbance rejection even when
the system is subjected to various interferences [30]. In recent
years, UDE-based control schemes have been successfully utilized
in many fields. It is well-known that a model-based controller
cannot achieve satisfactory performance with uncertainties.
Therefore, a UDE is used in the observer in a trajectory-tracking
UDE-based feedback linearization controller for robot manipula-
tors, which has been proven to be robust [31]. A UDE-based
nonlinear controller has been successfully applied to the regula-
tion of boost converter and the simulation result shows its supe-
riority over a sliding mode controller [32]. In Ref. [33], a UDE-based
controller was developed, and it was validated that it satisfies the
requirements for quadrotors attitude control. A UDE-based multi-
variable controller was successfully designed and implemented in
the tracking control of aeroengine, based on the nonlinear affine
model [34]. In addition, the UDE technique has also been extended
to address time-delay problems. A truncated predictive controller
based on an UDE was proposed in response to input delay and
bounded disturbance problems of the complex dynamical net-
works [35]. Besides its disturbance estimation and rejection capa-
bilities, the UDE is a practically appealing algorithm due to its
implementation simplicity as well as independence from an accu-
rate knowledge of the derivatives of the state vector or the
disturbance.

Therefore, motivated by the need for an effective robust control
strategy for the challenging desulphurization system, in this work,
a combination of the UDE and the MPC is proposed. The contri-
bution of the paper is the development of a control solution that
addresses the problems of conventional MPC of handling distur-
bances and modeling mismatch in the desulphurization system.
The proposed UDE—MPC control structure is realized by first
formulating the desulphurization system control problem under
the framework of MPC. Then, to overcome the shortcomings of
standard MPC, the system disturbances and modeling mismatch
are treated collectively as a single perturbation term to be esti-
mated and compensated as the system uncertainties. Finally, the
performance of the standard MPC is improved by adding the UDE
that handles the assumed uncertainty in real time. The introduction
of the UDE as a compensator in the linear MPC potentially creates a
synergic effect, improving the performance of conventional MPC
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controller and combining the desired characteristics of both
methods, including the following:

(1) Robust control performance due to on-line disturbance
estimation and cancellation;

(2) No requirements for the prior knowledge of uncertainties
and disturbance as well as the derivative of the system state;

(3) Capability of handling multiple-input and multiple-output
systems;

(4) Straightforward implementation and tuning.

These advantages potentially make the proposed combination
convenient for industrial use and can satisfy the desulphurization
system’s stringent control requirements. In order to verify the ef-
ficacy of the proposed UDE-MPC control approach, a multi-criteria
simulation study is conducted in this work. The performance of the
proposed methodology is compared with results of a conventional
MPC. Additionally, the results are compared with those of a stan-
dard PID controller, which is the most common feedback strategy in
the industry and is a first-choice solution of practitioners.

The rest of the paper is organized as follows. Section 2 recalls
some necessary information about the desulphurization system,
introduces the control objectives (with difficulties in realizing
them), as well as presents the system mathematical model. Section
3 shows the derivation of the proposed UDE—MPC control
approach. Section 4 presents the simulation results of using the
proposed UDE—MPC control structure on the desulphurization
system and compares its performance with selected mainstream
techniques. This section also contains an analysis of an interesting
effect the time constant has on disturbance suppression. Section 5
concludes the work.

2. Preliminaries
2.1. Working principle of a desulphurization system

In the desulphurization process, the limestone slurry is sprayed
into the absorption zone through nozzles of spray layers and gas
distribution trays and contacts with the upward raw flue gas. This
way of gas—liquid flow enhances the chemical reaction and im-
proves the SO, removal efficiency. To keep the pH level of the slurry
at a suitable value (i.e., to guarantee certain desired removal per-
formance), the fresh slurry, ground by ball mill, is continuously sent
to the oxidation tank. In the oxidation zone, the oxygen in the
blown air enhances the oxidation process of the falling slurry
droplets. Finally, the reactants are discharged from the oxidation
zone and are dehydrated to obtain by-products. The principle of the
desulphurization process is illustratively shown in Fig. 1, and more
detailed information on it can be found in Refs. [36,37].

