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Sulphur dioxide, as one of the most common air pollutant gases, brings considerable numbers of hazards on human health and
environment. For the purpose of reducing the detrimental effect it brings, it is of urgent necessity to control emissions of flue gas in
power plants, since a substantial proportion of sulphur dioxide in the atmosphere stems from flue gas generated in the whole
process of electricity generation. However, the complexity and nondeterminism of the environment increase the occurrences of
anomalies in practical flue gas desulphurization system. Anomalies in industrial desulphurization system would induce severe
consequences and pose challenges for high-performance control with classical control strategies. In this article, based on process
data sampled from 1000MW unit flue gas desulphurization system in a coal-fired power plant, a multimodel control strategy with
multilayer parallel dynamic neural network (MPDNN) is utilized to address the control problem in the context of different
anomalies. In addition, simulation results indicate the applicability and effectiveness of the proposed control method by
comparing with different cases.

1. Introduction

With the increasing emergence of hazy weather over the past
few years, environmental deterioration has raised great
concern in China. Sulphur dioxide, serving as one of the
primary contributors giving rise to atmospheric pollution,
has a negative effect on human health as well as the envi-
ronment [1–3]. Moreover, the combustion of fossil fuels,
especially coal, in power plants is the major cause for ex-
istence of sulphur dioxide in the atmosphere [4]. 'erefore,
the removal of sulphur dioxide in flue gas from coal-fired
power plants is of great significance and has gradually be-
come the overriding concern to the public. Among a wide
variety of flue gas desulphurization methods, wet limestone-

gypsum flue gas desulphurization (WLFGD) is most power
plants’ first priority due to the fact that it is characterized by
low operation cost and relatively high utilization of ab-
sorption reagent [5, 6]. In order to suppress the pollution
brought by sulphur dioxide, the concentration of outlet flue
gas along with a slurry pH value are selected as the controlled
variables in our case study, and the former of which is a
direct indicator that reflects desulphurization performance.
Also, it has been verified that the pH value in slurry tank has
a major influence on desulphurization efficiency [7].

Anomaly detection (or outlier detection) is the process of
identifying unexpected observations or events, which differ
significantly from the majority of the data [8]. Due to the fact
that anomaly detection is an area of high application value, it
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has been extended to various fields, especially in the in-
dustry. In this work, we focus on the case where flue gas
desulphurizes in the context of anomalous conditions. It is
well established that industrial processes and facilities
therein are of ever-increasing complexity over the past few
years, which results in a greater chance for occurrences of
distinct faults. Moreover, given that flue gas desulphuriza-
tion is a type of chemical engineering process, there exist
some unique faults that induce anomalous conditions other
than traditional industrial ones, such as catalyst deactivation,
valve blockage, or compressor failure [9]. 'us, regarding
chemical systems, a special attention must be placed on
reliability and stability of systems during the whole opera-
tion, which entails detecting anomalous conditions and
performing effective control on the system. In the past
several decades, there are quite a few publications covering
the subject of anomaly detection. However, there are few
publications covering anomaly detection in the desulphu-
rization system, let alone apply control techniques in
anomalous conditions therein. To the best of our knowledge,
nearly all of the contributions are concerned with fault
detection and diagnosis problems. In literature [10, 11],
principal component analysis (PCA) with monitoring in-
dices Hotelling’s T2 and squared prediction error is utilized
to find the exact fault appearance during a specified time-
frame in flue gas desulphurization system. 'e difference in
kernel PCA is applied in the latter work, and the hybrid
prediction model, which contains autoregressive integrated
moving average model and least squares support vector
machine model, is suggested in [12] to make prediction of
the slurry pH value in the first place, and then a fault di-
agnosis system is designed to locate faults of the pH sensor.
Additionally, modelling based on physical characteristics of
combustion in flue gas desulphurization is introduced in
[13]. In this method, a flue gas estimation model is built and
used to identify process anomalies together with sensor
malfunctions.

As for publications mentioned above, there exists a
commonality that the realization of fault detection or di-
agnosis with proposed methods is driven by labeled in-
stances, namely, all instances used contain explicit labels of
various anomalies. Nevertheless, from a practical point of
view, it is challenging to group anomalies into multiple
categories (i.e., faults of different types) accurately in
WLFGD system, as the malfunction of certain part in system
may trigger successive faults in other components. Ac-
cordingly, the classification results depend critically upon
individual experience in practice. In this case, the usage of
exploring and grouping method is more advantageous for
the extraction of underlying anomalous conditions in
practical applications. 'erefore, in this article, the inte-
gration of isolation forest and adaptive mean shift clustering
are employed to determine types of anomalous conditions
existing in our system. Another issue that has to be taken
into account is what kind of control strategy should we apply
in this context. Here, multimodel control is utilized in our
case study due to complicacy and diversity of operating
environments in the whole desulphurization process. More
specifically, as a fair number of devices and plants are

employed on-site, there are many possibilities for occur-
rences of anomalies, which are actually one of the major
reasons for variations in the environment. Moreover, since
many subprocesses in flue gas desulphurization are inter-
active, the presence of unknown and discontinuous
anomalous conditions in any subprocess, even caused by
some unnoticeable devices, may bring about parameter
changes in controlled actual system. Given that multimodel
control is particularly suited to cope with a class of control
problems, which caused by parameter uncertainties due to
changes of operating environments, it is selected as the
control strategy in our case study.

'e main contribution of this work can be summarized
as follows: (1) a novel exploring and grouping technique is
proposed to provide a detailed analysis on anomalous en-
vironments in the industrial field. (2) MPDNN-based
adaptive control is proposed and extended to multimodel for
the first time. (3) Different combinations of control modes
with respect to the reinitialized MPDNN adaptive model are
compared and discussed.

'e remainder of this paper is organized as follows:
Section 2 describes the principle and process of wet flue gas
desulphurization briefly. 'en, the integrated anomaly de-
tection technique based on isolation and clustering algo-
rithms is introduced in Section 3. Section 4 discusses
theoretical knowledge on identification and control process
of multimodel system with MPDNN. In Section 5, simu-
lation studies show the efficacy of the presented control
strategy by comparing against numerical cases. Finally,
Section 6 concludes this paper and our future work is given.

