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Abstract: A suitable model of coordinated control system (CCS) with high accuracy and simple
structure is essential for the design of advanced controllers which can improve the efficiency of
the ultra-super-critical (USC) power plant. Therefore, with the demand of plant performance
improvement, an improved T-S fuzzy model identification approach is proposed in this paper.
Firstly, the improved entropy cluster algorithm is applied to identify the premise parameters which
can automatically determine the cluster numbers and initial cluster centers by introducing the concept
of a decision-making constant and threshold. Then, the learning algorithm is used to modify the
initial cluster center and a new structure of concluding part is discussed, the incremental data
around the cluster center is used to identify the local linear model through a weighted recursive
least-square algorithm. Finally, the proposed approach is employed to model the CCS of a 1000 MW
USC one-through boiler power plant by using on-site measured data. Simulation results show that
the T-S fuzzy model built in this paper is accurate enough to reflect the dynamic performance of CCS
and can be treated as a foundation model for the overall optimizing control of the USC power plant.

Keywords: modeling; ultra super-critical power plant; coordinated control system; T-S fuzzy model;
performance improvement

1. Introduction

Ultra-super-critical (USC) power plants have been widely developed during the past decade for
their high efficiency and low emission. For a large-scale once-through boiler power plant, the boiler
and turbine are controlled as a whole object and the coordinated control system (CCS) is adopted.
Since the CCS of a USC power plant is a complicated multivariable system with severe nonlinearity and
coupling, the advanced controllers should be selected to improve the control efficiency. However, the
advanced controllers always need a simple and precise mathematical model to maintain their high
performance [1]. Therefore, in order to improve the performance of a USC power plant, it is essential
to build a model of CCS with high accuracy and simple structure. Unfortunately, this modeling
problem has been addressed in few reports, and the appropriate identification methods still need to be
deeply researched.

The CCS of a USC power plant is too complex to be built accurately by conventional linear
modeling methods [2], so nonlinear identification methods need to be adopted. At present, there
are a few nonlinear modeling methods developed for a USC power plant, such as neural network
methods [3], dynamic mechanism modeling [4,5], and neuro-fuzzy network methods [6]. The models
built by the above approach are precise, but the model structure and the algorithm itself are
complex. The fuzzy model proposed by Takagi-Sugeno [7] provides an efficient way to describe
nonlinear systems. Based on If-Then rules, the relationship between input and output can be easily
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presented [8]. Due to its excellent features, the T-S fuzzy model has attracted significant attention from
many researchers.

The T-S fuzzy model mainly contains a premise part and consequent part. For the premise part,
the structure identification is important because it determines the fuzzy rule numbers. In order to get
the suitable structure of the premise part, the fuzzy clustering algorithms which can perfectly divide
the fuzzy space and find vague boundaries have been widely adopted [9]. The most common fuzzy
clustering method is the fuzzy c-mean (FCM) algorithm [10–13]. This method can accurately identify
the cluster centers and radius of data when the suitable cluster number and weighted exponent are
chosen. However, the cluster results always depend on the initial values which are specified manually.
The cluster number of fuzzy c-regression models (FCRM) [14] is also selected manually. When the
cluster number is changed to find the optimal value, the whole cluster process should run again
and again, which will lead to heavy computational effort. In [15], an entropy-based fuzzy clustering
method was proposed for reducing the computation load. In this algorithm, the entropy just needs to
be calculated once in the searching process, and the data pairs which have minimum entropy will be
selected as initial cluster centers. Unfortunately, the data pairs which are away from the center area
will be included in the initial center, because they also have small entropy. Based on the above analysis,
in order to achieve suitable the cluster centers and cluster numbers, the improved clustering algorithm
deserve to be studied.

After getting the cluster centers and radius of the data, the parameters of conclusion part will
be calculated by the parameter estimation method, such as subspace identification (SID) methods [1],
orthogonal least square method [14], weighted recursive least-square algorithm [16], and so on.
However, the structure of the concluding part was rarely discussed. Though the model built
by the above-mentioned method has high precision, it cannot be directly used by the advanced
controller-based on a linear model. Thus, the new structure of conclusion part should be expanded to
fit the demand of advanced controllers.

