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trol in complex industrial systems. In this paper, a NMPC scheme for the wet limestone flue gas desulphurizatio
(WFGD) system is proposed which provides a more flexible framework of optimal control and decision-makin
compared with PID scheme. At first, a mathematical model of the FGD process is deduced which is suitable fo
NMPC structure. To equipoise the model's accuracy and conciseness, the wet limestone FGD system is separate
into several modules. Based on the conservation laws, amodel with reasonable simplification is developed to de
scribe dynamics of different modules for the purpose of controller design. Then, by addressing economic objec
tives directly into the NMPC scheme, the NMPC controller can minimize economic cost and track the set-poin
simultaneously. The accuracy of model is validated by the field data of a 1000 MW thermal power plant i
Henan Province, China. The simulation results show that theNMPC strategy improves the economic performanc
and ensures the emission requirement at the same time. In themeantime, the control scheme satisfies themult
objective control requirements under complex operation conditions (e.g., boiler load fluctuation and set poin
variation). The mathematical model and NMPC structure provides the basic work for the future developmen
of advanced optimized control algorithms in the wet limestone FGD systems.
©2019TheChemical IndustryandEngineeringSocietyof China, andChemical IndustryPressCo., Ltd.All rights reserved
Wet limestone flue gas desulphurization
(WFGD) system
Modeling
Nonlinear model predictive control (NMPC)
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1. Introduction

The wet limestone flue gas desulphurisation (WFGD) system play
an important role in air pollution prevention by offering an essentia
means to effectively remove sulfur dioxide (SO2) from flue gas in coal
fired power plants [1]. However, the WFGD system is a complex
large-scale industrial system, which consumes massive electric energ
and plenty of desulfurizing agents. Therefore, the economic perfor
mance of thewet limestone FGD systemhas recently aroused increasin
concern.

Generally, the dynamic optimization requirements of the wet lime
stone FGD control system are:

I. Regardless of the fluctuation of SO2 concentration in original flu
gas, the outgoing SO2 of the system should maintain in a reasonabl
range. The tracking zone of the SO2 concentration under full load i
no more than 35 mg·m−3 based on Chinese domestic legislation.

II. For the purpose of energy saving, energy consumption becomes a
irreplaceable part of control objectives.
-

-
d

,wqzhong@seu.edu.cn (W. Zhong),
. Chen), yjshao@seu.edu.cn

g Society of China, and Chemical Indus
In order to realize these two dynamic optimization objectives, mas
sive attempts have been made to build a proper dynamic nonlinea
model that accurately reflects dynamics properties of thewet limeston
FGD system. Kikkawa et al. [6] proposed a model which separates th
wet limestone FGD system into two regions: the gas-to-liquid contac
zone and the slurry tank. Based on this model, numerous modification
and improvements were developed. In the gas-to-liquid contact zone
different models were proposed based on the gas–liquid mass transfe
theory, such as the model of spray scrubbing tower [2–5], the mode
of the wet limestone FGD system concerning the particle size distribu
tion (PSD) of limestone [6], the model to forecast the tendency of SO
removal efficiency [7] and the model of full-scale wet limestone FGD
processes [8–9].

Based on the models of the wet limestone FGD system, numerou
advanced control algorithms were applied to improve optimal contro
performance, such as neighboring extremal control [10], real-time opti
mization method [11], real-time iterations strategy [12], model predic
tive control (MPC) with incomplete optimization [13], real-tim
nonlinear optimization strategy [14], best optimal performance contro
[15], advanced-step control [16], fast economic model predictive con
trol [17–18].

There is no doubt that the advanced control strategies above im
prove the control performance. In recent years, scholars have propose
try Press Co., Ltd. All rights reserved.
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some nonlinear model predictive control algorithms for specific appl
cation objects [19–20]. For example, Zhang [21] developed an adaptiv
state feedback predictive control (SFPC) scheme and an expert contro
scheme to control and optimize a delayed coking furnace, which im
proved the performance of temperature control in normal operation
Flemming [22] investigated a multistage NMPC scheme with adaptiv
on-line scenario-tree generation, which increased the economic bene
fits without imparing the attained level of robustness for the proces
Yu [23] compared the differences between economic NMPC and track
ing MPC based on a solid sorbent-based CO2 capture process, an
proved that NMPChas a good performance on setpoint tracking and sta
bility. Telen [24] proposed a NMPC scheme for a droopmodel, which re
duced the economic loss by adjusting the parameters of the objectiv
function.

Furthermore, the nonlinear model predictive control (NMPC) stra
egy has proved that it achieves a good economic performance on the ap
plication of complex industrial systems [25–28], e.g., refinery proces
sewage treatment plant and double continuous stirred tank reacto
(CSTR) reactor, but there are very few academic results reported abou
the NMPC application in the wet limestone FGD system. As a result, th
NMPC has great potential applications on thewet limestone FGD system
to improve economic performance under different working conditions

In order to realize the multi-objective optimized control o
desulphurisation process, this paper presents a NMPC scheme base
on the mathematical model of the wet limestone FGD system so tha
i) the dynamics properties of the wet limestone FGD system can be re
vealed based on the model; ii) the dynamic optimization requirement
consisting of set point tracking and energy saving in the wet limeston
FGD system can be satisfied; iii) several advanced control and optimiza
tion methods in the paper can be verified by field data; iv) the advan
tages and benefits of NMPC for the wet limestone FGD system can b
studied deeply in an academic point of view.

