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Application of self-organized
neuro-fuzzy identifier in intelligent
predictive control of power plant

Hamid Ghezelayagh and Kwang Y Lee
Department of Electrical Engineering , The Pennsylvania State University, University Park, PA16802, USA

In an intelligent predictive controller, a neuro-fuzzy identifier predicts the response of the plant in future time interval, and pro-
vides a non-mode! based control approach. This identifier generates fuzzy rules and tunes membership functions automaticaly.
A Genetic Algorithm {GA) method is implemented to encode and alter the fuzzy rules to minimize the identifier response error
to the plant’s logged data. Furthermore, the membership functions are tuned by error back-propagation method. These training
methods dedicate self-organization to the neuro-fuzzy identifier. The identifier is used to model a power plant in predictive
control approach. The experiments are conducted to achieve 2 reliable training data set.
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1. INTRODUCTION A self-organized neuro-fuzzy identifier performs as a mod-
el of plant to anticipate the output response in a prediction
time interval. The GA and error back-propagation training
methods perform fuzzy rule extraction and membership
function tuning, respectively. This predictive control
scheme uses EP in. optimization of control inputs to mini-
mize errors of the predicted outputs and reference set-
points. This paper is organized to describe the structure of
intelligent predictive controller in power plant application.
Neuro-fuzzy identifter and its training are explained next.
At last, the performance of the identifier with separate
training data is reviewed.

A power plant system is a Multi-Input Multi-Output
(MIMO) system with & wide range of nonlinear operation.
This makes the linear model-based controllers not to be
effective in all operating points. Model reference controller
is an intelligent system [1] that has a complicated imple-
mentation for MIMO plants. A non-model based intelligent
controller avoids limitations of plant’s linear model.
Among them, fuzzy control approach is one solution to
overcome the practical limitations of controfler design {2].
Predictive control has been applied in power plant and
process control extensively [3-4]. Moreover, the training
methods, such as Genetic Algorithm [5] and Evolutionary
Programming (EP) [6], give the adaptation capability to the 2.
control system to optimize the System response.

The implementation of an intelligent predictive control
system for a boiler/turbine unit is introduced in this paper.

INTELLIGENT PREDICTIVE
CONTROL

A predictive controller anticipates the plant response for a
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sequence of control actions in future time interval which is
known as prediction horizon [7]. The control action in this
prediction horizon should be determined by an optimiza-
tion method to minimize the difference between set-point
and predicted response. Model-based Predictive Control
(MPC) has been extended to a limited class of nonlinear
systems [B]. An intelligent system may replace the empiri-
cal model of the plant in predictive control methodology.
The structure of an intelligent predictive control system is
shown in Figare 1. A non-model based identifier predicts
response of the actual plant in prediction horizon. This
identifier is a neuro-fuzzy system that is trained with an
appropriate training data to cstimate a nonlinear power
plant. The optimization block finds the sequence of inputs
to minimize a cost function for future time, but only the
first value of this sequence is applied to the plant. The
identifier does not depend on the mathematical model of
the plant. Therefore, the optimization can not be imple-
mented by conventional methods as in MPC, A search
engine, based on Evolutionary Programming (EP) is used
to determine the optimized control variables for a finite
futvre time interval, The EP performs a competition search
in a population and its mutated offspring. The members of
each population are the input vector deviations that are ini-
tialized randemly. The mutation and competition continue
making new generations to minimize value of a cost func-
tion. The ocutput of the optimizer block is the control valve
deviations that are integrated and applied to the identifier
and power unit. The EP population consists of the individ-
uals to present the deviation of control inputs.

The number of steps in discrete-time horizon for the
power unit input estimation is defined by

n=N,-N, (0

where N, is the start time of prediction horizon and N, is
the end time of the input prediction. The individuals of
input deviation vector belong to a limited range of real
numbers. In the beginning of EP algorithm, population is
initialized with randomly chosen individuals. Each initial
individual is selected with uniform distribution from the
range of corresponding input.