2. The Introduction of Flue Gas
Desulphurization System

In fact, the whole process of sulphur dioxide abatement in
WLFGD system is complicated, although the chemical
equation is seemingly simple from its form. 'e overall
reaction of WLFGD can be expressed in terms of a chemical
equation as follows:

SO2 + CaCO3(s) + 0.5O2 + 2H2O � CaSO4 + 2H2O(s) + CO2

(1)

'e basic reaction principle can be obtained from the
overall reaction equation above. 'at is, the limestone in
slurry serves as an absorbent reacting with sulphur dioxide
in flue gas, and CO2 along with gypsum (CaSO4·H2O) is
finally produced. In the following, the process of wet flue gas
desulphurization is outlined. For purposes of clarity, the
general structure of WLFGD system is presented in Figure 1,
which provides an illustration for procedures in desul-
phurization. 'e limestone slurry as the absorption agent is
fed to the absorber from slurry tank. In this process, both
density and flux of the slurry can be measured via a
densimeter and flowmeter mounted on the duct. At the same
time, circulating pumps are utilized to rise up the slurry so
that it can drop down from the top of the absorber. On the
contrary, flue gas passes through the heater exchanger before
entering the absorber from the inlet duct in order to lower
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gas temperature. As the inlet duct is situated at the lower part
of the absorber, it would result in countercurrent contact
between the flue gas and limestone slurry. Next, conse-
quential chemical reaction between two components
removes sulphur dioxide content in flue gas. Finally,
desulphurized flue gas discharges from the stack and gyp-
sum, as a solid byproduct, is obtained in absorbent slurry,
which can be applied in fields such as wallboard and cement
[14, 15].

3. Extraction of Anomalous Conditions in
WLFGD System

During the operation of WLFGD system, the operating data
with an array of measured variables was collected from a
1000MW coal-fired power plant unit every minute. In this
section, some preliminary analyses of relevant variables are
performed in the first place, which lays a foundation for
anomalous conditions extraction later in this section. 'en,
relevant techniques utilized in the process of seeking
anomalies are detailed.

3.1. Preliminaries. Here, four output variables in the system
are selected to perform analysis on anomalies. 'ey are
outlet O2 concentration, outlet sulphur dioxide concentra-
tion, outlet flue gas temperature, and slurry pH value. Before
searching for anomalous conditions, the Pearson correlation
coefficients between variables are calculated, and they are
visualized in the form of correlation matrix (Figure 2).

'e correlation matrix is featured by symmetry, unit
diagonal, and semidefiniteness [16], each entry in the matrix
stands for the correlation coefficient between two variables.
'e matrix mentioned above explicitly indicates the degree
of relationship between each pair of variables. For notational
simplicity, each variable mentioned above is denoted by
parts of its full name in the obtained correlation matrix. As it
is shown in Figure 2, the absolute values of Pearson cor-
relation coefficients regarding four variables are all over 0.50,
some of which even exceed 0.92, which reflects high levels of
correlation among four output variables in WLFGD system.
By [17], variables with high correlation imposes restrictions

on the performance of anomaly detection, for a minor
deviance from normal scope of correlated variables may
induce relatively greater anomaly. Moreover, high-dimen-
sional data would bring about the problem of curse of di-
mensionality [18, 19]. PCA, as one of the most commonly
used feature extraction techniques, reduces dimension by
generating fewer principal components (PCs) to substitute
for original variables. On the contrary, PCs are uncorrelated
to each other [20]. In this sense, the problems arose by high-
dimensionality data and correlated variables in anomalous
conditions extraction can be addressed by means of PCA.
Furthermore, the number of components to retain is another
problem that needs to be taken into account before di-
mension reduction. 'e determination of PCs’ number can
refer to criterions as follows [21]: (1) eigenvalues of each PC
should be greater than one; (2) each component explains at
least 5% of variance; and (3) cumulative explained variance
reaches 70%. Here, the summary of eigenvalues, proportion
of explained variance, and cumulative explained variance for
PCs with different numbers calculated by above four output
variables are tabulated in Table 1.

As is shown in Table 1, the first two PCs have eigenvalues
3.068 and 1.247, yet the eigenvalue of the third PC is only
0.465. At the same time, the variance explained by the first
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Figure 1: Schematic diagram of wet flue gas desulphurization system.
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two PCs is up to 62.3% and 25.3%, respectively, and cu-
mulative explained variance reaches 87.6%. Based on the
above-stated criterions, the retention of two PCs is prefer-
able. Consequently, foregoing four output variables are
reduced to two principle components for further analysis on
anomalous conditions below.

3.2. Extraction of Anomalous Conditions. Having reduced
dimensionality of practical measured data in WLFGD sys-
tem, anomalous conditions would be detected and extracted
thereafter, which can make necessary preparation for the
construction of the multimodel control system in the next
section. In this subsection, the integration of isolation-based
and clustering-based method is employed to perform the
task of anomalous conditions extraction in the context of
WLFGD.

From a practical point of view, computation efficiency is
of crucial importance to anomalies detection, especially in
industrial scenarios, due to the requirements of initiating
prompt action to maintain system stability. Isolation forest
(IF) is a type of ensemble-based anomaly detection method
proposed by Liu et al. in [22], which is characterized by high
accuracy, low memory cost, and computation complexity
[23], thus can guarantee the timeliness of searching for
anomalies in system. Furthermore, for isolation forest al-
gorithm, anomalous instances are not required during the
training process [24]. 'erefore, it is well-suited to imple-
ment in an industrial environment. 'e rationale of using IF
to detect anomalies is on the basis of inherent properties of
anomalies, that is, the quantity of deviated data is small and
they are in stark contrast to normal ones. On these bases,
provided that a tree structure is utilized to describe the
recursive process of data space partitioning, anomalous data
are more likely to be separated thus in the upper position of
the tree compared with normal points. More specifically, let
xn 

N
n�1 ⊂ R

d be the points of interest, where N and d denote
the number of instances and attributes, respectively; the
procedure for formation of an isolation forest is summarized
as follows:

(1) A subset is built by selecting k (k <N) instances
randomly from N instances, and an iTree would be
constructed by partitioning this subset recursively.