2. Mathematical Modeling of Wet Limestone FGD System

2.1. Plant description

Whenmodeling a system for a specific purpose, the selection of var
iables and assumptions are critical [29]. This section attempts to pu
Desulph
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Fig. 1. A schematic view of
forward a model that reflects all important dynamics properties base
on the first law of thermodynamics and the law of conservation o
mass. The wet limestone FGD system of a 1000 MW coal-fired powe
plant in Henan Province, China, is selected for the modeling validatio
(Fig. 1.). With the idea of block modeling, the model of the whole we
limestone FGD system is divided into several modules based on the dis
parities of regional peculiarity and dynamics properties in differen
areas [30–32]. Based on the conservation laws and the chemical equilib
rium method, some reasonable parameters are selected which ca
reflect the chemical reaction process of the system. The chemical reac
tion process of removing SO2 in thewet limestone FGD system contain
three critical steps [33,34]. Firstly, the chemical reaction of SO2 an
CaCO3 generates CaSO3 (R1). Secondly, because of the intermediate re
action of O2 and HSO3

− in the flue gas, partial Ca(HSO3)2 is converte
into CaSO4·2H2O, namely gypsum (R2-R3). The remaining Ca(HSO3)
in the slurry tank is oxidized into CaSO4 by the air blasted from the ox
idation fan. Of course, since the original flue gas contains other compo
nents, there are some other reactions in the chemical reaction proces
such as: SO3, HCl and HF react with CaCO3 and generate CaSO4·2H2O
CaCl2 and CaF2 (Eqs. (R4)–(R6)).

CaCO3 þ SO2 þH2O→CaSO3 � 12H2Oþ 1
2
H2Oþ CO2 ðR1

CaSO3 � 12H2Oþ SO2 þH2O→Ca HSO3ð Þ2 þ
1
2
H2O ðR2

Ca HSO3ð Þ2 þ
1
2
O2 þ 2H2O→CaSO4 � 2H2Oþ 1

2
H2O ðR3

CaCO3 þ SO2 þ 2H2O→CaSO4 � 2H2Oþ CO2 ðR4

CaCO3 þ 2HCl→CaCl2 þH2Oþ CO2 ðR5

CaCO3 þHF→CaFþH2Oþ CO2 ðR6

2.2. Assumptions

The aforesaid reaction process contains too many influencin
factors, therefore it is important to propose some hypothesizes fo
urisation

ion Tank

rayers

ut-FGD Gas

Staker
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a wet limestone FGD system.
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simplification. First of all, the entire desulphurisation system is assume
to be divided into two primary modules: The first module is the gas-to
liquid contact zone which has a great impact on SO2 removal efficienc
and the second module is the slurry tank which has a significant influ
ence on the pH value in this container. Secondly, the chemical reactio
and mass transfer should be taken into consideration when calculatin
the concentration changing inside the falling droplets where the chem
ical reactions betweendifferent ionswill be calculated comprehensivel
[35–37].

What's more, the two modules are connected by the circular slurry
namely, the concentration of each solute at the outlet of the slurry tan
is regarded as same as the concentration at the inlet of the sprayers
Based on the field data of the wet limestone FGD system in Sanmenxi
power plant, China, the accuracy of model dynamics properties is vali
dated so that simulation experiments and analysis of dynamics proper
ties are carried out (Table 1).

As a result, the following assumptions are proposed in this paper fo
the purpose of simplification:

a) The time of achieving charge conservation inside the droplets i
regarded as infinity so that the time of it is ignored, while the tim
of SO2 absorption in the gas-to-liquid contact zone, SO2 mass trans
fer in gas–liquid interface, limestone dissolution and gypsum crys
tallization is taken into consideration.

b) Based on the primary characteristics of the twomodules, the gas-to
liquid contact zone is assumed to be a plug flow reactor, and th
slurry tank is assumed to be a perfectly mixing flow reactor, namel
the concentration of solutes is uniform everywhere in the tank. Th
substance exchange between twomodules is fullfilled by the circula
slurry.

c) The concentration of different solutes in the slurry tank is equal t
the outgoing slurry concentration of the slurry tank and the concen
tration of circular slurry.

d) Evaporation and heat transfer between flue gas and droplets ar
neglected.

e) The shape of droplets is spherical. The concentration changing insid
the droplets ∫0ZCi is assumed to be ΔCi because the calculated erro
can be weaken by the feedback from predictive control.