2.2. Control objectives

In the desulphurization system, the SO, emission concentration
and the pH value of the slurry are important parameters to measure
the efficiency and the equipment security of the system. A high pH
value is beneficial for the absorption of SO, but inhibits the disso-
lution of the limestone and promotes scaling in the tower. A small
pH value increases the solubility of the limestone and inhibits the
absorption of SO,. According to Ref. [37], an optimal range of the pH
is 5—6. In principle, meeting stricter SO, emission limits means
higher operating costs. The main purpose of introducing advanced
control schemes is to reduce the influence of SO, emission con-
centration more effectively than done through conventional con-
trol strategies, thus allowing a smaller SO, emission margin and
reducing operating costs.

This means that an effective desulphurization-process control
system should be designed to facilitate the realization of the three
following control objectives. First, to satisfy environmental pro-
tection requirements, the SO, emission concentration should
strictly comply with the emission regulations. Then, for the acid-
base neutralization process, to protect the equipment and main-
tain the desulphurization effect, the pH value of the slurry should
be adjusted to a suitable range. Finally, in addition to the nonline-
arity and the coupling of the system, the desulphurization system is
also affected by various disturbances, which bring about great
challenges to the system stability. Therefore, the SO, emission
concentration and the pH value of the slurry should be made
impervious to the effects of external disturbances.

2.3. System mathematical modeling

The limestone dissolution, gas absorption, oxidation, and gyp-
sum crystallization are the main chemical reactions in the desul-
phurization process. The absorption and oxidation zones are
regarded as the plug flow reactor and continuously stirred tank
reactor, respectively. For the modeling purpose, the micro reaction
in the desulphurization process is ignored. According to the ion
balance and mass balance, the dynamic equations can be estab-
lished in each zone. Balancing between modeling accuracy and
simplicity, the following models can be established for key ele-
ments of the system.

SO, absorption is controlled by gas phase, liquid phase, and the
chemical reaction; the absorption rate can be described as
expressed in Eq. (1). CO is an insoluble gas, and the absorption rate
is mainly controlled by liquid phase [38]:

rso, = (Pso, — Hso,Cs0,) [1/kc.s0, + Hso, / (Bso,ks0,) |
(1)

rco, = ki.co,Bc0,2(Pco,/Heo, — Cco,) (2)

The limestone dissolution rate is considered as the function of
the relative supersaturation [36]:

T'd.Cacos = (CCa2+ “Ceor- / Ksp,caco, — 1>kd,CaCO3 (3)

The crystallization rate is obtained by the empirical expression
[39,40]:

Fecaso, = 1.1 x 1079A(Cea - Cogp- /Leaso, — 1) (4)

The oxidation rate of sulfite ions is affected by pH and
the concentration of Mn?* and other ions. Considering that ions
precipitate quickly with gypsum, the oxidation rate is expressed as
Eq. (5).

15
Tox = Kox (Cl-lso3 + Csoé*) (5)

The absorption zone is considered to be in a quasi-steady state
as the residence time of the gas phase and liquid phase is short.
Based on the rate equations mentioned earlier and the mass bal-
ance, the variation of ion concentration in the slurry droplet after
passing through the absorption zone can be expressed as follows:

AG =71 (6)

The oxidation zone can be regarded as a well-mixed vessel, and
the components in the oxidation tank are well distributed. The
dynamic ion concentration in the oxidation zone can be described
as expressed in Eq. (7) [40].
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Fig. 1. The principle schematic of the desulphurization process.
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where C; represents the ions concentration in the slurry, Qj, is the
flow rate of the fresh slurry bumped in the tank, Qs denotes the
flow rate of the spraying slurry, Q; is the flow rate of the recir-
culating slurry, and Qg represents the flow rate of the waste
slurry.