(2) Firstly, select an attribute from the subset arbitrarily.
'en, a split point is chosen as any point within the
selected attribute in this subset.

(3) 'e data space constituted by the subset is segmented
into two subspaces, which correspond to left and
right subtrees, by the chosen split point. 'e data
would then be assigned to corresponding subtrees
followed by comparing their values with the split

point in the specified attribute, and the smaller and
greater ones correspond to left and right subtrees,
respectively.

(4) Repeat the second and third steps for each new
subspace until there is only a single point in the
subspace, or the height limit h of iTree is fulfilled. h is
a parameter depending on the size of the subset with
the form of h � [logk

2]. In this way, an iTree is
established.

(5) Constructing n iTree according to steps stated above
such that the isolation forest {T1, . . ., Tn} can be
formed.

As for any point x, the partition time to isolate that point
in ith iTree can be referred to as path length L(xi), which
provides reference for judging whether x is an anomaly. In
this case, n path lengths can be acquired, and each of which
corresponds to an iTree in{T1, . . ., Tn}. 'en, the path length
for x in an isolation forest is calculated by taking the average
of n path lengths, i.e,

E(L(x)) �
1
n



n

i�1
L xi( . (2)

'e anomaly score that measures the outlierness of x is
defined in [17] and given as

s(x) � 2((E(L(x)))/(c(k)))
, (3)

where k is the number of instances in the subset, and c(k) is
used to normalize L(x) and can be written in the form

c(k) � 2∗ H(k − 1) −
(k − 1)

k
 , (4)

with H(x) denoting the harmonic number, which can be
estimated by Euler’s constant as H(x)�

ln(x) + 0.5772156649. Taking two extreme cases into ac-
count, where the minimum and maximum distances from x
to the root of each full-grown iTree are achieved, respec-
tively. At this point, E(L(x)) reaches the minima 0 and
maxima n − 1. Substituting two extreme values of E(L(x))
into (3), it can be concluded that the anomaly score for x is
within the range [0, 1]. Once the anomaly score has been
calculated for each sample, anomalies can be sought out
based on the threshold of anomaly score, and the more it
approximates to 1, x is more likely to be an anomaly. As a
rule of thumb, the threshold of anomaly score is taken as 0.6.
In our case study, the instances contained in the subset and
the number of trees are set as 256 and 100, respectively,
which have been proven to be the optimal parameters that

Table 1: Eigenvalues and variance for PCs.

Number Eigenvalues Explained variance proportion Cumulative explained variance
1 3.068 0.623 0.623
2 1.247 0.253 0.876
3 0.465 0.094 0.970
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yield the best performance of anomaly detection [22]. On
this basis, anomalous points were searched among dimen-
sion-reducing operating data. To simplify the presentation,
the result obtained in a certain period of time is given in
Figure 3.

As shown in Figure 3, partial detected anomalies are
marked by red points and remaining points are considered
as normal ones. Likewise, anomalous points over different
periods of time can be collected and pooled together. Al-
though all anomalies have been found at this stage, there is a
need to determine the type of anomalous condition for
further study. However, due to the complexity of operating
conditions in practicalWLFGD scenarios, it is challenging to
know the specific number of anomalous conditions, and the
rational partition of them is also an intractable problem.
Here, adaptive mean shift is applied to address the en-
countered problem.

Mean shift (MS) is a nonparametric mode seeking
algorithm based upon kernel density estimate, which is
able to find clusters with any shapes in data [25]. 'e
major downside to MS is its high computational com-
plexity in high dimensions [26]. Nevertheless, in our case
study, the dimension of feature space has been reduced in
advance, which avoids the computational problem it
brings. Meanwhile, the number of modes (i.e., clustering
numbers) can be automatically determined by the al-
gorithm; therefore, MS is of practical significance for
determining the type of anomaly in our case study. 'e
principle of MS clustering is outlined as the process of
moving each point towards the direction of maximum
local density, and the direction is determined via kernel
density estimate. 'e movements of each point are re-
peated until the point converges to another point with
local maxima of density (i.e., mode). Lastly, points with
the same mode are classified as the identical cluster. 'e
bandwidth of a kernel function is the unique and key
parameter in MS which affects the clustering result of the
MS significantly [27, 28]. Based on whether the band-
width is variable during the shifting of points, MS can be
divided into two groups, i.e., constant and adaptive mean
shifts. As for constant bandwidth, either too small or too
large bandwidths may lead to inappropriate clustering.
By comparison, adaptive mean shift (AMS) can yield
better results for clustering. Assume xi ∈ Rd, i � 1, . . . , N

be the data points in a d-dimensional feature space, and
each of which is assigned with a bandwidth hi. 'e
density estimation of the sample point with kernel profile
k is defined as

f(x) �
1
N



N

i�1
h

− d
i k

x − xi

hi

��������

��������

2

 , (5)

where Gaussian kernel is used; the corresponding profile is a
function of the form

k ‖x‖
2

  � exp −
1
2
‖x‖

2
 . (6)

Let function g(x) � − k′(x), then the gradient of kernel
density estimation shown in (5) is written as

∇f(x) �
2
N


N

i�1
h

− (d+2)
i g

x − xi

hi

��������

��������

2

 


N
i�1 xih

− (d+2)
i g x − xi( /hi)(

����
2����� 


N
i�1 h

− (d+2)
i g x − xi( /hi( 

����
����
2

 

− x
⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦,

(7)

where the rightmost part in (7) is known as the mean shift
vector, whose direction yields maximum density increment.
Each point in the feature space moves to local density
maxima progressively with the direction of gradient, namely,
the direction of mean shift vector. Now, there arises the
question that how to determine the adaptive bandwidth hi.
Here, the k-nearest neighbor method in [26] is adopted.'at
is, the bandwidth of xi is dependent on its kth distant point
xi,k, and hi takes the form

hi � xi − xi,k

����
����. (8)

It follows from (8) that the value of k greatly influences
the clustering outcome by changing the bandwidth of each
point. On the basis of detected anomalous points, clustering
is performed by adaptive mean shift with different k.
Meanwhile, silhouette coefficient is introduced as the
measure of clustering performance to select the optimal k
value. As for the clustering silhouette coefficient, the value is
in the range [− 1, 1] and the rationality of the clustering result
is proportion to its value.With anomalies collected by IF, the
silhouette coefficient is calculated and plotted against k with
the interval of 50; the result is presented in Figure 4.