2.3. Rate of critical reactions

Based on the foregoing hypotheses, it is known that the dynamic
properties of the wet limestone FGD system is largely determined b
the following four reaction rates: the rate of SO2 absorption in the gas
to-liquid contact zone, SO2 mass transfer in gas–liquid interface, lime
stone dissolution and gypsum crystallization. The interaction of thes
procedures is complicated so that this subsection derives a mathemati
cal model containing the procedures above which describes dynamic
properties of the system.
Þ

Þ

-
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Table 1
Description of the wet limestone FGD unit

Parameter Value

Boiler type Ultra-supercritical boiler
Air pollution control devices Fabric filter + wet limestone FGD
Wet limestone FGD process CaO–CaCO3

Inlet gas temperature/°C 90
Slurry density/kg·m−3 1134
Gas velocity/m·s−1 3.5
Circular slurry residence time/min 5
Gas residence time/s 7.56
Flow direction (downstream/countercurrent) Countercurrent
Desulphurisation tower diameter/m 23/20
Desulphurisation tower height/m 46
Slurry tank height/m 13
Slurry tank volume/m3 5173
Sprayer layer number 5
a) Absorption of SO2, CO2

According to the two-film theory, the SO2 mass transfer in the gas
liquid interface of droplets can be expressed by the rate of mass transfe
(Eqs. (A1)–(A5)).

b) Oxidation of HSO3
−

The oxidation fan blows air into the slurry tank to oxidize HSO3
− int

SO3
2− so that the pH value is maintained within a certain range.

Rox ¼ Kox � CHSO−
3
þ CSO2−

3

� �1:5
ð1

where Kox is the constant of oxidation rate, Rox is the oxidation rate
CHSO3

−, CSO3
2− is the concentration of HSO3

−, SO3
2−.

c) Dissolve of limestone

Limestone is the desulfurizer of the wet limestone FGD system [38
The Ca2+ dissolved from limestone neutralizes the negative ions, e.g
SO4

2−, to adjust the pH value and accelerate the crystallization rate o
gypsum.

RCaCO3 ¼ KCaCO3 � 1−RSCaCO3

� � ð2

RSCaCO3 ¼
CCa2þ � CCO2−

3

Kcp
ð3

where RSCaCO3
is the relative degree of saturation of CaCO3, Kcp is th

equilibrium solution constant of limestone,CCa2+, CCO3
2− is the concentra

tion of Ca2+， CO3
2−
。

d) Crystallization of gypsum

The rate of crystallization of gypsum can be calculated by empirica
formula (Eqs. (A6)–(A8)).

Rgy ¼ Kgy � RSgy−1
� � ð4

where Rgy is the crystallization rate of gypsum, kgy is the crystallizatio
rate constant of gypsum, RSgy is the relative saturation of gypsum.

2.4. The gas-to-liquid contact zone module

In the gas-to-liquid contact zone, concentration of different solute
changes along the altitude direction (Eq. (5)). Under a steady state
formula (5) can be replaced by formula (6).

dCi

dz
¼ τA �

X
Rl ð5

ΔCi ¼ τA �
X

Rl ð6

where Rl is the generation rate of component i, Ci is the liquidmolar con
centration of component i, τA represents the time that droplet falls from
the spray nozzle to the surface of the slurry tank.

Based on the assumption, the gas-to-liquid contact zone is simplifie
as a plug flow reactor, whose dynamics characteristics are depicted b
the formulae in the Table A1. The following formulaehave high accurac
on the overall behavior of the module because they can calculate th
concentration of SO2 and CO2 in the flue gas and the concentration o
different ions concentration inside the droplets precisely at any heigh
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However, it takes large computational cost due to partial differentia
equations, making it not practical for model prediction in the NMP
scheme. From the perspectives of the model prediction and optima
control, there is no need to calculate the concentration at each heigh
because we only focus on the concentration dynamics at the boundar
Therefore, the partial differential Eqs. (1)–(7) in Table A1 can b
changed into difference equations (shown in Table A2).

Based on the formulae in Table A2, the gas-to-liquid contact zone
thus divided into several subregions to avoid solving partial equation
so that computational cost is reduced (the calculation schematic dia
gram is shown in Fig. 2.). It is noteworthy that the ion concentratio
in Table A2 is related to formulae in the slurry tank module, which
changed with time and provides basic information of dynamic charac
teristics for the gas-to-liquid contact zone modules.

As an illustrative example, the concentration change of sulfur sub
stance in the droplets from sprayers to the gas–liquid interface of th
slurry tank is shown below. The concentration change of other sub
stance is shown in Appendix A (Eqs. (A9)–(A14)).

d
dz

CSO2 þ CHSO−
3
þ CSO2−

3

� �
¼ τA � NSO2 ;A−Rox

� � ð7

Δ CSO2 þ CHSO−
3
þ CSO2−

3

� �
¼ τA � NSO2 ;A−Rox

� � ð8

2.5. Slurry tank module

The slurry tank module makes control more difficult due to its larg
time-delay and inertia. To overcome the control difficulty, it is signifi
cant to investigate chemical reactions of this module.

The slurry tank is regarded as a well-mixed reactor due to the influ
ences of the agitator and forced oxidation air. Therefore, the averag
Fig. 2. The calculation schematic diag
concentration of the solutes in the slurry tank is assumed to be uniform
and equal to the slurry concentration in the outlet of the tank and th
circular slurry concentration. The following equations are deduce
from the law of mass conservation and the conservation law of electr
charge.

dCi

dt
¼ Ti þ

X
Rl ð9

Ti ¼ Q f � Ci; f þ Q rf � Ci;rf−Q r � Ci−Qout � Ci
� �

=VT ð10

CAþ � dCB−

dt
þ CB− � dCAþ

dt
¼ Ki �

dCAB

dt
ð11

where Ti represents the concentration changed by the flowmoving int
and out of the slurry tank, respectively. Qf, Qrf, Qr, Qout respectively rep
resents the flow of the fresh limestone slurry, the flow of the circula
slurry, the flow coming back from the circular slurry, the flow of th
draining slurry tank. Ci, f, Ci, rf, Ci represents the average concentratio
of the fresh slurry, slurry tank and the flow coming back from the circu
lar slurry respectively.