In this paper, an improved T-S fuzzy model identification approach is proposed to model
a 1000 MW USC power plant for performance improvement. Firstly, an improved entropy-based
fuzzy clustering method is adopted. The cluster numbers and initial centers of this method are
automatically determined by introducing the concepts of a decision-making constant and threshold [17].
Meanwhile, the edge data points will not be selected as cluster centers. Then, the learning algorithm is
used to modify the initial cluster centers and premise parameters are determined by modified cluster
centers and the radius of cluster size. After this, a new structure of the concluding part is discussed, the
incremental data around the cluster centers are used to get the local linear model through a weighted
recursive least-square algorithm. The model built under the new structure can be directly used by
advanced controllers. Finally, the on-site measured data of the power plant is used to train and
verify the T-S fuzzy model, and two other different sets of data are selected to test the universality of
the model.

The paper is organized as follows. In the next section, the CCS of the USC power plant is briefly
described. Section 3 shows the new structure of the T-S fuzzy model. Section 4 describes the specific
parameter estimation method, including the improved entropy clustering algorithm and weighted
recursive least-square algorithm. Simulation results are given in Section 5. Finally, some conclusions
are drawn in Section 6.

2. The Coordinated Control System of Ultra-Super-Critical Power Plant

When the steam parameters of a super-critical (SC) power plant reach 27 MPa/600 ˝C, it can
be known as a USC power plant. Theoretical analysis indicated that the cycle heat efficiency of a
USC power plant is 43%–49%, which is 10% higher than a sub-critical power plant. Due to its high
efficiency, the USC power plant has become the leading fossil power generation unit around the world.
The simplified structure of a USC power plant is shown in Figure 1.
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Figure 1. Schematic diagram for an ultra-super-critical (USC) power plant.

At its critical state, water changes into steam instantly and there is no clear demarcation point
between water and steam. The density of water is equal to steam, so the unit in the power plant cannot
maintain natural circulation. In this case, the once-through boiler is adopted [18]. Compared with
the sub-critical power plant, the USC power plant has the characteristics of strong coupling and
nonlinearity, bringing challenges in modeling and control.

The structure of CCS in sub-critical power plants can usually be simplified as a double-input,
double-output object [19], while it cannot accurately reflect the characteristics of a USC power plant.
As the USC power plant does not use a drum boiler, the feed-water flow will directly affect the main
steam pressure and unit power, and the control of fuel/water ratio is important for the safe operation
of the unit. Hence, the feed-water flow and the separator outlet steam temperature, which reflect
the fuel/water ratio, are selected as the manipulating variable and controlled variable, respectively.
The CCS of a USC power plant can be modeled as a three-input, three-output nonlinear system, as
shown in Figure 2.
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Figure 2. Coordinated control system (CCS) of a USC power plant.

In Figure 2, the outputs of CCS are the output power, the main steam pressure, and the separator
outlet steam temperature. The inputs are the governor valve opening, the fuel flow and the feed-water
flow, respectively. The new simplified structure can reflect the dynamics and key features of real
power plant.
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3. The New Structure of the T-S Fuzzy Model

3.1. Definition of New Structure

Takagi and Sugeno proposed an effective way to represent fuzzy models of nonlinear systems.
A MIMO (multi-input, multi-output) system can be regarded as being made up of a series of
multi-input, single-output (MISO) systems, and then suppose that a MISO system is the plant that
needs to be considered.

Under the new structure, a MISO system can be described by the following fuzzy rules:

Ri : If x P pci, riq then yvi “ θT
i v, |i “ 1, 2, . . . , n (1)

where Ri is the ith rule, n is the number of rules, x is the input vector, ci and ri are the center and width
of the membership function, v is the incremental data vector of x, yvi is the output of the ith local linear
model, and θi is the conclusion parameter of the ith rule.