The clean flue gas after desulphurization is discharged into the
chimney together with the forced oxidation air. Therefore, the SO,
emission concentration can be described as follows:

G-ys0, + Kg-a-Hsg, - Cso, * Vta

Mso, out = G+ Gay + Kg-a-P-Via (8)
for
¥s0, = Mso,,in — T(Nso, *Qr/G) (9)

whereas the desulphurization efficiency can be expressed as
follows:

n= G'mSOz - (G + Gair) *Mso, out

10
G'TTISO2 ( )

The main influencing factors of the hydrogen-ion concentration
in the slurry are the amount of SO, absorbed and the consumption
of calcium carbonate, which can be described as follows:

Wso, WCaCO;)

dCy: (Mso2 Mcaco,
dt Ve (1)

Ypu = —lgCy+ (12)

where Wsp, denotes the amount of SO, absorbed from the flue gas
and We,co, represents the amount of calcium carbonate consumed
in the desulphurization process, with

Wso, = G- pso, in* " (13)

Weaco, = QinPcaco, (14)

Many parameters in the desulphurization process affect the pH
and the SO, emission concentration, such as parameters of the flue
gas at the inlet of the absorption tower, the flow rate, the density of
the limestone slurry, and the operation condition of the equipment.
The characteristic of the flue gas is constrained by the boiler load,
flue pipe structure, and SO, concentration and is usually regarded
as a disturbance in the controller design.

Considering the control objectives and various influencing fac-
tors, the SO, emission concentration (Msg, oy¢) and the pH value of
the slurry (ypy) are selected as the controlled variables, and the
slurry flux (Qin) and the recirculating slurry flux (Q;) are selected as
the manipulated variables. Therefore, the mathematical model of
the desulphurization system can be represented as a following

nonlinear dynamics:
X :f(xa u) 15
{J’ =g(x,u) (15)

where u:[Qin,Q,]T denotes the control input vector, y=
T

[mso2 out? ypH] is the system output vector, and x = [CC027

T .

Chcos » Ceoz-+ €50, Chsoy > Csp2 7CHSOngH+7CCaZ‘7CCaSO47CCaC03] is

the state variable, which is composed of the ion concentration of the
slurry in the oxidation tank.
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2.4. Control difficulties

It has been already mentioned that the considered desulphuri-
zation system is a disturbed, nonlinear system with coupled pa-
rameters. To analyze the significance of those characteristics on the
control performance, a detailed analysis is conducted next.

2.4.1. Nonlinearity

The desulphurization process is a neutralization reaction, which
has intrinsic nonlinear characteristics. Due to the limitation of
emission concentration, equipment life, and the demand for gyp-
sum production, the pH value of the slurry in the oxidation tank
fluctuates in a small range, generally around 5.2—5.8, where the
system has a certain nonlinearity. Fig. 2 shows the open-loop
response of the system, where it can be seen that system re-
sponses vary under different boiler loads, even under the same
slurry and flue gas quality, thus revealing the significant nonlinear
nature of the process.

2.4.2. Parameters coupling

Fig. 3 shows an open-loop response of the desulphurization
system with different input disturbances. One can notice that the
pH value jumps in opposite trend at the time of the SO, emission
concentration variation, demonstrating the effect of system
coupling.

To analyze the interactions between variables, the notion of
relative gain array (RGA) is introduced [41]. The elements of the
RGA matrix are defined as follows:

(8y;/ou;),  open —loop gain
K = (y; /ou;) ~ closed — loop gain (16)
1 ] y

interpreted as the ratios of the system open-loop and closed-loop
gains. To describe the interactions in the dynamic system, the
frequency-dependent RGA can be defined as follows:
RGA(G) = G(jw) ® G ! (ju)" (17)
where ® denotes the Schur product.

Fig. 4 shows the frequency-dependent gain curve of the desul-
phurization system with inputs Qj,(u1) and Qg (u2) and outputs
Mso, out(Y1) and ypu(y2). One can see that the coupling degree
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Fig. 2. Open-loop step response of the desulphurization system at different boiler
load.

between system variables varies with frequency and that the
coupling can be ignored at high frequency. However, the RGA is
negative at low frequency, indicating that there is positive feedback
on the corresponding channel. This kind of coupling can easily
bring instability to the closed-loop system. Furthermore, it can be
concluded that a diagonal pairing should be chosen, i.e., Qin(u1)
used to control ypH(y2) and Qi (u2) used to control mso, ouc(V1)-

2.4.3. Disturbances

In real-world operation, the desulphurization system also suf-
fers from impact of various unmeasurable disturbances. The boiler
load fluctuation, flue gas concentration fluctuation, valve failure,
sensor failure, fresh slurry quality, the composition of raw mate-
rials, and measurement error will all bring unwanted fluctuations
to the slurry quality in the oxidation tank and have influence on the
SO, removal effect. To suppress the influence of the unmeasurable
disturbance, a safety margin between the actual SO, emission
concentration and the SO, emission limit is artificially set. How-
ever, the resultant control scheme increases the desulphurization
cost and runs in the direction opposite to the demand of the in-
dustrial processes.