For example, the concentration change of sulfur substance in th
slurry tank is illustrated below.

CAþ � d
dt

CSO2 þ CHSO−
3
þ CSO2−

3

� �
¼ TSO2 þ THSO−

3
þ TSO2−

3

þ NSO2 ; T−Rox ð12

CHþ � dCHSO−
3

dt
þ dCHþ

dt
� CHSO−

3
¼ K1 � dCSO2

dt
ð13

By summarizing the ordinary differential equations and algebrai
equations, a nonlinear mathematical model can be expressed whic
ram of the gas-to-liquid contract zone.



g n
s
ll

836 L. Yang et al. / Chinese Journal of Chemical Engineering 28 (2020) 832–845
gives profound understanding of the physical mechanisms reflectin
the dynamic characteristics of the wet limestone FGD system.
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2.6. Simulation results

Based on the Matlab/Simulink simulation environment, the lumpe
parameter model of the wet limestone FGD system which couples sev
eral modules together is simulated. The simulation uses a fixed tim
step of 1 s and is solved by the ode15s algorithm.

From the perspective of optimal control, the flow rate of the fres
limestone slurry (u1) and the circular slurry (u2) are control variable
while the SO2 removal efficiency (y1) and the pH value in the slurr
tank (y2) are controlled variables. On one hand, the flow rate of th
fresh limestone slurry should be adjusted duly to keep the pH of th
slurry tank in a certain range, e.g., 5.2–5.7. In this subsection, a simula
tion experiment of the slurry volume step disturbance is carried ou
Fig. 3 shows the result when the system is running with constant flow
of the circular slurry (and suddenly increasing the flowof the fresh lime
stone slurry). At the beginning, both the efficiency of desulphurisatio
and the pH are in initial steady control values, then they start to increas
when the flow of the fresh limestone slurry increases. It is not surprisin
to find that the increasing fresh limestone slurry provides more Ca+

which accelerates the crystallizing speed of gypsum. Therefore, the ab
sorption rate of SO2 in the scrubber deceases in the influence of the de
creases of SO4

2−.What'smore, the increase of Ca+ leads to the increase o
pH in the circular slurry, whichwill alsomake the absorption rate of SO
in the scrubber higher.

On the other hand, it is necessary to adjust the circular slurry fre
quently based on the working conditions in order to achieve superio
control behavior. When attempting to keep a constant flow of th
fresh limestone slurry (and suddenly increasing the flow of the circula
slurry), the simulation result is shown in Fig. 4. With the sudden in
crease of the flow of the circular slurry, the pH rises quickly and the
slowly decreases to a new constant value. The export concentration o
SO2 decreases and the efficiency of desulphurization increases to
new steady value. The increase of pH in the beginning is caused by th
more absorption of the SO2, giving a higher pH than the level before in
creasing the flow of the circular slurry. In the tank, the H+ then in
creases when SO2 is changed to SO4

2−, which will slightly decrease th
pH.
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Fig. 3. Open-loop responses of the flow of the limestone slurry unde
Under the nominal operation condition, the comparison betwee
the simulation result of the mathematical model and the field data i
shown in Fig. 5. It can be seen that the mathematical model can we
simulate the dynamic characteristics of the system, indicating that th
model has high dynamical accuracy.

In general, the main focus of controller design is whether th
model can imitate dynamics well. The accuracy of model will be ac
ceptable if the model correctly reflects the approximate trend o
dynamics properties. The reason for the dynamic deviations i
some cases may result in the fact that the temperature is not con
sidered when calculating the absorption rate and chemical reactio
rates.

3. Design of the NonlinearModel Predictive Control (NMPC) structur

The aforementioned mathematical model is used to be the pre
diction model in MPC scheme. In MPC controller scheme, it is
modus operandi to take the value obtained from the predictio
model as controlled variables [39]. Thus the MPC control structur
of the wet limestone FGD system is shown in Fig. 7. In this section
the aforementioned nonlinear model is henceforth linearized into
state spacemodel on a nominal operation condition so that the linea
model predictive control (LMPC) strategy can be proposed on th
basis of state space model.

3.1. Model linearization

The mathematical model above can capture the dynamics prop
erties of the wet limestone FGD system well. However, it is note
worthy that the model has two severe drawbacks, making it no
practical for the design of MPC control system. First, the mathemat
ical model has various ordinary differential equations so that the so
lution process is time-consuming. Second, there are plenty o
middle variables in the aforementioned model, which will increas
the control mismatch and difficulty. In this subsection, the mathe
matical model is linearized based on the method of step respons
identification.