The input vector of the improved T-S model consists of all input variables and one output variable,
and can be expressed as follows:

xk “ ru1pkq, . . . , u1pk´m1q, . . . , uppkq, . . . , uppk´mpq, ypkq, . . . , ypk´ τqsT (2)

where m1, ¨ ¨ ¨ , mp are the order of different input variables, τ is the order of output
variables. Correspondingly:

vk “ r∆u1pkq, . . . , ∆u1pk´m1q, . . . , ∆uppkq, . . . , ∆uppk´mpq, ∆ypkq, . . . , ∆ypk´ τqsT (3)

where
∆ujpkq “ ujpkq ´ ustjipj “ 1, ¨ ¨ ¨ , pq
∆ypkq “ ypkq ´ ysti

(4)

ustjipj “ 1, ¨ ¨ ¨ , pq and ysti are the static value of input vector which can get from ci. For a nonlinear
plant, the linear relationship only exists between ∆y and ∆u, so v is used to identify the local linear
model around ci. yvi is the output of ith linear model, then the nonlinear output of the ith rule is
calculated as follows:

yi “ yvi ` ysti (5)

The final output of fuzzy model is:

y “
n
ÿ

i“1

wiyi{

n
ÿ

i“1

wi (6)

where wi is the ith membership degree, and is generally calculated by the following equation:

#

wi “ expp´||x´ci||
ri

q, ||x´ ci|| ď ri

wi “ 0, ||x´ ci|| ą ri
(7)

The parameters pci, riq are achieved from the training data. However, the training data is finite,
this means trained regions cannot cover the entire input space, so there will exist a situation where new
test data points do not belong to any rules p

ř

wi “ 0q, and Equation (6) cannot be calculated. To deal
with this problem, an adaptive inference is adopted.

1. Seek the clustering center cs, which has the shortest distance between x through Equation (8).

||x´ cs|| “ min||x´ ci||pi “ 1, 2, ¨ ¨ ¨ , nq (8)
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2. Calculate the output of local linear model.

yvs “ θT
s v (9)

3. The final output of the fuzzy model is:

y “ yvs ` ysts (10)

The shortest distance means that the data is extremely similar, so using the dynamic parameter of
cs to calculate the final output is reasonable.

3.2. Discussion of the New Structure

For the concluding part, there are two general kinds of structure:

yi “ θTxi ` ei i “ 1, . . . , n (11)

yi “ si `φTxi i “ 1, . . . , n (12)

Equation (11) is used in [14]. ei is the identification error, and the nonlinear data around the
cluster center is used directly to get the local model. Equation (12) is used in [16]. The static parameters
si pi “ 1, . . . , nq are obtained, firstly, and then the dynamic parameters φ are calculated. However,
input vectors xi pi “ 1, . . . , nq still use nonlinear data. For a nonlinear system, the linear relationship
exists between ∆y and ∆u. In addition, the concluding parameters of these two structures are totally
different for the same plant. Hence, the models built by above structures cannot be applied in designing
linear controllers.

In general, the local linear model of a nonlinear system can be obtained at the typical operating
point through the incremental data. In order to guarantee the high precision of the linear model, the
initial data must be limited to a small range for it cannot include nonlinear components.

Based on the above analysis, this paper treats the cluster center as the operating point, and then
the incremental data around the cluster center is employed to get the local linear model. This approach
can get rid of the limit of initial data, which means the global data can be used directly. The model
built under the new structure can be described as a linear time-varying model. In each sampling
period, a group of system variables can be obtained, then the membership degree will be calculated
through antecedent part. After that, the linear model which is suitable for the current moment will be
achieved. It is easy to take advantage of abundant advanced control theories to design control systems.
Hence, the approach proposed in this paper provides a foundation model for the overall optimizing
control of the USC power plant.

4. Parameters Estimation

4.1. Definition of Entropy

The input vector used for identify is xkpk “ 1, ¨ ¨ ¨ , Nq, the entropy can be calculated by the
following equation:

Eij “ Sijlog2Sij ` p1´ Sijqlog2p1´ Sijq

Ei “ ´
N
ř

j “ 1
j ‰ i

Eij (13)
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In Equation (13), when Sij is close to 0 or 1, the value of Eij is small (close to 0), when Sij = 0.5, Eij
is equal to 1, Sij is the similarity between the input vector xi and xj, which can be calculated by the
following equation:

Sij “ e´αDij

Dij “ ||xi ´ xj||
(14)

where i = 1, 2, ..., N, j = 1, 2, ..., N, Dij is the Euclidean distance between xi and xj. The maximum
and minimum of similarity for the input vector xi are Simax and Simin, then normalize the similarity
through Equation (15).