3. Main Result: UDE-MPC Solution for Desulphurization
System

In this section, the UDE-MPC structure is proposed to achieve
satisfactory performance in the control of desulphurization system.

3.1. Model predictive control

In the MPC methodology, the input signal to the plant is ob-
tained by solving an objective function, which usually consists of
some predefined tracking objectives and system constraints. The
control objectives of the desulphurization system are to track the
set values of SO, emission concentration and the pH. Therefore, the
form of tracking MPC is selected as shown in Eq. (18). For the
considered nonlinear desulphurization system, {x"“ = (3, u)

Yi = g(xk, uk)
is the discrete from of Eq. (15) and the control signal u;, = [Qn, Q:]"
is calculated by minimizing the following objective function:

) k+N-1 ) ) k-+N-1 )
min ST OAlr@) —yDllg+ > BillAui— 1), (18)
i=k i=k

with constraints

x(i+1) = f(x(i), u(i)) (19)
where

x(0) =xq (20)
Umin < (i) < Umax,i=0,1,---N—1 (21)
Ymin < X(1) <Ymax,i=0,1,---,N—1 (22)
y(N)ez,i=0,1,---N—-1 (23)

In the above formulation, r is the vector of the desired SO,
emission concentration and the desired slurry pH value, and A;
represents the output weighting coefficient, which is the reciprocal
of the expected error of SO, emission concentration (msg, out) and
pH value (ypn). B; denotes the suppression factor used to limit
control actions.
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Fig. 3. Open-loop response of the desulphurization system with different input disturbances.

Remark 1. Generally, the stability of MPC can be guaranteed by
infinite predictive time domain, terminal equality constraints, ter-
minal constraint set, and taking the objective function as a Lyapu-
nov function [42—45]. In this paper, the terminal constraint set is
constructed, and the objective function is constructed as Lyapunov
function to ensure the stability of the system.

In the proposed design, the parameter coupling is regarded as
part of the acting disturbance, which can be removed during the
dynamic optimization by expressing it as a model error. The
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Fig. 4. Frequency-dependent RGA of the desulphurization system.

feedback channel can correct the SO, emission concentration and
the slurry pH value when there are deviations from the target
values; however, this brings fluctuation to the desulphurization
system. Another way to reject disturbances is by introducing the
feedforward compensation, in which the disturbance is measured
and then canceled out before the controlled variable changes. This
approach is, however, only applicable to scenarios with prior
knowledge about the disturbances. The unmeasurable distur-
bances and various modeling uncertainties (under different boiler
loads) are inevitable in practice, and they limit the controller
capability to meet a satisfactory performance of the governed
desulphurization system. To address this drawback, the standard
MPC is enhanced in this work with the UDE, which is described
next.

3.2. Combination with uncertainty and disturbance estimator

To reject the uncertainty and disturbance and to improve the
robustness of the desulphurization system, the disturbance
compensation term is introduced in the MPC framework.
Compared to a conventional feedforward compensation, the UDE
does not require prior knowledge of disturbances and un-
certainties [29]. In this work, the nonlinear desulphurization
system is regarded as a linear system disturbed, with lumped
uncertainties, that comprises of system nonlinear characteristics,
external disturbances, and unknown system dynamics. The UDE
scheme is used to observe and compensate uncertainties in real
time. Therefore, the control law u of the desulphurization system
consists of two parts:
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Uppta] = Ug + U (24)

where u is the solution of the conventional MPC (Eq. (18)), and ugq is
the uncertainty and disturbance estimator derived from the system
dynamic characteristics.