As is depicted in Figure 4, it is clear that the clustering
silhouette coefficient reaches its maxima when k equals to
100. In this sense, the optimal clustering effect can be
achieved with k� 100. Accordingly, the subdivision of
anomalous conditions in WLFGD system was carried out by
AMS in this context. To enhance the accuracy of clustering,
both dimensions of obtained anomalies are scaled to [− 1, 2]
before clustering, and the result is shown in Figure 5.

As illustrated in Figure 5, anomalies are classified into
three categories, each of which is constituted by dots in a
certain color. Meanwhile, the mode of each category is
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Figure 3: Anomalies detected by IF in WLFGD system.
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marked by a solid circle, respectively. At this stage, the data
of various anomalous conditions can be extracted via the
clustering result mentioned above. 'en, the dataset cor-
responding to each type of anomalous condition was ran-
domly classified into two portions, including 70 percent for
model training and 30 percent for control testing, and both
of the training and control process would be made clear in
the next section.

4. Identification and Multimodel Adaptive
Control in Anomalous Conditions

In effect, anomalous conditions extraction done before
makes provision for adaptive multimodel control intro-
duced in this section. 'e overall control process can be
briefly summarized as two steps. First, models are estab-
lished to characterize different types of anomalous condi-
tions extracted above. 'en, the multimodel control strategy
is applied in connection with those models. Above-
mentioned two steps correspond to the following two
subsections separately. Besides, as pointed out in the first
part of this work, the pH values in limestone slurry and
outlet sulphur dioxide concentration are chosen as

controlled variables (i.e., output variables) of the system.
Second, the flux and density of limestone slurry, which are
readily available through sensors meanwhile have a con-
siderable impact on system outputs, are selected as control
variables (i.e., input variables) of the system.

4.1. System Identification. Dynamic neural network has
drawn increasing attention and been exploited in many
fields, due to its preferable capabilities in representation of
nonlinear system compared with the static one. Moreover,
dynamic neural network used for nonlinear system
identification can be further categorized as series-parallel
model and parallel model [29]. In view of the fact that
reactions taking place in the absorber have high level of
complexity, thus there exist great obstacles to model the
system with chemical mechanism. Meanwhile, high
nonlinearity and delay existing in the process of slurry pH
variations further add the difficulty for system identifi-
cation in the context of WLFGD. On account of the
abovementioned merits of dynamic neural network, here,
the parallel form in it is utilized to identify the system in
our case study. 'e strengths of this type of neural net-
work can be summarized as follows: (1) the output of
actual system is less affected by the bias resulting from
noise [30], and (2) its identification model is particularly
suitable for using offline. As the parallel dynamic neural
network with no hidden layer has been described in detail
in [31–33], in what follows, the description of MPDNN is
our main concern.

Consider the nonlinear system to be identified is given as

_xt � f xt, ut, t( , (9)

where the state xt ∈ R
n and input ut ∈ R

m, and the dynamic
neural network of the following form is used to identify the
system:

_xt � Axt + W1,tσ V1,txt  + W2,tϕ V2,txt c ut( , (10)

with xt ∈ R
n being the estimate of state. A ∈ Rn×n is a di-

agonal Hurwitz matrix. 'e control input function is as-
sumed bounded and taken as c(ut) � ut. Let l denote the
number of nodes in the hidden layer, then V1,t and V2,t are l-
by-n weight matrices and W1,t and W2,t are n-by-l weight
matrices. σ(·) ∈ Rl is a sigmoidal vector function, and
ϕ(·) ∈ Rl×l is a diagonal matrix constituted by elements of
the sigmoidal vector function, which can be represented as
ϕ(·) � diag[ϕ1(V2,txt), . . . ,ϕl(V2,txt)], and the component
of sigmoidal vector function takes the form

ϕi(x) � σi(x) �
a

1 + exp(− bx)
− c, i � 1, 2. (11)

In reality, nonlinear system (9) cannot be represented by
(10) precisely due to the presence of unmodeled dynamics
Δf, which can be formulated as

Δf � _xt − Axt + W
∗
1 σ V

∗
1 xt(  + W

∗
2 ϕ V

∗
2 xt( c ut( ,

(12)
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with W∗1 , W
∗
2 , V
∗
1 , and V∗2 being any fixed weight matrices.

Since the matrix A in (10) is stable, the pair (A,R1/2) is
controllable, the pair (Q1/2,A) is observable, and the local
frequency condition expressed by (13) holds [34]

A
T
R

− 1
A − Q≥

1
4

A
T
R

− 1
− R

− 1
A R A

T
R

− 1
− R

− 1
A 

T
.