Sij “
Sij ´ Simin

Simax ´ Simin
(15)

The range of normalized Sij is [0, 1]. When the distance between two data pairs is small, the value
of similarity is close to 1. Correspondingly, when the value of similarity is close to 0, it means that the
distance between the two data pairs is large.

4.2. Improved Entropy Clustering Algorithm

In the conventional entropy clustering algorithm [15], the data points which have minimum
entropy will be taken as initial cluster centers. However, the cluster centers will contain edge data
pairs for they also have small entropy. In order to solve this problem, an improved entropy clustering
algorithm is proposed by introducing the concepts of decision-making constant [17] and threshold.
The specific implementation process is as follows:

1. Calculate the entropy Ekpk “ 1, ¨ ¨ ¨ , Nq according to the N input training data pairs
xkpk “ 1, ¨ ¨ ¨ , Nq and initialize the cluster number n “ 1.

2. The input vector xs which has the smallest entropy Es “ minpEkq is selected as the cluster center
cn. Then calculate similarity Sij between input data pairs xk (k = 1, 2, ..., N) and cn, the total
number of data pairs which meet Spxk, cnq ą β is NC. β is the decision-making constant; it decides
whether the data pairs xk belong to the same class with the cluster center.

3. Introduce the threshold va. If NC ą va, accepting cn as the initial cluster center, go to step 4.
If NC ă va, refusing cn as the initial cluster center, then xs and Es are removed from xk and Ek,
respectively, N “ N ´ 1 and go step 2. This step can avoid selecting the isolated data pairs as
cluster center.

4. Remove the data pairs which meet Spxk, cnq ą β from initial training data.
5. The number of remaining data is N “ N ´ NC. If N ă va, the cluster of data is finished and

cipi “ 1, ¨ ¨ ¨ , nq is taken as the initial cluster centers. If N ą va, n “ n` 1, return to step 2.

4.3. Cluster Center Modification

According to the above algorithm, the initial cluster centers can be achieved, but some of the
training data pairs are not classified (isolated data and the last remaining data), in order to guarantee
integral data, the learning algorithm is used to modify the cluster centers.

1. Through the above clustering, the initial cluster center ci pi “ 1, ¨ ¨ ¨ , nq can be achieved.
2. Select any input data vector xk from training data pairs, and find out the nearest cluster center by

Equation (16):
||xk ´ cs|| “ min||xk ´ ci||, pi “ 1, . . . , nq (16)

3. Using xk to update the cluster center cs:

ns “ ns ` 1
cs “ cs ` αcpxk ´ csq

(17)
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where αc is the learning rate, αc ă 1 and gradually decay to 0:

αc “
1
ns

(18)

4. Select another input vector from the training data and repeat steps 2 and 3, then the revised
cluster centers can be obtained.

4.4. Identification of Cluster Radius

After obtaining the cluster centers, the radius of the cluster center can be ensured according to
following algorithm:

1. The initial value of radius is set to ri = 0 (i = 1, 2, . . . , n). Select an input vector xk and find the
nearest cluster center cs:

||xk ´ cs|| “ min||xk ´ ci||, pi “ 1, ¨ ¨ ¨ , nq (19)

2. Update rs through the following equation:

rs “ max t||xk ´ cs||, rsu (20)

3. Repeating steps 1 and 2, the cluster radius ripi “ 1, . . . , nq can be obtained.

4.5. Identification of the Concluding Parameters

As described above, the concluding parameters to improve the T-S fuzzy model is the relationship
between yv and v, so before calculating the dynamic concluding parameter, the training data pairs
xkpk “ 1, . . . , Nq should be preprocessed. Then, the exponentially-weighted least squares method is
employed to obtain the linear dynamic parameters.

1. Initialize matrix Pipi “ 1, . . . , nq, Pi “ αI, α “ 106, I is the identity matrix.
2. Select the training data pairs pxk, ykq, where xk is the input vector, yk is the output, and the

dynamic parameters θipi “ 1, . . . , nq can be calculated through Equation (21).