In order to obtain ugq, the nonlinear desulphurization system
model from Eq. (15) is first reformulated as a linear system with
lumped uncertainties:

{x:Ax+Bu+h(x,u,d) (25)
y=gxu

where A is the known desulphurization system state matrix, B is
the known control matrix, h(x,u,d) denotes the unknown terms,
and d represents the unpredictable disturbance. The lumped un-
certainties can be expressed as follows:

h(x,u,d) =x — Ax — Bu (26)

Therefore, the lumped uncertainties compensation on the input
is

u, = —BTh(x,u,d) = —B'(x — AX — Bu) (27)
and in the s-domain, it takes the following form:

U, =B"[(A—sDX(s) + BU(s) | (28)

1
where B* = (BTB) BT is the pseudoinverse of B.

From Eq. (27), the unknown dynamics and disturbances could
be obtained from the known system dynamics and input signal.
However, the lumped uncertainties compensation (29) cannot be
used in the control law directly. The lumped uncertainties
compensation can be approximated using a proper filter G¢:

ug=~B"[(A— sD)X(s) + BU(s) |G¢(s) (29)

The disturbances and the unknown dynamics during the
desulphurization system operation are generally located in the
low-frequency range. Hence, Gr is chosen as a low-pass filter that
has a large-enough bandwidth to cover the spectrum of the
desulphurization system dynamics and disturbances:

1
Ge(s) = Tes+1 (30)
where Tris the filter time constant (design parameter). It is assumed
that the frequency upper limit is wg (wy = 1/Tf), then

1 1, w<wg
Gr = — (31)
wS+1 0, w>ws

Finally, the estimation error of the UDE can be straightforwardly
calculated as follows:

0, w<wg
e=B"[(A—sDX(s) + BU(s)] (1 - Gf(s)) ~
0, w>ws
(32)

As seen from Eq. (24), the UDE control scheme does not require
prior knowledge of the uncertainties. The estimated value ugy
is used as the feedforward compensation to offset the
adverse effects of the unknown dynamics and disturbances on the
desulphurization system output. As seen from Egs. (28) and (30),

ug=~ — B h(x,u,d)G(s), and ugq will converge to the difference
between the desulphurization system and the linearized model at
the input of the system. Moreover, the UDE control scheme adopts
the desulphurization system state x to observe the lumped un-
certainties, but the ion concentration cannot be measured timely.
Hence, a standard Kalman filter is chosen to observe the state of the
desulphurization system. It is divided into two recursive processes
including prediction and correction, the detailed introduction and
equations of which are omitted here but shown in details in
Refs. [46,47]. Finally, the proposed control scheme, combining MPC
and UDE, is shown in Fig. 5.

Certainly, the practical application of this control design also
faces challenges. This method does not depend on model accuracy
or disturbance information precision but does require knowledge
of the disturbance's bandwidth. In situations where operational
complexity increases and unforeseen uncertainties and in-
terferences are encountered, the implementation of the controller
becomes more complex, necessitating adjustments to the designed
filter. Additionally, the choice of reference models and feedback
gains has a significant impact on the controller's implementation.

4. Simulation Validation and Analysis

In this section, the simulation results of a nonlinear desulphu-
rization system in a coal-fired power plant using the UDE-MPC
control scheme are presented. To check the efficacy of the pro-
posed approach and its robustness, a comparison study is con-
ducted between the proposed control scheme, standard MPC
solution, and a conventional industrial PID controller. From
Ref. [48], we know that the PID controller is still common in ther-
mal power plants due to its simplicity, hence it is chosen for
comparison. The predictive model in the standard MPC scheme is
chosen as a linear model, which is obtained by linearizing the
nonlinear system at a steady-state point. The PID control scheme is
implemented using two independent loops, one using Qin(u) to
control ypu(y2) and the other using Q.(u3) to control msg, out(V1) -
Considering an actual, industrial scenario, a low-frequency distur-
bance is assumed in the tests. In addition, the influence of the UDE-
filter time constant on the control effect is investigated. Consid-
ering the system dynamic response shown in Fig. 3, the prediction
horizon is selected as 100 s. In addition, the sampling time and
control horizon of MPC are set to 20 s and 8 s, respectively. 4; is set
to diag[0.6 1] and B, is selected as diag[0.1 0.4]. In the PID controller,
the proportional, integral, and derivative coefficients are tuned
based on a popular Ziegler—Nichols method. Since the disturbances
in the desulphurization are generally located in the low-frequency
range, Tr of the UDE is chosen as 0.0001 s so that the bandwidth is