(13)

'en, the matrix Riccati equation of the form,

A
T

P + PA + PRP + Q � 0, (14)

has a positive symmetric solution P. 'en, it follows from
[35] that weight matrices update law can be given as follows:

_W1,t � K1PΔt σT
+x

T
t

V
T

1,t

zσT(Z)

z(Z)

 Z�V1,txt
 ,

(15a)

_W2,t � K2PΔt u
T
t ϕ

T
V2,txt  +x

T
t

V
T

2,t

z ϕtut( 
T
(Z)

z(Z)

 Z�V2,txt
 ,

(15b)

_V1,t � K3PW1,t

zσT(Z)

z(Z)

 Z�V1,txt
 Δtx

T
t − K3Λ1 V1,txtx

T
t ,

(15c)

_V2,t � K4PW2,t

z ϕtut( 
T
(Z)

z(Z)

 Z�V2,txt
 Δtx

T
t − K4Λ2 V2,txtx

T
t ,

(15d)

where the identification error Δt is denoted as xt − xt. Gain
matrices Ki 

4
i�1 ∈ R

n×n are utilized to determine the
learning rate of neural network. Both Λ1 and Λ2 are positive
definite matrices, and P stands for the solution of Riccati
equation in (14). In addition, Vi,t ≜V∗i − Vi,t (i� 1, 2), and
when t� 0, Vi,0 � V∗i . In our case study, flux Ft and density
Dt of limestone slurry are regarded as inputs of the neural
network. On the contrary, outlet sulphur dioxide concen-
tration x1t and slurry pH value x2t are quantities to be es-
timated. 'us, the input-output mapping relation can be
given as

x1t, x2t 
T

� f Ft, Dt( , (16)

where f is a nonlinear vector-valued function. Aimed at
enhancing the convergence speed, all measurements are
scaled to zero mean and unit variance before the online
identification. In the following, system identification is
carried out with or without the existence of hidden layer
in neural network. Further, in the case where the hidden
layer is involved, two and three nodes are used, respec-
tively, in order to find the form with the optimal iden-
tification accuracy. Here, due to the space limitation, only
one type of extracted anomalous condition is chosen to be
identified. As for the neural network without hidden layer,
ϕ(·) and weight matrices V1,t, V2,t in (10) are set as the

identity matrix. Sigmoidal functions in all three cases are
given as

ϕi(x) � σi(x) �
1.2

1 + exp(− 0.5x)
− 0.1, i � 1, 2. (17)

Initial weight matrices are given as

W1,0 �
0.25 1

1 0.25
 ,

W2,0 �
0.2 0

0 0.2
 .

(18)

Additionally, A �
− 20 0
0 − 10 , R �

15 0
0 10 , and

Q �
20 0
0 10 . 'us, the solution P of (14) can easily be

calculated as P �
2 0
0 1 . Adaptive gains are selected as

K1 �K2 �15 and the initial states are set as x0 � [0, 0]T. It
should be noted that the selection of A, R, and Q should
preferably make sure that the solution P is a real matrix such
that computation time in the identification process can be
reduced. Moreover, adaptive gains can be appropriately
increased to speed up the identification process. On this
base, identification for anomalous condition in the selected
training set is obtained by this no-hidden-layer dynamic
neural network with weight updating law given in [32]. 'e
estimates and actual outputs are given simultaneously in
Figure 6 for comparison purpose.

As for MPDNN with one hidden layer, output weights
are the same as W1,0 and W2,0 set above, and input weight
matrices in the hidden layer are initialized as

V1,0 �
0.1 0

0 0.2
⎡⎢⎣ ⎤⎥⎦,

V2,0 �
0.5 0

0 1
⎡⎢⎣ ⎤⎥⎦.

(19)

In such a case, the system is identified byMPDNN in (10)
with two nodes in the hidden layer, weights are updated
based on (15) with Ki � 15 (i� 1, 2, 3, 4), Λ1 � Λ2 � I, while
the setting of remaining parameters remain unchanged.
Figure 7 presents the identification result for both states.

Likewise, in the case where three nodes are in the hidden
layer, initial weight matrices are given as follows:

W1,0 � W2,0 �
0.1 0 0.2

0 0.2 0.5
⎡⎢⎣ ⎤⎥⎦,

V1,0 � V2,0 �
0 0.3 0.2

0.3 0.5 0
⎡⎢⎣ ⎤⎥⎦

T

.

(20)

Remaining parameters are selected the same as those in
the former two cases; the identification results are shown in
Figure 8. It should be mentioned that the excessive number
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of parameters in weight matrices may pose limitations on
identification speed. 'erefore, certain elements in the
abovementioned weight matrices are set as zero and un-
changed during the identification process.

Next, identification is conducted for the testing set with
the same parameters. Due to the space limitation, results are
not visualized here. Instead, the identification performance
of three kinds of neural networks is measured by the mean
squared error (MSE) criterion, and corresponding results in
training and testing sets are presented in Table 2.

From Table 2, it can be easily concluded that MPDNN
outperforms the no-hidden-layer one both in the training set
and testing set. More specifically, the one with three nodes in
the hidden layer possesses the optimal identification per-
formance. Due to the fact that the control scheme designed
in the following section is based on the principle of certainty
equivalence, thus the control performance depends critically
on identification accuracy of models. On this base, MPDNN
with three nodes in the hidden layer is selected to model
other two types of anomalous conditions based upon their
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Figure 6: Identification results of dynamic neural network with no hidden layer: (a) result for outlet sulphur dioxide concentration; (b)
result for the pH value in slurry.
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Figure 7: Identification results of dynamic neural network with two nodes in the hidden layer: (a) result for outlet sulphur dioxide
concentration; (b) result for the pH value in slurry.
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respective training sets, and they would serve the control
purpose below.

4.2. Control Design. As discussed in the introductory sec-
tion, it is truly difficult to exert effective control over the
whole desulphurization process; this can be attributed to the
fact that actual operating environments in WLFGD system
are complex and manifold. All the above considerations
suggest that the adaptive multimodel control strategy is
particularly suited to cope with such kind of problem, where
the nonlinear system with large parametric uncertainty
requires to be controlled under a time-varying environment.
However, there also exist some issues precluding the ap-
plication of multimodel control in practical scenarios, and
we shall discuss them in the following.