If ||xk ´ ci|| ď ri then
vk “ xk ´ ci
yvk “ yk ´ ysti

Pipt` 1q “ 1
λiptq

"

Piptq ´
PiptqvkvT

k Piptq
λiptq`Q`vT

k Piptqvk

*

θipt` 1q “ θiptq ` Pipt` 1qpyvk ´ vT
k θiptqqvk

λiptq “ λ0λipt´ 1q ` 1´ λ0 λ0 “ 0.6
If ||xk ´ ci|| ą ri then

Pipt` 1q “ Piptq
θipt` 1q “ θiptq

(21)

ysti is the static value of output which can get from ci. Q can be calculated through
Q “ expp´t{mq, m is a positive integer, in this paper, and m is set to 50.

3. t = t + 1, and return to step 2; after all training data have been used, the dynamic parameters of
the concluding part can be obtained.
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5. Simulation

5.1. Identification Results

The on-site measured data of the 1000 MW USC power plant is used to test the validity of the
proposed algorithm. 4900 sets of data are selected for identification, in which load is changed from 500
to 1000 MW and the sampling time is three seconds. The input data of CCS is shown in Figure 3.Energies 2016, 9, 310  8 of 15 
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The first 4000 are treated as training data, and the rest 900 as test data. The CCS contains three
inputs and three outputs, so it can be divided into three MISO system, the input vectors are selected
as follows:

xk1pkq “

˜

u1pkq, . . . , u1pk´m1q, u2pkq, . . . , u2pk´m2q,
u3pkq, . . . , u3pk´m3q, y1pkq, . . . , y1pk´ τq

¸

xk2pkq “

˜

u1pkq, . . . , u1pk´m1q, u2pkq, . . . , u2pk´m2q,
u3pkq, . . . , u3pk´m3q, y2pkq, . . . , y2pk´ τq

¸

xk3pkq “

˜

u1pkq, . . . , u1pk´m1q, u2pkq, . . . , u2pk´m2q,
u3pkq, . . . , u3pk´m3q, y3pkq, . . . , y3pk´ τq

¸

(22)

where m1 “ m2 “ m3 “ τ “ 3, the order of input vectors are the same as in [6]. Then, there are
two parameters need to be ensured: β and va. Firstly, changing the value of β while maintaining
va “ 0.004N. Then, the suitable value of β can be ascertained through the cluster number and
identification accuracy.
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In this paper, the mean square error (MSE) is selected as the performance index of the fuzzy
model, which can be calculated as follows:

δ “
1
N

N
ÿ

k“1

pyk ´ rykq
2 (23)

where yk is real output, ryk is identified output, N is the number of training data.
As shown in Table 1, the identification accuracy changes little while the cluster numbers varying

in a large range. Thus, in this paper, the best cluster numbers are chosen close to the number of typical
working-points of plant. For USC power plant, the number can be chosen from 3 to 5.

Select β = 0.65 for load model, β = 0.7 for main steam pressure model and β = 0.65 for temperature
at outlet of separator model, then change the value of va.

Table 1. Comparison of different β for different objects while va remains unchanged.

(a) Comparison of different β for
electrical power output while va = 0.004N

β Cluster Number MSE

0.5 20 0.0087
0.6 12 0.0097

0.65 4 0.0123
0.7 2 0.0260

(b) Comparison of different β for the
main steam pressure while va = 0.004N

β Cluster Number MSE

0.6 13 4.2561 ˆ 10´5

0.65 7 1.1322 ˆ 10´4

0.7 5 7.3223 ˆ 10´5

0.75 3 2.8506 ˆ 10´4

(c) Comparison of different β for the
separator outlet steam temperature while

va = 0.004N

β Cluster Number MSE

0.5 28 0.0016
0.6 11 0.0017

0.65 5 0.0018
0.7 3 0.0024

Table 2. Comparison of different va for different objects while β remains unchanged.