— "% MPC e

UDE

oy Desulphurization y
process

|
| Gls) I Id
|

A

—_—

Y

B*(A-sD)G(s)

\

Kalmen filter -

Fig. 5. Block diagram of the proposed UDE-MPC control architecture.
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large enough to cover the spectrum of disturbances. The pH value of
the slurry does not need to be kept constant, but within a reason-
able range, allowing for more flexibility in SO, control.

4.1. Robustness tests

To illustrate the robustness of the proposed control scheme, two
scenarios of set-points for the desulphurization system are simu-
lated: SO, emission concentration limit is constant and SO, emis-
sion concentration limit varies. Considering the operational
conditions, the external disturbances are considered as sinusoidal
waves corrupted with bounded white noise.

4.1.1. Case I: SO, emission concentration limit remains constant
Although the pH and SO, emission concentration are the
controlled variables, the latter is the main objective, as determined
by the chosen weighting coefficient in Table 1. In the tests, limits on
actuators (valve opening of slurry pump and circulating pumps)
and emission regulation (SO, emission limit is 35 mg-m~> in this
paper) are taken into consideration. Therefore, simulations under
two distinct input disturbance scenarios (large and small amplitude

Table 1
Tracking error of SO, between different control schemes

Performance Small amplitude disturbance  Large amplitude disturbance
index PID MPC UDE-MPC  PID MPC  UDE-MPC
ATE/mg~m’3 0.0064 0.0301 9.8558x10°% 0.0276 0.1025 0.0029
MTE/mg<rr1’3 0.0233 0.1290 1.6884x107> 0.0847 04341 0.0597
344
343
=
0
E
342
34.1
= UDE-MPC
....... P MPC
5545 ==meme=a PID
e e L Setpoint
E
0
£
= 5544
5.543 ! ! L L
0 1000 2000 3000 4000 5000
Time/s

disturbances) are examined to validate the effectiveness of the
proposed control scheme. The large amplitude disturbance refers to
the disturbance with fluctuation amplitude of 0.01 m>-s~! and
0.5 m3-s! added in Qqiy and Qgj,, respectively. Similarly, small
amplitude disturbance refers to 0.001 m>-s~' and 0.1 m>-s~.

Fig. 6 shows the simulation results in the presence of small-
amplitude disturbances under three tested control schemes (PID,
MPC, and the proposed UDE-MPC). As seen in Fig. 6(a), the UDE-
MPC control scheme outperforms the other controllers in terms of
SO, emission concentration tracking. Two performance indices,
namely average tracking error and maximum tracking error, are
used to determine the disturbance rejection quality in Table 1. The
comparison of system disturbance and compensation estimated by
UDE are shown in Appendix. The proposed UDE-MPC scheme has
smaller SO, concentration fluctuation amplitudes than PID and
MPC. This demonstrates that UDE is capable of effectively esti-
mating and compensating lumped uncertainties including system
nonlinearity, parameter coupling, and external disturbances.

Next, large-amplitude disturbances are used in the simulation to
further test the robustness of the compared control methods. Fig. 7
and Table 1 illustrate the results of the comparison. Similar to Fig. 6,
the proposed method results in reduced tracking error. It out-
performs the MPC and PID in terms of disturbance rejection, even
when large-amplitude disturbances are present. The UDE—MPC
controller has the least departure from the expected SO, emis-
sion limit in the two disturbance scenarios. This means that it is not
necessary to maintain an excessive control margin. It also shows
the robustness of the desulphurization process control system as
well as its positive impact on the operational economy of the entire
process.
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Fig. 6. The desulphurization system simulation results in the presence of small-amplitude external disturbances under different control schemes, with (a) response curves of

controlled variables and (b) variations of manipulated variables.
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Fig. 7. The desulphurization system simulation results in the presence of large-amplitude external disturbances under different control schemes, with: (a) response curves of
controlled variables and (b) variations of manipulated variables.
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Fig. 8. The desulphurization system simulation results in the presence of small-amplitude external disturbances under different control schemes with varying emission con-
centration, with (a) response curves of controlled variables and (b) variations of manipulated variables.
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4.1.2. Case II: SO, emission concentration limit fluctuates