The EP with adaptive mutation scale has shown a good
performance in locating the global minima. Therefore, this
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Figure 1 Intelligent predictive control of a power unit
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method is used as it is formulated in [9]. The fitness valye
of each population is determined with a cost function to
consider the errer of predicted input and output in predic-
tion time window. The cost function of the i individual in
a population is defined by

£

Fu= T e+ 8) =3, (0 + R + 3 AU, (OB
Y I AL

k=1

+ (D) - gz(t)llﬁ (2)

where z(r + k) is the desired reference set-points at sam-
pled time of ¢ + %, and ¥ ¥, 8 + k) is the discrete predicted
plant output vector Whlch is determined by applying
_ﬂ (k) into the nevro-fuzzy identifier for time horizon of

N N, The' AU, (k} in (2) is the k™ row of the it
mdzwdual m the n™ generatmn The input deviation vec-
tors is determined in a smaller time window of n, as in (1)
such that n, < n,. The inputs of the identifier stay constant
after r+n,,

The fuzzy rules and membership functions of the identi-
fier is trained off-line by the actual measured data of pow-
er unit. Then, the tuning process continues on-line to adapt
the identifier with the plant’s output while the control
process performs. This training process improves the per-
formance of the control system in prediction interval.

The power plant simulation is performed by a model
that is developed by Bell and Astrém [10). This is a 3t
order nonlinear model, derived by physical and empirical
methods, as in the following:

dP/dt = 0.0018u, P*® + 0.9u, - 0.15u, (3
dE/dt = ((0.73u, ~ 0.16)P*% — E)/10 e
dp/d= (141u, - w )/85 (5)
w = (1.1, - 0.19)P (6)

L= 0.05(0.13073pf+ 600+ 0.11g, - 67.575) (7N

(1- 0.001538p) (0.8 - 25.6)
%™ p (10394 - 0.0012304p)

(8)

g,= (0.85u,~0.147) p + 45.61, - 2,54, - 2.1 ©

where p is drum steam pressure (Kg/em?), E is clectrical
power (MW), w_is steam mass flow rate (Kg/s), I is water
level deviation about mean (m), Py is fluid density (Kg/m?),

i), ¥y and u, are normalized fuel steam, and feedwater
valve positions, as is steam quality (mass ratio), and g, is
evaporation rate (Kg/s). In addition, the actuator dynamlcs
of control valves are constrained by

\due, ¢ ditl < 0.007 G 00sk=10 (i)
“20=duy/dr<002 (s7) 00=u,<10  (11)
Idu, / dd <0.05 ) 00=u;=10 (12)

to ltmit the rate of change in valve positions,
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3. SELF-ORGANIZED NEURO-FUZZY
IDENTIFIER

Identification process needs to incorporate dynamics of the
input/output interaction properly. This means that the past
states of outputs provide information that may be used in
conjunction with the inputs. Figure 2 depicts a structure to
determine the present output from the past outputs and
present inputs. Therefore, the plant is written in a nonlin-
ear discrete form:

Ik 1) = fyR) s Y0 = 05 208 .oy w1 (13)

such that J(k) is the estimated output at time step &, and A-)
is identifier function, u(k) and y(k} are plant input and out-
put, respectively, at time step &. This identifier is known as
series-parallel configuration [11]. In this structure, identi-
fier uses the past and present plant inputs and outputs.
Minimum number of inputs should be added to aveid
implementation complexity and calculation time.
Neuro-fuzzy identifier technique is chosen for identifi-
cation in predictive control loop [12]. The structure of a
MIMO neuro-fuzzy system, with s inputs and » outputs, is
shown in Figure 3. The i input and the j* output retain p,
and ¢, bell-shaped membership functions. Therefore, the
number of possible rules, with IF-THEN format, is:

hnt
n=II_#

The weights and biases in the second layér represent the
widths and means of input membership functions, respec-
tively. Using exponential activation function, the outputs
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Figure 3 Structure of a neuro-fuzzy system
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of the second layer neurons are the fuzzified system
inputs. The third layer has 7 neurons. Weighting matrix of
the third layer input represents antecedent parts of rules.
The fourth layer consists of separate sections for every
system output. Each section represents consequent parts of
rules for an output. The sixth layer completes defuzzifica-
tion, and provides crisp outputs.