The nominal operating condition is chosen as the average value o
controlled variables and controlled variables during three hours in
full load condition, that is, y1 = 99.14%, y2 = 5.54, u1 = 0.0194 m3·s-

u2 = 18.0556 m3·s-1. Based on the step-response data, the linearize
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r a nominal operating condition (0.002 (m3·s−1) step increase in u1).
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Fig. 4. Open-loop responses of the flow of the circular slurry under a nominal operating condition (6 (m3·s−1) step increase in u2).
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nominal model is consequently determined from the nonlinear mode
Take u1-y1 module as an example:

g11 sð Þ ¼ 2799sþ 6:425
10000000s2 þ 22910sþ 1:327

g12 sð Þ

¼ 25000sþ 111:7
1000000s2 þ 0:006703sþ 5:631

g21 sð Þ

¼ 46:01sþ 6:065
1000000s2 þ 2285sþ 1:268

g22 sð Þ

¼ 3861sþ 1:722
100000000s2 þ 265900sþ 172:4

ð14

Noted that the transfer functionmodel (Eq. (13)) is an approximatio
of a single operation condition. Fig. 6. shows the open-loop responses o
the linearized models under three typical working conditions in Table 2
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Fig. 5. Comparison results for model verification. (Red dotted
It is vividly shown that, because of the nonlinearity of the system, the re
sponses varywith differentworking conditions. To reduce prediction de
viation caused by linearization, a method of multimodality will b
proposed in Section 3.
3.2. The LMPC control structure

In this subsection, the theory and design of LMPC strategy is de
scribed. It is well known that MPC controller based on linear stat
space is widely applied in industry process because of its succinct defi
nition and convenience to employ. According to the basic structure o
model predictive control, the implementation of the LMPC method i
the wet limestone FGD system can be divided into three main steps
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line is the model output and blue solid line is the field data).
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model prediction, objective function optimization and receding horizo
control.

3.2.1. Model prediction
In model prediction stage, it is supposed that the prediction horizo

of the predictionmodel, namely the number of samples, isNp inMPC. A
Operator
Prediction 

models

NMPC contro

? sp

pH
sp

Desulphurisation

Reaction Tank

Sprayers

SP

u1

Well-planned 

operation state

Fig. 7. Schematic of the NMPC structure
the sample time k, the future state variables, namely x(k + 1 |k), x(
+ 2 |k),…, x(k+ Np |k), are predicted based on the state variablesmea
sured in the current system x(k |k) and the prediction control variable
in the future forNp number of samplesΔu(k+1 |k),Δu(k+2 |k),…,Δ
(k+Np |k).Np is the length of the optimizationwindow, whileNc is th
length of the control window [34].
NMPC
Fuzzy

law

l system

NMPC

Estimation

CPV

u2

measurements

used in the wet limestone FGD system.
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Table 2
Three typical working conditions

Working condition u1/m3·s−1 u2/m3·s−1 y1 y2

A (70%) 0.0154 12.9833 0.7831 5.492
B (80%) 0.0201 16.7856 0.8571 5.567
C (100%) 0.0227 25.4883 0.992 5.641
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3.2.2. Objective function optimization
The objective of optimization is tomake the controlled variables pre

dicted by themodel, y1 and y2, as close as possible to the set-point signa
given at sample time ki. During the optimization, it is assumed that th
set-point signals keep constant. Then by solving the optimization prob
lem, the best value of control variables is obtained, which minimize th
deviation between the controlled variables and the set-point signal. Th
optimization problem is written as minimizing the objective function i
quadratic form with constraints (Eqs. (15), (16)).

min
u

X
j¼k

N−1

r jð Þ−yp j kjð Þ
� �2

s:t:~x jþ 1ð Þ ¼ f d ~x jð Þ;u jð Þ;0ð Þ
~x kð Þ ¼ x tkð Þ

ð15

~x jð Þ;u jð Þð Þ∈Z; j ¼ k; kþ 1;…; kþ N−1 ð16

where ~xð jÞ represents the predicted state variables at time j, u(j) repre
sents the control variables to be solved at time j, r(j) represents the se
point, yp(j|k) represents the value of control variable, fd represents dis
crete state space form of prediction model, x(tk) represents the rea
value of the state variables, Z represents the amplitude constraints.

In a word, the dynamics properties from sample time k to k+ Np o
the wet limestone FGD system can be calculated by the predictio
model. According to the predictionmodel, the objective function and in
equality constraints of the optimization problem can be constructed. In
terior point methods, as an effective means to handle the conve
optimization problem, can be used to solve the problem above.
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Fig. 8. Simulation results on the linear m
3.2.3. Receding horizon control
The first vector u (k + 1|k) of the predictive sequence is imple

mented as the control varieties of the wet limestone FGD system
When the next sample time arrives, new measured value is obtaine
and considered as a new initial condition to predict dynamics propertie
of the wet limestone FGD system in the future. The new predictive se
quence is used to solve the new optimization problem so that the firs
sample of thenew sequence can beused into the system. This procedur
is repeated to achieve the receding horizon control.

3.3. The NMPC control structure

The LMPC strategy performs well on the linear models (Figs. 8 an
9), however it has some serious drawbacks when used in the nonlinea
models. Thewet limestone FGD system is highly nonlinear andhas larg
time delay, so that the MPC controller designed on a nominal operatio
condition cannot achieve satisfactory control performances in differen
operating conditions. This subsection design a NMPC controller base
on multimodality to improve the set point tracking ability of MP
(Fig. 9).