Depending on the emission regulation and economic factors, the
SO, emission concentration set-point may need to be changed. To
compare the robustness of the three considered control techniques
against external disturbances while the set-point fluctuates, sim-
ulations are performed in cases of small- and large-amplitude
disturbances. The parameters of acting disturbances are set the
same as in Case I. Both disturbance rejection and emission con-
centration tracking performance are evaluated. Figs. 8 and 9 show
the simulation results of the desulphurization system with
different amplitudes of the disturbance, in which the target SO,
emission concentration varies in the following fashion:

Viset = 34.2 + sin(2w * 0.0005¢) (33)

Fig. 8(a) shows the SO, emission concentration tracking per-
formance with PID, MPC, and proposed UDE-MPC control schemes
against system-inherent uncertainties and external disturbances
and under varying set-points. The tracking performance of the
proposed control scheme seems almost insensitive to the external
disturbances. The SO, emission concentration is regulated near the
set-point and fluctuates within 0.0376 mg-m >, regardless of the
external disturbance and the set-point fluctuation. It illustrates that
the UDE is working correctly in fast and accurate estimation and
compensation of the nonlinearity and parameter coupling. The SO,
emission concentration in case of standard MPC always remains far
from the set-point, which is due to the input action delay caused by
the feedback compensation.

Figs. 8 and 9 and Table 2 show that the disturbance amplitude
has an effect on the performance of the controller, but the
disturbance rejection performance of the proposed UDE-MPC

(a)
50
; R -L{I
2500 2800
I_E 40 F
on
£
30
a7
h———
'-';E =t UDE-MPC " Sremeiss PID
:b_b ....... -rranaan MPC ———— Setpomt
l\:
23 F
0 1000 2000 3000 4000 5000
Time/s

Table 2
Tracking error of SO, between different control schemes

Performance Small-amplitude disturbance  Large-amplitude disturbance
index PID MPC  UDE-MPC PID MPC  UDE-MPC
ATE/mg-m’3 0.0316 0.6431 0.0249 0.1592 4.2422 0.0478
MTE/mg-m’3 0.0536 1.1026 0.0376 0.2895 9.0911 0.2177

control scheme is significantly better than that of the other two
controllers, thus showing less model dependence. The larger the
disturbance amplitude, the more obvious this advantage is. The
tracking performance of the standard MPC controller varies
considerably with the amplitude of the disturbance, whereas the
variations in case of UDE-MPC controller can almost be ignored. In
other words, the proposed control scheme can considerably
minimize output fluctuation and improve dynamic performance
in both scenarios of sinusoidal and constant-target SO, emission
concentration. Besides, the pH value of the slurry under the three
tested control methods can meet the requirements of safe
production.

4.2. Effects of time constant on disturbance suppression

Most of the disturbances in the desulphurization system
concentrate at low frequencies, but the system response differs
with the frequency. In this section, several controllers are designed
with different filter time constants to suppress the external dis-
turbances and desirably obtain a control scheme that can fully meet
the system-desired disturbance rejection performance. First, the
external disturbance with different frequencies is used, and the

(b)
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Fig. 9. The desulphurization system simulation results in the presence of large-amplitude external disturbances under different control schemes with emission concentration
varies, with (a) response curves of controlled variables and (b) variations of manipulated variables.



192 S. Liu et al. / Chinese Journal of Chemical Engineering 67 (2024) 182—194

35.2 @

—  UDE-MPC Tfl

ceR ) UDE-MPC T,

34.8 = = - = UDE-MPC TB

34.6 ............... Vs

»/mg:m™

34.4
34.2
34.0
33.8

33.6 1 1 1 1

5.548

g'm™

yo/m

5.544 .

5.54 !