To simplify the exposition, some mathematical notations
are introduced into the statement of the problem. Let p be
the parameter vector of the plant at a certain instant, while pi

denotes the parameter of the ith model among multiple
models at the same instant. It is assumed that both p and pi

lie within a d-dimensional compact set U in the parameter
space. Our objective is to estimate by means of multiple
models at each instant. As for the ith fixed model, parameter
vector pi is located in the same position at all times. Rather,
an adaptive model would approximate p progressively by
parameter adjustment from initial values, hence parameters

of adaptive models are time-varying before convergence is
reached. By far, a great deal of research has been conducted,
both in linear and nonlinear cases, to find the optimal
implementation of multimodel control, and distinct com-
binations of models are studied, which include (1) fixed
models only; (2) adaptive models only; (3) fixed models and
free running adaptive models; and (4) fixed models, reini-
tialized and free running adaptive models. It has been
demonstrated that the last control architecture, which is of
interest in this work, could yield the best performance, and
the reader can refer to [36, 37] for more details. With this
architecture, as long as one of the fixed models is selected,
parameters of the reinitialized adaptive model would be reset
to those of the selected models, and then adaptation of
parameters would proceed from initialized ones. Provided
that p is located somewhere in U at a certain instant, the
neighborhood of pi 

N
i�1 can be viewed as a class Ui 

N
i�1

distributing in U. In this case, fixed models are served as
providing initial parameter estimates for p such that it is
included by a certainUi. 'en, tuning is carried out based on
pi, namely, a point in Ui, to asymptotically converge to the
real parameter p. 'e two stages in this process can eliminate
the transient and steady-state error, respectively. Obviously,
whether the control architecture of this sort can be applied
effectively largely depends on the closeness between pa-
rameter p of fixed models (i.e., initial parameters of the
adaptive model at switching instant) and p of the real plant at
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Figure 8: Identification results of dynamic neural network with three nodes in the hidden layer: (a) result for outlet sulphur dioxide
concentration; (b) result for the pH value in slurry.

Table 2: Identification results in training and testing sets.

Training set Testing set
Type MSE for x1 MSE for x2 Type MSE for x1 MSE for x2
No hidden layer 1.898e − 04 1.185e − 05 No hidden layer 0.0375 3.457e − 05
Two nodes 2.616e − 05 1.435e − 06 Two nodes 9.553e − 03 1.002e − 05
'ree nodes 9.618e − 06 7.993e − 08 'ree nodes 1.042e − 03 8.921e − 06
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a certain instant. In fact, large initial parametric error of the
adaptive model would result in poor transient response, and
long time may be required for adaptation and settling, which
restricts the use of multimodel adaptive control in practice to
a large extent. As a consequence, appropriate choices of p for
different fixed models, which are the prerequisite for ef-
fective tuning in the subsequent stage, are of utmost
significance.

Apart from the qualitative problem for determination
of initial parameters, a quantitative problem concerning
the number of fixed models is also formidable. 'e latter
problem imposes limitations on practical application of
such kind of control strategy as well, for computational
overhead and efficiency that deal with the number of
models must be taken into account. From a practical point
of view, it is often the case that plants only switch among
several subsets in U. 'us, there is no point in building
fixed models with improper parameters. To handle two
above-stated problems, sufficient knowledge about U
should be gained such that parameters of fixed models are
obtained; further, each subset Ui (i.e., the corresponding
area in which adaptation of parameters takes place) could
be determined. To this end, as indicated earlier, anoma-
lous conditions were analyzed and extracted in turn and
then subdivided into varied types. In this sense, infor-
mation regarding anomalous conditions on-site can be
obtained thoroughly, based on which the number of fixed
models is therefore determined. Our idea is illustrated
intuitively in the form of a flow diagram (Figure 9).

It can be seen clearly from Figure 9 that the multimodel
control process is partitioned into two parts in our work,
where the left-half part makes detailed analysis for different
types of anomalous conditions by data exploring and
mining. In this way, qualitative and quantitative information
on anomalies is acquired, which could be further utilized to
provide guidance formodel set building in the right-half part
of Figure 9. At the stage of control design, a corresponding
controller is designed for each constructed model and the
controller set Ci 

N
i�1 is established. In fact, models in the

model set Ii 
N
i�1 and controllers in Ci 

N
i�1 are pairwise. 'at

is, one pair in ICi 
N
i�1 is selected at each instant based on the

switching scheme introduced later.
As stated in the introductory section, both controlled

variables, slurry pH value, and outlet flue gas concentration
are significant indicators that can measure the effectiveness
of desulphurization. In our case study, a regulation problem
would be resolved, i.e., multimodel adaptive control was
carried out to track the reference values we set. 'e set point
of slurry pH value should make trade-off between desul-
phurization efficiency and safety problems caused by cor-
rosiveness. It has been verified in [38] that the reasonable
value of pH is 5.5 at normal operation conditions. Besides,
the desired outlet flue gas concentration is set as 3.6mg/m3

in light of the practical condition and emission standard.
Hereafter, the desired states are represented as
x∗ � [x∗1 , x∗2 ]T and the control error vector is written as
e � x∗ − x. Differentiating e with respect to t such that
dynamics of the control error can be derived, which is
expressed as

_et � _x
∗
t − _xt, (21)

and then (10) is invoked to rewrite (21) in the following
form:

_et � _x
∗
t − _xt � − Axt − W1,tσ V1,txt  − W2,tϕ V2,txt c ut( .

(22)

If we choose the control input to be in the form

c ut(  � ut � − W2,tϕ V2,txt  
+

Ax
∗
t + W1,tσ V1,txt  ,

(23)

where the first term on the right-hand side of (23) denotes
Moore–Penrose inverse of matrix W2,tϕ(V2,txt).

Assumption 1. 'e number of nodes l in the hidden layer
and the number of states n satisfy l≥ n. Furthermore, n-by-l
matrix W2,tϕ(V2,txt) has full row rank, i.e.,
r[W2,tϕ(V2,txt)] � n, such that the product of W2,tϕ(V2,txt)

and its Moore–Penrose inverse equals to the identity matrix.
In particular, W2,tϕ(V2,txt) is a square matrix when l� n,
then the condition becomes nonsingularity of the matrix
W2,tϕ(V2,txt) [39, 40].