Training algorithms enable identifier to configure fuzzy
rules and adjust membership functions to model the plant
with certain error penalty. Training determines fuzzy rules
automatically based on availabie data from the plant oper-
ation. For this purpose Genetic Algorithm (GA) training is
chosen, because of specific structure of the neuro-fuzzy
identifier. Fuzzy membership functions are also adjusted
by error back-propagation method.

In the start of training, the identifier is initialized with
default input/output membership functions and fuzzy
rules. Positions of ‘1’s in weighting matrices of the third
and fourth layers define fuzzy rules. These matrices are
encoded in the form of GA chromosome that has a com-
pound structure with n sections as the number of power
unit outputs. The number of genes in each section is equal
to the rule number 1. Each section encodes the weighting
matrices with an integer value of allele, B; that belongs to
the set of 8}6 A={0,1, ., 4} forj=1,2, .7 There-
fore, GA with non-binary alphabet size will be the training
method [13]. Having a set of experimental input/output
plant data points, GA can be applied to find optimal set of
fuzzy rules. The fitness function, based on the least
squares principle, provides evaluation of population indi-
viduals. To complete the GA iteration, it is necessary to
prepare the mext generation of population with applying
three GA operators: selection, crossover and mutation. The
weighted roulette wheel is used as selection operator that
assigns a weighted slot to each individual. Crossover
operator generates two offspring strings from each pair of
parent strings. Crossover takes place in every sub-chromo-
some of parents. Crossover points are determined random-
ly with uniform distribution. Mutation operator changes
value of a gene position with a frequency equal to muta-
tion rate.

Tuning the parameters of fuzzy membership functions
completes training of the neuro-fuzzy system. Adjusting
the membership function increases the accuracy of the
identifier. Error back-propagation is used for training self-
organized neuro-fuzzy system. Let D, = {B(k), y(k)} be a
set of given pair of desired system input/output, such that
B(k) C 9", k) C ™ If $(k) is the output of the neuro-
fuzzy system in response to the input B(k), the squared
error is defined as the following:

E= [k - yRT [yk) - 3(K)] (14)

The training set contains the mean and width of the input-
output membership functions. The sixth layer's weighting
factor w, is updated by

ng(k + D= wgi(k) -y (aE/awfj)lk (15)

where v is the learning rate. The etror rate is derived from
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(14) as in the following:
aE/awg.: =0 - ﬁi(k)](aj‘)jawu‘)l A (16)

such that rate of the neuro-fuzzy output is derived by

5

BlawS=I813 .15 (17
[

In a way similar to the derivation of (15) to (17), the
width and mean of membership functions in all other lay-
ers can be derived. The learning rates of error back-propa-
gation should be chosen appropriately. Training ends after
achieving specified error or reaching the maximum itera-
tion number. ' '

In power plant identification problem, the plant model
is defined by equations (3) to (9). This model shows that
input set of fuel, steam and feedwater control valve posi-
tions (u,, #, and u,} can be augmented with drum steam
pressure (P) that has the most effect in the selected out-
puts. The other variable that is strongly dependent on the
other variables is drum water level deviation (L), The
specified boiler outputs, P and L, are used as extra inputs
to identifier with one time step delay. If plant’s model is
not available, experiments and data gathering from the
plant helps the experts to define the augmented input vari-
ables.