3.3.1. Linearity analysis and fuzzy law
To achieve a better control performance on nonlinear systems, ther

have been variousmethods raised based onMPC [40]. In the subsection
based on the nonlinear model which can basically describe the funda
mental dynamics properties of the wet limestone FGD systems, severa
linear state space models on different nominal operating points ar
identified so that a fuzzy switching law is raised to realize the contro
of the nonlinear system.

First, the conception of nonlinearity is introduced to weigh the im
parities among different linear state space models. It is assumed tha
twofinite-dimensional linear statemodelswith the same input andou
put Pi (s), (i=1, 2), whose left coprime factorization is Pi=NiM-1 i,(i=
1,2), then the gap metrics which measure nonlinearity of the two sys
tems can be calculated as:

δ P1; P2ð Þ ¼ max δ
!

P1; P2ð Þ; δ! P2; P1ð Þ
� �

ð17
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Fig. 9. The wide-range simulation results on the linear model under the LMPC control structure.
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δ
!

Pi; P j
� � ¼ infQ∈H∞ Mi Mið Þ− Mj Mj

� �
Q∞; i; j∈ 1;2f g; i≠ j ð18

Nonlinearity based on the usage of differential gap theory wa
adopted to find three nominal operating points by minimizing th
value of the differential gap criterion. One typical operating condition
where y1 = 99.2%, y2 = 5.641, u1 = 0.0227 m3·s−1, u2 =
25.4338 m3·s−1, is chosen as the reference state space model. Th
value of differential gap between the reference model and other typica
operating conditions is shown in Table 3.

According to themultimodal theory, a single linear controller canno
be used to control a whole nonlinear system if the differential ga
among different operating conditions is too large to be ignored. In thi
case, more than one linear controllers should be used to eliminate con
trol deviation caused by high nonlinearity. As is shown in Table 4, th
largest gap among reference model and other typical operating condi
tions is 0.0045 so that the nonlinearity of system cannot be neglected
In the next subsection, a multimodality method will be derived t
achieve set-point tracking in different operating conditions.

3.3.2. NMPC controller based on multimodality
In this subsection, a multimodality control scheme is derived base

on theNMPC control algorithm (Fig. 10). It adopts several LMPC control
lers together to control the system. To realize the structure, some critica
Table 3
Seven typical operating conditions

Operating condition u1/m3·s−1 u2/m3·s−1 y1 y2

A (52.5%) 0.0143 6.6534 0.5988 5.408
B (60%) 0.0148 8.6547 0.6504 5.446
C (70%) 0.0154 12.9833 0.7831 5.492
D (75%) 0.0194 14.2456 0.7935 5.545
E (80%) 0.0201 14.7856 0.8427 5.567
F (90%) 0.0212 18.3432 0.9025 5.604
G (100%) 0.0227 25.4883 0.992 5.641
parameters reflecting nonlinearity during different operation condi
tions are put into the controllers. Then, the fuzzy law which design
the switching weight of different controllers is introduced to realiz
the NMPC scheme of the wet limestone FGD system (Fig. 11).

3.3.3. Analysis based on simulation results
The simulation results are shown in Figs. 12 and 13. It can be show

that the NMPC strategy tracks two different set points well. What'
more, it can track the set point when the set points change largely
Until now, we obtained an applicable NMPC strategy for the wet lime
stone FGD system that can progressively track arbitrary set point
well. This method will be used to make some economic improvement
based on the multi-objective optimization, which is introduced in th
next section.

4. Multi-objective Optimization NMPC

The classical MPC strategy is based on quadratic cost functionwhos
target is to minimize the deviation of measured state values and value
from the given set point. This set point is usually chosen as an optima
operating point in a steady state according to the field experience an
actual demands. The set point can be adjusted in time so that the contro
system can performwell on energy saving, especially when the operat
ing condition of system is under frequent changes for industrial system
with more frequent working conditions.
Table 4
Nonlinearity among seven typical operating conditions

1 2 3 4 5 6 7

1 0.0000 0.0012 0.0025 0.0030 0.0033 0.0041 0.0045
2 0.0012 0.0000 0.0013 0.0018 0.0022 0.0029 0.0033
3 0.0025 0.0013 0.0000 0.0005 0.0009 0.0016 0.0020
4 0.0030 0.0018 0.0005 0.0000 0.0004 0.0011 0.0015
5 0.0033 0.0022 0.0009 0.0004 0.0000 0.0007 0.0011
6 0.0041 0.0029 0.0016 0.0011 0.0007 0.0000 0.0004
7 0.0045 0.0033 0.0020 0.0015 0.0011 0.0004 0.0000
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4.1. Problems on multi-objective optimization of NMPC scheme

The objective of optimal control is to maintain the outgoing SO
concentration at selected set-points and to minimize the energ
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Fig. 12. The wide-range simulation results on the n
consumption of pumps by manipulating the two control variable
the flow of the circular slurry pumps and the flow of the slurr
pumps.