By assumption, substituting (23) into (22), the closed-
loop dynamics of error is obtained:

_et � − Axt − W1,tσ V1,txt 

+ W2,tϕ V2,txt  W2,tϕ V2,txt  
+

Ax
∗
t + W1,tσ V1,txt  

� A x
∗
t − xt(  � Aet.

(24)

Clearly, as A is a Hurwitz matrix, the control error is
asymptotically stable with the control input we imple-
mented. In addition, the switching time and sequence of
multiple models are entirely dependent on the switching
scheme.'e switching scheme is designed on the basis of the
performance index for each model. For the assurance of
switching accuracy, both instantaneous and cumulative
identification errors are required to be taken into account in
performance index Ji(t) 

N

i�1.'e performance index chosen
in our study has the form:

Ji(t) � αe
2
i (t) + β

t

0
e

− λ(t− τ)
e
2
i (τ)dτ, (25)

with α and β being the weights of instantaneous and
cumulative identification errors. ei(t) denotes the iden-
tification error at instant t, and the exponential weighting
method is applied in the cumulative error calculation,
wherein λ indicates the forgetting factor. 'e rationale for
switching scheme is to search for mini Ji(t)  at each in-
stance. 'e smaller performance index Ji is the higher
identification accuracy of the ith model. On this base, the
corresponding controller Ci(t) is chosen such that the best
control performance can be yielded at the corresponding
instant.
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5. Simulation Studies

In this section, different multimodel control modes are
designed and analyzed on the basis of anomalous conditions
extracted in previous sections. Moreover, MPDNN with
three nodes in the hidden layer (without further specifica-
tion, MPDNN denotes this kind of structure in this section)
is used for model and controller design in the following
cases.

5.1. Preparations. In previous sections, anomalous condi-
tions in different types have been extracted, and one of which
has been modelled via MPDNN over its training set. 'e
convergent weights of neural network are recorded as θ1 in
this case. Similarly, the other two types of conditions can be
identified over the respective training sets, during which the
same technique (including the preprocessing of data) is used

and requires suitable choice of parameters in MPDNN. In
this way, with the expected identification accuracy (MSE for
both states in two cases is less than 2e − 4), three sets of
parameter vectors were obtained.

θj � (a, b, c, d, e, f, g, h), j � 1, 2, 3, (26)

and each a to h in θ are constituted by the corresponding pair
of elements in Wi and Vi (i� 1, 2) as follows:

Wi �
ai 0 bi

0 ci di

 ,

Vi �
0 ei fi

gi hi 0
 

T

,

(27)

where

θ1 � [(0.209, 0.259), (0.151, − 0.298), (− 0.703, 0.027), (0.713, − 0.196)(− 0.848, 0.52), (− 0.52, − 0.166), (− 0.753, − 0.9), (− 0.632, 0.806)],

θ2 � [(0.136, 0.533), (− 0.848, 0.868), (− 0.89, − 0.748), (0.063, 0.138)(− 0.061, 0.589), (− 0.976, − 0.378), (− 0.326, − 0.057), (− 0.676, − 0.669)],

θ3 � [(− 0.621, − 0.835), (− 0.252, 0.859), (0.262, 0.549), (0.571, − 0.026)(− 0.128, 0.022), (− 0.106, 0.636), (− 0.387, 0.59), (0.017, 0.289)].

(28)
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'e resulting weight matrices mentioned above are used
to establish fixed models, respectively. To test and verify the
effectiveness of the proposed method in practical WFLGD
system, a simulation platform of anomalous conditions in
our case study is set up. In this platform, each type of
anomalous environment is simulated via MPDNN in the
above form over respective testing data. With no loss of
generality, normal condition is taken into account by fitting
MPDNN to the part of the remaining normal operation data.
To assure the accuracy of simulation, parameters for
MPDNN in each situation were determined by trial and
error such that the optimal identification performance could
be achieved. In this way, the final mean squared identifi-
cation errors for both states in all the four conditions are
lower than 1.042e − 3. At this stage, both fixed models and
simulation environments in WLFGD system have been
established.

'e platform constructed above would simulate both
three types of anomalous conditions and the normal op-
eration condition every 30 units of time, which can be
expressed as

1 st Anomaly, 0≤ t< 30,

2 ndAnomaly, 30≤ t< 60,

Normality, 60≤ t< 90,

3 rdAnomaly, t≥ 90.

⎧⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

(29)

Remark 1. Initial weights of models have a major effect on
the control performance of multimodel adaptive control,
particularly in practical applications.'e problem of interest
in this paper is mainly concerned with the setting of initial
weights in anomalous conditions; the discussion and
analysis of normal operation conditions are out of scope.
Hence, we do not arrange the testing set and build only one
model for the normal condition.

'e initial states of all MPDNN in the simulation
platform are set as x0 � [0, 0]T. In addition, as for different
cases conducted below, proper combinations of α, β, and λ
were selected for the performance index in (21). In the
following, simulations on different cases would be con-
ducted in a sequence, with the objective of testing the ef-
fectiveness of MPDNN multimodel adaptive control with
different combinations of fixed models.

5.2. Experiments. As mentioned previously, it has been
verified that the mode of fixed models with reinitialized
adaptive models has the optimal control effect inmultimodel
control. Moreover, the topic discussed in this work focuses
more on the selection of fixed models in practical multi-
model control. 'erefore, combinations of different kinds of
models would not be involved in cases below. Instead, varied
methods for construction of fixed models are simulated to
test the validity of the method proposed in this article. To
simplify notations, in cases below, the ith MPDNN fixed
model is denoted as IFi, and the conventional and reini-
tialized MPDNN adaptive models are denoted as IA1 and
IA2, respectively.

Case 1. Single free running adaptive model:

'e single identification model is the most basic form
in adaptive control. 'e parameters of the model
would adjust with variations of the environment.
Adaptive control of this sort can be effective when
slow variations take place in the environment,
whereas the large overshoot would arise at the instant
when unanticipated environment is met. 'e initial
value of IA1 in this case is set as θ1. Figure 10(a)
displays the response of the plant in different con-
ditions, and Figure 10(b) is the absolute value of the
control error. Clearly, there exists large transient error
when condition shifts at 30, 60, and 90 units of time.
Worse still, after 90 s, strong oscillations arise and the
plant is out of control, which reveals that the single
adaptive model is not a suitable choice in practical
WLFGD scenarios.