(a) Comparison of different va for
electrical power output while β = 0.65

va Cluster Number MSE

0.002N 25 0.0084
0.003N 9 0.0098
0.004N 4 0.0123
0.005N 2 0.0248

(b) Comparison of different va for the
main steam pressure while β = 0.7

va Cluster Number MSE

0.002N 23 4.1539 ˆ 10´5

0.003N 8 4.8359 ˆ 10´5

0.004N 5 7.3223 ˆ 10´5

0.005N 3 7.1348 ˆ 10´5

(c) Comparison of different va for
separator outlet steam temperature while

β = 0.65

va Cluster Number MSE

0.002N 34 0.0037
0.003N 15 0.0017
0.004N 5 0.0018
0.005N 4 0.0019

From Table 2, it can be seen that the change of va can also have great effect on the cluster
number. According to the analysis of the preceding context, the best cluster numbers can be chosen
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from 3–5. So the value of va can be selected as 0.004N for load model, 0.004N for the main steam
pressure model and 0.004N for separator outlet steam temperature model. After this, the improved
T-S fuzzy identification algorithm is applied to CCS. The parameters of the T-S fuzzy model are listed
in Appendix A. The output comparison between the T-S fuzzy model and training data is shown in
Figure 4.Energies 2016, 9, 310  10 of 15 
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Figure 4. (a) Comparison of the T-S fuzzy model and training data for electrical power output;
(b) Comparison of the T-S fuzzy model and training data for main-steam pressure; (c) Comparison of
the T-S fuzzy model and training data for the separator outlet steam temperature.

From the figure it could be seen that the training model has great approximation capability.
Then, the test data are used to verify the right of training model, Figure 5 shows the comparison
between T-S fuzzy model and test data. Simulation results show that the training model is suitable for
test data.
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Figure 5. (a) Comparison of the T-S fuzzy model and test data for electrical power output; (b) validation
error of the load model; (c) comparison of the T-S fuzzy model and test data for main-steam pressure;
(d) validation error of main-steam pressure model; (e) comparison of the T-S fuzzy model and the test
data for the separator outlet steam temperature; and (f) validation error of the separator outlet steam
temperature model.

5.2. Comparison Test

Three different modeling methods are compared to show the identification precision, and the
MSE values are listed in Table 3. The autoregressive exogenous (ARX) model can be easily used by
advanced controllers, but it cannot accurately reflect the whole dynamic feature of USC power plant.
From Table 4, it can be seen that the cluster numbers of the original fuzzy model and the proposed
method are similar. However, the precision of the original fuzzy model is not high enough due to
using nonlinear data directly. For the USC power plant, the amplitude of input data is high. It is hard
to obtain the linear model using nonlinear data around each cluster center. Thus, the original fuzzy
model is not suitable for the USC power plant. The new method proposed in this paper has high
accuracy and it provides useful information to improve the design of the advanced controller for the
USC power plant. Meanwhile, the performance of the USC power plant can be further improved.

Table 3. MSE of different methods for different models.

Methods Power Model Pressure Model Temperature Model

ARX model [2] 0.1058 0.0026 0.0964
Original T-S [16] 0.0705 0.0012 0.0233

Proposed method 0.0123 7.3223 ˆ 10´5 0.0018



Energies 2016, 9, 310 12 of 15

Table 4. Number of rules.

Methods Power Model Pressure Model Temperature Model

Original T-S 6 4 4
Proposed method 4 5 5

5.3. Universality Test

In order to verify the universality of the T-S fuzzy model, another two sets of data are selected.
The new test data are the real-time data of the power plant at different day and different timeframes,
which have no relation with the data used in the last section. If the model still has high identification
precision, the universality of the T-S fuzzy model can be proved.

The load of the first set of data is ranging from 550 to 800 MW, and the other is changing from
1025 to 800 MW. Figure 6 shows the comparison between the T-S fuzzy model and the new test data 1.
The comparison between the T-S fuzzy model and the new test data 2 is presented in Figure 7. From the
simulation results, it can be concluded that the fuzzy models built in this paper have good robustness
and can represent the feature of 1000 MW USC power plant.
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T-S fuzzy model and new test data 1 for the separator outlet steam temperature.