Among control parameters evaluated in economic performance, p
range N limestone reactivity and SO2 concentration N efficiency of par
ticulate control devices Nwater re-circulation to the scrubber N entrain
ment of particles by the OUT-FGD gas, are the key factors of we
limestone FGD systems [40]. The pHof slurry tank is themost importan
process value which estimates the status of the wet limestone FG
system because it can influence the outgoing concentration of sulfur d
oxide and the energy consumption of the process. Therefore, the opt
mization of the pH set point is an effective means to achieve th
economic optimization of the wet limestone FGD system [41]. As a re
sult, a multi-objective optimization control method is introduced t
limit energy consumption to a reasonable range for energy saving
Based on the analysis of dynamics properties in the wet limeston
FGD system, a multi-objective optimization algorithm, which concern
energy consumption and outgoing SO2 concentration, is constructed
The optimal set point is selected by simulation results under differen
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Fig. 13. Simulation results in a ramp signal on the nonlinear model under the NMPC control structure.
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gas volume conditions so that the optimal set point of the pH of th
slurry tank is obtained [42–45]. Then, the NMPC controller based o
multimodality is employed to track the set points of outgoing concen
tration of sulfur dioxide regulated by environmental policy and the op
timized pH value simultaneously [46].

The multi-objective optimization of NMPC control scheme is intro
duced in Fig. 14. It is shown in Fig. 14 that the optimization solving con
tains the following steps. Firstly, the prediction model predicts th
future behavior of the process within a predetermined time interva
(namely within the prediction horizon) based on the optimal pH
value. Secondly, a series of controlled variables are obtained by mini
mizing the objective function within another time interval (namel
within the control horizon). Thirdly, the first values of the control vari
ables are applied to the WFGD system. Based on the process above, th
optimization solving is accomplished.
Fig. 14. NMPC scheme with
4.2. Simulation results

4.2.1. NMPC performance of pH optimization
As is shown in Fig. 15, lower pH value can improve the economi

performance of system. By setting the pH value around 5.35, not onl
can the set point of SO2 removal efficiency be tracked well but also th
economic objective can be satisfied. However the set point has a lowe
limit to ensure the basic control objective, the set point tracking of SO
removal efficiency because the capability of SO2 absorption will b
weakened as the pH value decreases.

For more detailed exposition, an illustrative example is given wher
the average flue gas volume is set to 735 m3·s−1 and the lower contro
limit of SO2 removal efficiency is set to 98%. As is shown in Fig. 16, th
SO2 removal efficiency increases as the pH value increases. When th
pH value is in the range from 5.2 to 5.438, the economic cost is in
multi-objective optimization.
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lower level but the control system cannot fulfill the lower control lim
of SO2 removal efficiency. When the pH value reaches 5.438, the we
limestone system is in a critical state where consumes lowest energ
and fulfills the lower control limit of SO2 removal efficiency.
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4.2.2. NMPC performance of multi-objective optimization
The simulation is set as follows: the conventional control objective

to ensure SO2 removal efficiency to be no less than the lower limit, th
economic objective is minimizing the operational electricity consump
tion cost, the measurable disturbance is boiler load. Boiler load fluctu
ates between 700 MW to 1000 MW. Meanwhile, the lower limit o
emission index is 98%. The sampling time is set to be 1 s, and the predic
tion horizon and control horizon are both set to be 100 s.

Fig. 17 shows the dynamic curves of control variables and econom
cost under boiler load fluctuation. It is shown that NMPC schem
minimize operational electricity consumption cost and track emissio
s
e,
e
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Fig. 16. The relation curve of SO2 removal efficiency with the pH value when the average
flue gas volume is 735 m3·s−1.
performance index under large variation of boiler load by introducin
optimal pH value and set point into the design.

5. Conclusions

The purpose of this paper is to realize the multi-objective optimiza
tion control of the wet limestone FGD system based on NMPC strateg
With reasonable simplifications, a nonlinear mathematical model wa
proposed and verified by field data. Based on the derived model, th
prediction model of NMPC was obtained by using multimodalit
strategy. To improve the economic performance, a multi-objective opt
mization of NMPC control strategy was proposed. According to th
performance of the derived control strategy, the advantages of th
NMPC was confirmed theoretically in terms of the following aspect
a) Control deviations and mismatch in conventional scheme caused b
feedforward signals which are difficult to determine, e.g., the flue ga
volume signal, are lighten by the prediction model in NMPC scheme
e.g., the steady-state errors of SO2 removal efficiency and pH value ar
weakened to zero; b) The multi-objective optimization requirement
of the wet limestone FGD system can be satisfied by the NMPC schem
e.g., set point tracking and energy saving; c) The economic performanc
of the system can be improved based on the control framework, e.g., th
economic cost is increased by 1.58% in variable condition.