Case 2. 'ree time-based fixed models, one adaptive
model, and one reinitialized adaptive model:

In this case, the building of IFi 
3
i�1 is dependent on

the partition of time series. To be specific, all extracted
anomalous points were ordered in ascending time
sequence.'en, points were equally divided into three
portions, and each of which are utilized to set up a
fixed model in the same fashion as before with
convergence weights and proper parameters, and
mean squared identification errors for two states in all
the three models are below 8.703e − 4. As for IA1
applied in this case, which aims at controlling the
plant in normal conditions, its initial parameters are
set close to weights corresponding to normality in the
simulation platform. Moreover, the weights of IA1
would be initialized again when variations of pa-
rameters take place in the simulation platform. 'e
system response and absolute value of the control
error are presented in Figures 11(a) and 11(b), re-
spectively. Intuitively, compared with the control
mode used in Case 2, the control performance has
improved dramatically. It is seen that the plant is
controllable under different operating conditions.
However, overshoots are somewhat large when pa-
rameters change in the plant. Particularly, at instant
90 s, a comparatively long period of time is needed for
the adaptation process.

Case 3. 'ree range-based fixed models, one adaptive
model, and one reinitialized adaptive model:

In previous sections, anomalous operating data have
been mapped into 2-dimensional feature space via
principle component analysis. Here, the establishment
of IFi 

3
i�1 is accomplished by partitioning the range

of first principle component (PC1). In this way, the
threshold vector η � [η1, η2] is obtained by evenly
splitting the whole range of PC1 into three parts.
'en, anomalous points corresponding to three in-
tervals, namely, [ymin, η1), [η1, η2), and [η2, ymax]

(ymin and ymax are minima and maxima of PC1), are
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collected and used to build three fixed models by
MPDNN as before. IA1 has the same setting as that in
Case 2. Figure 12 presents the corresponding control
response in this case. By comparing the absolute value
of control error shown in Figure 12(b) with its
counterpart Figure 11(b), it is found that the transient
error at instant 30 s is reduced. Still, larger overshoot
occurs when parameters change at 90 s.

Case 4. 'ree AMF clustering-based fixed models, one
adaptive model, and one reinitialized adaptive model:

In Case 4, the determination of fixed models relies on
the extracting results of the anomalous condition

obtained in Section 3. 'erefore, three fixed models
are constructed based on weights θi 

3
i�1. Meanwhile,

the setting of IA1 is consistent with the above cases.
'e resulting output and control error of the plant are
depicted in Figures 13(a) and 13(b), respectively. It is
clear that the control mode in this case can yield far
better control performance in contrast to all cases
mentioned above. From a transient response view-
point, when parameters of the plant vary at different
instants, the output can maintain small overshoot. On
the contrary, the steady-state error can reach zero over
time. 'e reason for such improvements lies in the
reduction of initial parameter error in IA2. As revealed
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Figure 10: Control response of Case 1: (a) system outputs; (b) absolute value of the control error.
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Figure 11: Control response of Case 2: (a) system outputs; (b) absolute value of the control error.
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Figure 12: Control response of Case 3: (a) system outputs; (b) absolute value of the control error.
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Figure 13: Control response of Case 4: (a) system outputs; (b) absolute value of the control error; (c) switching sequence.
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from the switching sequence in Figure 13(c), each
time when the type of anomalous condition shifts, the
fixed model with the least performance index would
be chosen to lower the transient error in the first place,
and then IA2 would take over as the controller until
next environment appears. As the fixed models we
built are able to roughly describe actual environments
in different time ranges, transient errors are relatively
small when switching to a new environment. Also,
due to the closeness between parameters of fixed
models and real ones, it takes little adaptation time for
IA2 to revert to set points.

Case 5. Additional fixed models on the basis of Case 4,
one adaptive model, and one reinitialized adaptive
model:

'e design of Case 5 is built upon the last case. To
further verify the effectiveness of fixed models

constructed in Case 4, additional three fixed models
(IF4, IF5, IF6) are considered. Further, weights of
each additional fixed model are set randomly within
the range of − 1 and 1. 'e system response and
magnitude of error at every instant are presented in
Figures 14(a) and 14(b) separately. Compared with
their counterparts in Figure 13, it is clear that there is
not much improvement in transient response with the
variation of anomalous conditions. In fact, it can be
seen that the system response in the normal operating
condition is even worse. 'e reason can be concluded
from the switching sequence shown in Figure 14(c).
At the stage of controlling in normal condition, the
parametric closeness of three additional fixed models
to true parameters of the plant may give rise to oc-
currences of frequent switching, which causes inter-
mittent overshoot between 60 and 90 units of time.
Furthermore, during simulation, the amount of
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Figure 14: Control response of Case 4: (a) system outputs; (b) absolute value of the control error; (c) switching sequence.
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computation became prohibitively large in this con-
trol mode, which proved once again that the inap-
propriate choice of model number when applying
multimodel control can induce severe consequences
in practical scenarios.

6. Conclusions

'is paper focused on addressing the practical control
problem in WLFGD system by using the MPDNN multi-
model control strategy. 'e difficulties for the application of
multimodel control in real world have been stated in Section
4.With the objective of implementing multimodel control in
the context of anomalous conditions, a chain of techniques
have been adopted to search and extract different types of
anomalies. 'en, MPDNN, which has an excellent capability
of approximating uncertain environments, is utilized to
identify those anomalous conditions and models are built
accordingly. As indicated in Section 5, in comparison with
other cases, the control performance of MPDNN multi-
model control system, which is built upon the process we
proposed in this work, can yield satisfactory control per-
formance for simulated WLFGD system. Based on this di-
rection, the main concern in our future work would be
combinations of data analysis techniques and adaptive
control in the context of multimodel control.
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