Energies 2016, 9, 310 13 of 15
Energies 2016, 9, 310  13 of 15 

 

 
(a) 

 
(b) 

 
(c) 

Figure  7.  (a) Comparison  of  T‐S  fuzzy model  and  new  test  data  2  for  electrical  power  output;   

(b) Comparison of the T‐S fuzzy model and new test data 2 for main‐steam pressure; (c) Comparison 

of T‐S fuzzy model and new test data 2 for the separator outlet steam temperature. 

6. Conclusions 

In order to get a suitable mathematical model of the 1000 MW USC one‐through boiler power 

plant for performance improvement, an improved T‐S model identification approach is presented in 

this paper. The improved entropy cluster algorithm is applied to identify the premise parameters. By 

introducing the concept of decision‐making constant and threshold,  the cluster number and initial 

centers can be automatically determined. After  this,  the  learning algorithm  is used  to modify  the 

initial cluster centers, and a new structure of  the concluding part  is proposed. For  the purpose of 

getting a more precise local linear model, the incremental data around the cluster center is selected 

and the weighted recursive  least‐square algorithm  is used to estimate the parameters. Finally, the 

on‐site measured data of USC power plant is used to build the model and test the universality of the 

model.  From  the  simulation  results,  it  can  be  concluded  that  the  proposed  approach  has  great 

approximation capability and the T‐S fuzzy model built  in this paper can represent the feature of 

USC power plant. Due to the new structure, the model can also be seen as a foundation model for the 

overall optimizing control of the USC power plant. 

Acknowledgments:  This  work  was  supported  by  the  Natural  Science  Foundation  of  China  (61374052, 

61511130082), Beijing (4142048) and the Fundamental Research Funds for the Central Universities (2016ZZD03). 

These are gratefully acknowledged. 

Author Contributions: Guolian Hou and Yu Yang planned  the methods, developed  the code and wrote  the 

manuscript.  Zhuo  Jiang  contributed  in  developing  the  code  and writing. Quan  Li  provided  the  data  and 

reviewed the manuscript. Jianhua Zhang revised the final manuscript and provided valuable suggestions.   

Conflicts of Interest: The authors declare no conflict of interest. 
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of T-S fuzzy model and new test data 2 for the separator outlet steam temperature.

6. Conclusions

In order to get a suitable mathematical model of the 1000 MW USC one-through boiler power
plant for performance improvement, an improved T-S model identification approach is presented in
this paper. The improved entropy cluster algorithm is applied to identify the premise parameters.
By introducing the concept of decision-making constant and threshold, the cluster number and initial
centers can be automatically determined. After this, the learning algorithm is used to modify the
initial cluster centers, and a new structure of the concluding part is proposed. For the purpose of
getting a more precise local linear model, the incremental data around the cluster center is selected and
the weighted recursive least-square algorithm is used to estimate the parameters. Finally, the on-site
measured data of USC power plant is used to build the model and test the universality of the model.
From the simulation results, it can be concluded that the proposed approach has great approximation
capability and the T-S fuzzy model built in this paper can represent the feature of USC power plant.
Due to the new structure, the model can also be seen as a foundation model for the overall optimizing
control of the USC power plant.
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Appendix A

The parameters of the load model

c “

»

—

—

—

–

76 76 76 270.4 270.4 270.4 2380.2 2380 2379.7 834.2 834.1 834
76.1 76.1 76.1 222.4 222.3 222.2 1940.4 1940 1939.7 689.7 689.6 689.6
76.4 76.4 76.4 195.1 195.1 195 1617.3 1616.9 1616.4 581.6 581.5 581.4
74.2 74.2 74.2 172.4 172.3 172.3 1409.4 1409.3 1409.1 517.9 517.9 517.9

fi

ffi

ffi

ffi

fl

T

r “
”

708.35 411.97 282.61 193.81
ı

θ “

»

—

—

—

–

´0.4476 0.9091 ´0.5004 0.0510 ´0.0771 0.0460 ´0.0147 0.0032 0.0138 1.0576 ´0.3017 0.2308
´0.5380 0.5700 ´0.0630 0.0713 ´0.1476 0.0941 ´0.0065 0.0030 0.0058 0.9637 ´0.1924 0.2165