Along the same research line, the work in the future will be paid a
tention to introducing critical parameters in boiler side into the NMP
frame to further improve the control performance.
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Appendix A

NSO2 ;A ¼ KG;SO2 � αA � pSO2
−HSO2 � CSO2

� � ðA1

NCO2 ;A ¼ kL;CO2 �αA � pCO2

HCO2

−CCO2

� �
ðA2
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Fig. 17. Simulation results of multi-objective optimization under the NMPC structure.
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pSO2
¼ nSO2 � R � T=G ðA3

NSO2 ;T ¼ KG;SO2 �αT � pSO2
−HSO2 � CSO2

� � ðA4

NCO2 ;T ¼ ECO2 � kL;CO2 �αT �
pCO2

HCO2

−CCO2

� �
ðA5

where NSO2, A, NCO2, A is the absorption rate of SO2, CO2 in the scrubbe
NSO2, T, NCO2, T is the absorption rate of SO2, CO2 in the slurry tank, pSO
pCO2

is the partial pressure of SO2, CO2, HSO2
, HCO2

is theHenry coefficien
of SO2, CO2, CSO2

, CCO2
is the concentration of SO2, CO2 in liquid phase

KL, SO 2
is mass transfer coefficient of SO2 in liquid phase, KG, SO 2

i
the total mass transfer coefficient of SO2, αA is the gas–liquid specifi
surface area in the scrubber, αT is the gas–liquid specific surface are
in the slurry tank, nSO2

is themolar flow of SO2 in raw flue gas, G is th
average flow of the flue gas, ECO2

is the activation energy of CO2.

RSgy ¼
CCa2þ � CSO2−

4

Lgy
ðA6

Kgy ¼ 0:00011 � Agy ðA7

Agy ¼ Cgy �Mgy

ρgy �
3
4
� π � dgy

2

� �3
 ! � 4 � π � dgy

2

� �2
 !

ðA8

where CCa2+, CSO4
2− is the concentration of Ca2+, SO4

2−, Lgy is the equi
librium solution constant of gypsum, Agy is the surface area of gyp
sum particles per unit volume, Mgy is the molar mass of gypsum
dgy is the average diameter of gypsum.

Δ CCO2 þ CHCO−
3
þ CCO2−

3

� �
¼ τA � NCO2 ;A−RCaCO3

� � ðA9

Δ Cgy
� � ¼ τA � Rgy ðA10

Δ CSO2−
4

þ CHSO−
4

� �
¼ τA � Rox−Rgy

� � ðA11

Δ CHCO−
3
þ CCO2−

3

� �
¼ τA � RCaCO3

� � ðA12

Δ CCa2þ
� � ¼ τA � RCaCO3−Rgy

� � ðA13
Δ CCaCO3

� � ¼ −τA � RCaCO3 ðA14

Table A1
Partial differential and algebraic equations of dynamic characteristics of the gas-to liqui
contract zone

No. Partial differential and algebraic equations
1
 ∂(C + C − + C 2−)/∂t = τ ⋅ (N − R )

2

SO2 HSO3 SO3 A SO2, A ox

∂(CCO2
+ CHCO3

− + CCO3
2−)/∂t = τA ⋅ (NCO2, A − RCaCO
3
 ∂(Cgy)/∂t = τA ⋅ Rgy

4
 ∂(CSO4

2− + CHSO4
−)/∂t = τA ⋅ (Rox − Rgy)
5
 ∂(CHCO3
− + CCO3

2−)/∂t = τA ⋅ (RCaCO3
)

6
 ∂(CCa2+)/∂t = τA ⋅ (RCaCO3
− Rgy)
7
 ∂(CCaCO3
)/∂t = − τA ⋅ RCaCO3
8
 NSO2, A = KG, SO2
· αA · (pSO2

− HSO2
· CSO2

) !

9
 pCO2
NCO2 ;A ¼ kL;CO2 � αA �

HCO2

−CCO2

pSO2
= nSO2

· R · T/G
10
11
 NSO2, T = KG, SO2

· αT · (pSO2
− HSO2

· CSO2
)

12

 
pCO2

!

NCO2 ;T ¼ ECO2 � kL;CO2 � αT � HCO2

−CCO2

CCa2þ � CSO2−
4

13

RSgy ¼

Lgy
dCCa2þ
14

dt

¼ TCa2þ þ RCaCO3−Rgy

Kgy = 0.00011 ⋅ Agy
15
16
 C �M

  
d
!2!
Agy ¼ gy gy

ρgy �
 
3
4
� π �

 
dgy
2

!3! � 4 � π � gy

2

Rox = Kox · (CHSO3
− + CSO3

2−)1.5
17
18
 RCaCO3

= kCaCO3
· (1 − RSCaCO3

)

19
 CCa2þ � CCO2−

3
RSCaCO3 ¼
KCP

Rgy = Kgy · (RSgy − 1)
20
Table A2
Difference equations of dynamic characteristics of the gas-to liquid contract zone

No. Difference equations
− 2−
1
2

Δ(CSO2
+ CHSO3

+ CSO3
) = τA · (NSO2, A − Rox)

Δ(CCO2
+ CHCO3

− + CCO3
2−) = τA · (NCO2, A − RCaCO
3
 Δ(Cgy) = τA · Rgy

4
 Δ(CSO4

2− + CHSO4
−) = τA · (Rox − Rgy)
5
 Δ(CHCO3
− + CCO3

2−) = τA · (RCaCO3
)
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Table A2 (continued)
o.
d

N
 Difference equations

2+
f-
6
7

Δ(CCa ) = τA · (RCaCO3
− Rgy)

Δ(CCaCO3
) = − τA · RCaCO3
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