Neuro-fuzzy identifier is implemented in Object Orient-
ed Programming (OOP) with C** language, C** provides a
powerful tool called object. The neuron layers are encap-
sulated in class objects. Each layer has its own number of
neurons to be configured. Objects of layers have dedicated
parameters and functions' (methods) that should be
assigned or operate in run time. All these layer belongings
are declared in classes of layer. Therefore, it is convenient
to change or moditfy only class definitions without disturb-
ing function type, activation function, training algorithm,
etc.

4. SIMULATION AND TRAINING
RESULTS

The identifier is trained and initialized before the control
action in predictive control process starts. Training algo-
rithm uses actual plant data to reduce the error that appears
in identifier outputs. To simplify our evaluation, this train-
ing data is obtained from simulation of the power unit
model, rather than the real plant. Experimental data should
be complete enough to represent dynamics of the plant,
This can be obtained by defining a set of necessary inputs
to excite the plant such that plant response shows the non-
linearity of the model. Therefore, input conditions must be
determined to incorporate process dynamics in the experi-
ments. Input conditions for linear identifiers are investi-
gated in several works that lead to theorems such as
Persistent Excitation Inputs. In nonlinear systems, random
input signals do not define any signal conditions. Hence,
there is no guarantee that the inputs can excite the plant to
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Figure 4 Convergence of GA training of identifier with staircase train-
ing data, input/foutput membership function number = 5

show its dynamics.
To gather training data, one should consider two goals

of output transient and steady state. If database obtains a
qualitative behavior of the plant during transient, trained
identifier will have a good performance in transient
responses. In addition, steady state accuracy -in identifier
will be achieved, if the training data includes the steady
state operating conditions of the plant. For this purpose, a
data log experiment is chosen based on series of step
changes in plant’s equilibrium operating points. The order
of staircase step changes in this experiment is shown in
Table 1. The staircase in valve positions is selected to cov-
er a wide range of electrical power output.

Experiment starts with the lowest electrical power of 10
MW and steam pressure of 65 Kgicm®. Power and pressure
increases in time with step changes in valve inputs. In a
peak electrical power of 128.9 MW, the valve input
changes to decrease power and pressure back to low
values with another set of equilibrium points. Afterward,
inputs are chosen to increasc the power to the highest

Table 1 Staircase equilibrium points in data log experiment on power unit

Time E rd i I’ I’ w, 3 -
{5) MW) |Kg/am)| (pu) HED] | Ke) [®Kgm) | ) )
0 3] 65 0.09 034 0.09 iz3 48477 | 0.014

500 20 70 0.13 C.45 0.15 213 | 47568 | 0.0I8

900 40 80 0.22 0.62 0.28 389 | 45714 | 0027

1300 60 0 030 .74 0.40 S8 | 437.89 | 0.037

1700 B9 100 038 0.84 0.52 729 | 41760 { 0.051
2100 180 110 047 091 | 083 £94 | 35580 | 0068
2500 120 120 0.55 0.97 8.75 1055 | 374 | 0091
2900 1289 | 1404 0.60 0.50 279 i11.9 | 34492 | €136
3300 105.8 | 129.6 0.50 0.83 0.66 934 {57186 [ 0.098
3700 5506 | 118% Q.42 0.76 G54 766 | 40368 | 0073
4100 66.65 108 0.34 0.69 0.44 61.5 | 42487 | 0055
4500 50.52 912 0.27 0.62 034 479 | 44263 | 0.041
4900 36.65 86,4 0.21 .55 0.26 360 | 45759 | 0030
5300 1526 156 0.12 0.38 042 173 | 47765 | 0.020
5700 0 140 0.16 0.27 011 153 | 45701 | 0.065
5100 20 140 02.20 032 .17 234 | 44842 | 0.089
6500 40 Tdt 0.27 0.43 0.8 397 | 43095 | 0078
6900 &0 140 0.34 .54 0.40 559 | 41299 | 0.088
7300 3§ 140 .42 .64 0.51 712 | 39445 | 0.099
770 100 140 049 0.75 0.63 884 [ 375.15| o112
8100 120 140 0.57 0.85 074 1046 | 35482 | 0128
8500 140 140 .64 0.96 0.86 1209 1 333.07 | 0.l46
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value of 140 MW while pressure is kept constant in 140
Kg/em?. The input steps must be long enough to let the
outputs to reach steady states. This experiment is only with
a small subset of power nonlinearity data that helps us to
have experiments in neuro-fuzzy identifier in a shorter
training time. Figure 4 depicts average error of GA train-
ing for various population sizes. The crossover and muta-
tion rates are P, = 0.7, P_ = 0.005. The scaling weight
vector is W = [0.05, 0.01, 0.03]. Inputs and outputs have
five membership functions that lead to 3125 fuzzy rules.
The convergence time rises as population size increases.