0.0099 0.5363 ´0.5353 ´0.0414 0.0255 0.0230 0.0092 ´0.0174 0.0145 1.0270 ´0.2289 0.1824
´13.3709 12.5332 ´13.3687 9.1914 ´19.2121 9.9039 0.2222 ´0.3290 0.3213 2.5177 0.7517 ´1.3331

fi

ffi

ffi

ffi

fl

T

The parameters of the main steam pressure model

c “

»

—

—

—

—

—

–

76.3 76.3 76.3 279.9 279.9 280 2469.8 2469.5 2469.2 21.3 21.3 21.3
75.8 75.8 75.8 229.1 229 229 2000.4 2000.1 1999.8 17.6 17.6 17.6
76.5 76.5 76.5 195.2 195.1 195 1617.2 1616.9 1616.5 14.3 14.3 14.3
74.4 74.4 74.4 170.8 170.6 170.5 1427.4 1426.1 1424.7 12.9 12.9 12.9
74.2 74.2 74.2 172.9 172.9 172.9 1407 1407 1407.1 13 13 13

fi

ffi

ffi

ffi

ffi

ffi

fl

T

r “
”

524.65 408.92 304.43 166.52 17.32
ı

θ “

»

—

—

—

—

—

–

0.0011 0.0004 ´0.0018 ´0.0003 0.0005 ´0.0001 0.0000 ´0.0000 0.0000 2.2251 ´1.5289 0.3026
0.0001 0.0018 ´0.0019 ´0.0002 0.0004 ´0.0001 ´0.0000 0.0000 0.0000 2.1467 ´1.3815 0.2339
0.0028 ´0.0016 ´0.0013 ´0.0003 0.0006 ´0.0004 0.0000 ´0.0000 0.0000 2.0912 ´1.2621 0.1698

´0.0475 0.0547 0.0505 0.0341 ´0.0698 0.0383 ´0.0002 ´0.0001 ´0.0004 ´3.0106 4.0456 ´0.4957
0.0916 ´0.0550 0.1660 0.1225 ´0.1604 0.0321 ´0.0041 0.0022 0.0066 ´0.1231 4.6418 ´1.4313

fi

ffi

ffi

ffi

ffi

ffi

fl

T

The parameters of the separator outlet steam temperature model

c “

»

—

—

—

—

—

–

76.3 76.3 76.3 278.8 278.8 278.9 2459.5 2459.3 2458.9 404.8 404.8 404.7
75.8 75.8 75.8 229.5 229.4 229.4 2007.1 2006.8 2006.6 388.1 388.1 388.1
75.7 75.7 75.7 176.2 176.1 175.9 1471.6 1470.5 1469.2 360.1 360.2 360.2
76.5 76.5 76.5 196.9 196.9 196.8 1630.2 1629.8 1629.4 366.6 366.6 366.6
74.2 74.2 74.2 172.7 172.7 172.7 1407.7 1407.7 1407.7 359.9 359.9 359.9

fi

ffi

ffi

ffi

ffi

ffi

fl

T

r “
”

543.49 392.94 138.44 326.76 55.14
ı

θ “

»

—

—

—

—

—

–

´0.1211 ´0.0717 0.1951 0.0083 ´0.0169 0.0127 ´0.0002 ´0.0001 ´0.0003 1.2390 ´0.2510 0.0161
´0.0834 ´0.0179 0.0841 0.0011 ´0.0067 0.0085 ´0.0002 0.0002 ´0.0004 1.3639 ´0.3029 ´0.0618

0.8563 ´1.4611 0.7989 ´0.1437 0.4607 ´0.2780 ´0.0022 0.0138 ´0.0192 0.8845 ´0.0556 0.2499
´0.1548 ´0.2263 0.3724 0.0013 ´0.0011 0.0006 0.0030 ´0.0014 ´0.0012 1.0734 ´0.2536 0.1777
´0.1034 ´0.7167 ´0.0773 ´1.6936 3.1736 ´1.5033 ´0.0098 0.0250 ´0.0061 0.4039 0.5274 0.0429

fi

ffi

ffi

ffi

ffi

ffi

fl

T
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