1 1
2000 3000
Time/s

0 1000

4000

5000

(b)

0.06 ——— UDE-MPC Tfl
NI UDE-MPC Tf2
- — — - UDE-MPCT
3
0.04 ﬁ
{

u/m?-s7!

0.02

8.35

8.15
0 1000

| 1 1
2000 3000 4000
Time/s

5000

Fig. 10. Robustness under sinusoidal tracking with different filter time constant, with (a) response curves of controlled variables and (b) variations of manipulated variables.

disturbance rejection performance is observed by adjusting the
bandwidth of the filter. It should be noticed that the external
disturbance will effectively limit the ability of the controllers to
reach the performance that the desulphurization system requires.
Fig. 10 shows that the filter time constant has a significant impact
on the desulphurization system dynamics. The decrease of the filter
time constant leads to less tracking error and better robustness.
Theoretically, a small filter time constant allows for the estimation
and compensation of a wide frequency range of disturbances and
uncertainty. In practice, however, it is difficult to set the Tr vlue very
small; therefore, a compromise should be chosen to make the filter
cover the most disturbance.

5. Conclusions

In this paper, the problem of governing a nonlinear, disturbed,
and uncertain desulphurization process was studied under the MPC
scheme. To overcome the strong nonlinear behavior of the process
as well as to improve the disturbance rejection of the desulphuri-
zation process control system, an UDE has been incorporated into
the MPC structure. Under the proposed UDE-MPC scheme, the
model nonlinearity, external disturbances, and system coupling
could be regarded as a lumped uncertainty term, chiefly simplifying
the controller synthesis. The obtained simulation results verified
the capability of disturbance estimation and compensation of the
proposed control scheme in different disturbance-related sce-
narios. Compared to the standard MPC and PID algorithms, the
introduced UDE-MPC approach has shown improved tracking
performance and robustness. Furthermore, it was found that the
tracking error could be further decreased by decreasing (to some
extent) the filtering time constant.

The operation process of the desulphurization system is
complex, and this paper addresses common disturbance and
model-mismatch problems while acknowledging its limitation
of not accounting for unbounded disturbances and input delays.
To enhance the control performance of current robust control-
lers for desulphurization systems, these are all crucial issues
that attract our attention and will be the focus of our future
research.
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Nomenclature

A specific surface area, m?-g~!

C liquid phase molar concentration, mol-m—>

G flue gas flow rate, m3-s~!

Gair oxidation air flow rate, m3-s~!

H Henry constant

Kc total mass transfer coefficient, mol-m=2-s~!-Pa~!
Ksp solubility rate constant, (mol-m3)?

kg caco,  dissolution rate constant, mol-m3.57!

k¢ gas phase mass transfer coefficient, mol-m—2-s~!-Pa~!



S. Liu et al. / Chinese Journal of Chemical Engineering 67 (2024) 182—194

ke liquid phase mass transfer coefficient, m-s~!

Kox oxidation rate constant, (m >-mol~1)%.s~1

L dissolution equilibrium constant, (mol-m~3)?

M molar mass, kg-mol~!

Mg, in SO, concentration of inlet flue gas, mol-m—3

Mso, out SOz concentration of clean gas entering chimney,

mol-m >

P inlet pressure of flue gas, Pa

p partial pressure in gas phase pressure, Pa

Q liquid phase flow rate, m*-s~!

Tc crystalline rate, mol-m 2.5~

Td solution rate, mol-m3-s~!

Tox oxidation rate, mol-m3-s7!

rso, SO, absorption rate, mol-m -5~

Vta slurry volume in oxidation tank, m>

Wso, SO, absorbed from the flue gas, kg-h™!

Weaco, calcium carbonate consumed, kg-h~!

YpH pH value of the slurry

o Gas-liquid specific area in spray tower, m?-m >

ar Gas-liquid specific area in oxidation tank, m?-m~3

6 enhancement factor

i the desulphurization efficiency

p density, kg-m~>

T movement time of droplets, s

Subscripts

fal falling slurry in absorption zone

i component i

in the slurry that entering the oxidation tank

out the slurry that exhausted from oxidation tank

r recycled slurry
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