In a small range of operating point, a nonlinear plant
performs linear behavior. This linearity of the power plant
unit is tested in another data log experiment. The valve
inputs are determined with sinusoidal perturbation around
an operating point in medium power of 66.65 MW and
steam pressure of 108 Kg/em?®, Frequencies of these sinu-
soidal perturbations are swept in 3 steps for each individ-
val valve position and any combination of two valves,
Experiment longs 200 minutes and data is gathered every
second,

After extraction of fuzzy rules, tuning phase starts to
modify the membership function’s mean and width. The
range of the normalized input/output is limited to [-1, 1].
Training restricts the mean of membership function not to
exceed this range. The widths are also limited to avoid
dividing by zero error in weighting matrix of layer 2.
Figure 5 shows an example of final input membership
functions.

This training is repeated to include effect the new set of
membership functions. Figures 6-8 illustrate transient
responses of the identifier that is trained with sinusoidal
data. The GA has population size of 10. Pressure, electrical
power and level deviation are compared with part of the
sinusoidal training data. It can be seen that the identifier
follows the frequency and amplitude of the actual plant
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Figure 5 Input membership functions after training with sinusoidal data
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Figure 8 Drum level transient in sinusoidal test

data with good accuracy. However, the sinusoidal wave-
form is distorted in lower half of the sinus. Increasing
training iteration improves this distortion. In addition, the
outputs of identifier have offset relative to the actual plant
data. The sinusoidal training data does not cover low fre-
quencies, This makes the identifier not to be trained
enough for the equilibrivm points.

Transient response of the identifier that is trained by
staircase data is shown in Figures 9-11. This test has a
wide range from low power to high power. GA training is
able to extract appropriate set of rules from random initial
rules. Neuro-fuzzy identifier is able to track the plant out-
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Figure 11 Drum level in staircase test

put changes. QOutput transient response shows small
amount of offset and scaling. Each step of the training data
does not last long enough to let the outputs to reach its
steady state. Hence, the training does not have sufficient
information of equilibrivm points. The identification error
is improved by more membership functions, longer train-
ing phases, and expanded training data. We should remem-
ber that the staircase test covers a wide range of power
variation. Considering this, the fact that identifier is
trained from completely random initial values confirms
that both training phases successfully were able to obtain
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the power plant dynamics. The rule generation with this
training method needs a long processing time, but we
should note that writing large number of fuzzy rules manu-
ally is either impossible or takes more effort and time.

5. CONCLUSION

Implementation of an intelligent predictive control is intro-
duced for a boiler/turbine power unit. This controiler uses a
neuro-fuzzy identifier to predict the plant outputs in
response to a sequence of valve positions in futare time
window. The GA and error back-propagation training of the
neuro-fuzzy identifier is also formulated for automatic rule
generation and membership function tuning. The obtained
identifier is trained for local and wide range with sinusoidal
and staircase training data. The achieved self-organized
neuro-fuzzy identifier is capable of modeling a MIMO sys-
tem such as power plant, where the mathematical model is
complicated to obtain in a wide range of operation.
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