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Abstract — This paper compares the performances of a multilayer
perceptron neurocentroller (MLPNC) and a radial basis function
neurocontrolier (RBFNC) for backpropagation through time based
indirect adaptive control of the synchronous generator. Also, the
neurocontrollers are compared with the conventional controller for
small as well as large disturbances to the power system.

I. INTRODUCTION

A synchronous generator in a power system is a nonlinear,
fast acting, multiple-input multiple-output (MIMO) device
{1]-[2]. Conventional linear controllers (CONVC) for the
synchronous generator consist of the automatic voltage
regulator (AVR) and speed governor, and they are designed to
control, in some optimal fashion, the generator around one
particular operating point; and at any other point the
generator’s performance is degraded. Adaptive controllers for
synchronous generator are usually designed using linear
models and traditional techniques of identification, analysis,
and synthesis to achieve the desired performance. However,
due to a synchronous generator’s wide operating range, its
complex dynamics [3]-[5], its transient performance, its
nonlinearities, and a changing system configuration, it cannot
be accurately modelled as a linear device.

Artificial neural networks (NNs) offer an alternative as
nonlinear adaptive controllers. For indirect control of the
nonlinear dynamic plant based on the model reference
adaptive system (MRAS), the NNs are able to adaptively
model or identify a non-stationary, nonlinear, and MIMO
process/plant on-line while the process is changing, and
thereby yield information that can be used by another neural
network to control the process {6]-[7].

Researchers have until now used two different types of
neural networks, namely, a multilayer perceptron network
(MLPN) [3]-[5], [8]-[11] or a radial basis function network
(RBFNj [12]-[16], both in single and multi-machine power
system studies. Proponents of each type of neural network
(NN) have claimed advantages for their choice of NN,
without comparing the performance of the other type for the
same study. The applications of NNs in the power industry
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will expand, and at this stage there is no authoritative fair
comparison between the MLPN and the RBFN.

This paper makes a new contribution by directly comparing
the MLPN and RBFN for use in the indirect adaptive control
of a synchronous generator plant. Factors considered in this
paper include the performance of system damping and
transient stability for different kinds of faults applied to the
plant with continually on-line training, The computational
complexity and time, which are important issues in real-time
operation, are also compared.

Only deviations of signals from their set points are used (as
proposed by [3]-[5], [8]-[11], [13], [16]} as the inputs of the
NNs and not their actual values.

The process/plant medeling and the MLPN/RBFN are
described in Section II. The backpropagation through time
(BPTT) [17] with the single truncation depth based indirect
adaptive contrel scheme is presented in Section III. Several
simulation results are presented with case studies in Section
IV, Finally, the conclusions are given in Section V.

II. DESCRIPTION OF PLANT AND MLPN/RBFN
A. Plant modeling

The synchronous generator, turbine, exciter and
transmission system connected to an infinite bus in Fig. |
form the plant (dotted block in Fig. 1) that has to be
controlled. Nonlinear equations are used to describe the
dynamics of the plant in order to generate the data for the NN
controllers and identifiers, On a physical plant, this data
would be measured. The generator (G) with its damper
windings is described by the seventh order d-q axis set of
equations with the generator current, speed, and rotor angle
as the state variables. In the plant, P, and , are the real and
reactive power at the generator terminal, respectively, Z, is
the transmission line impedance, P, is the mechanical input
power to the generator, ¥y is the exciter field voltage, ¥} is
the infinite bus voltage, Aw is the speed deviation, AV, is the
terminal voltage deviation, ¥, is the terminal voltage, AV, is
the reference voltage deviation, V., is the reference voltage,

919



AP, is the input power deviation, and P,, is the turbine input
power.
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Fig. 1. Plant model used for control of synchronous generator
connected to an infinite bus

The switches SI1 and 82 in Fig. 1 determine the type of
controtlers: namely the neurocontroller (RBFNC or
MLPNC), or the CONVC consisting of governor and AVR.
For the on-line training of NNs with deviation signals, AP;,
and AV, from the neurocontroller and Aw and AV, from the
plant are used as the inputs for the neuroidentifiers, which are
the multilayer perceptron neuroidentifier (MLPNI) and radial
basis function neuroidentifier (RBFNI).

B. Multilayer perceptron network (MLPN)

In this paper, both the MLPNI and the MLPNC consist of
three-layers of neurons (input, hidden and output layer as
shown in Fig. 2} interconnected by weight matrices, W and V.
The MLPN transforms »r inputs to m outputs (also called
input-output mapping) through some nonlinear function,

f:R"R".

xy

Input Layer Hidden Layer

Qutput Layer

Fig. 2. The three layers of a feedforward neural network which
illustrates the MLPN structure
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The weights of the MLPN are adjusted/trained using the
gradient descent based backpropagation algorithm. The
activation function for neurons in the hidden layer is given by
the following sigmoidal function.

Dfx) (D

=1+cxp(—x)

The output layer neurons are formed by the inner products
between the nonlinear regression vector from the hidden layer
and the output weight matrix, ¥. The MLPN requires no off-
line training. During on-line training, the MLPN starts with
random initial values for its weights, and then computes a
one-pass backpropagation algorithm at each time step £,
which consists of a forward pass propagating the input vector
through the network layer by layer, and a backward pass to
update the weights by the gradient descent rule. By trial and
error, fourteen and ten neurons in the hidden layer for the
MELPNI and MLPNC, respectively, are optimally chosen for
this study.

C. Radial basis function network (RBFN)

Like the MLPNC and MLPNI, the RBFNC and RBFNI
also consist of three-layers (Fig. 3). However, the input
values are each assigned to a node in the input layer and
passed directly to the hidden layer without weights. The
hidden layer nodes are called RBF units, determined by a
parameter vector called certer and a scalar called width. The
gaussian density function (block in Fig. 3) is used in the
hidden layer as an activation function. The linear weight
matrix, V between the hidden layer and output layer are
formed by the linear least squares optimization algorithm [6],
[15], [18].

Input Layer

Hidden Layer Output Layer

Fig. 3. The three layers of a feedforward neural network which
iltustrates the RBFN structure

The overall input-output mapping equation of RBFN,
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where X is the input vector, C; is the ™ center of RBF unit in
the hidden layer, / is the number of RBF units, & and v; are
the bias term and the weight between the hidden and output
layers, respectively, and y; is the i" output in the m-
dimensional space. Once the centers of BRF units are
established, the width of the i™ center in the hidden layer is
calculated by (3).
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where cy; and cy; are the k" value of the center of i and j*
RBF units. In (2) and (3),

. " represents the euclidean

norm.

There are four different ways for input-output mapping
using the RBFN, depending on how the input data is fed to
the network [19].

1) Batch mode clustering of centers and batch mode

gradient decent for linear weights.

2) Batch mode clustering of centers and pattern mode

gradient decent for linear weights.

3) Pattern mode clustering of centers and pattern mode

gradient decent for linear weights.

4) Pattern mode clustering of centers and batch mode

gradient decent for linear weights.

Considering highly extensive computational complexity
during on-line training, the batch mode k-means clustering
algorithm for centers is firstly calculated off-line for the
centers of the RBF unit. The pattern mode least-mean-square
(LLMS) algorithm is then calculated on-line to update the
neural network’s weights. By trial and error, twelve and six
neurons in the hidden layer for the RBFNI and RBFNC
respectively, are optimally chosen for this study.

1I3. A TRUNCATED BPTT BASED INDIRECT ADAPTIVE
CONTROL

The structure of the overall system for the indirect adaptive
control of the plant using the neurocontroller
(RBFNC/MLPNC) and neuroidentifier (RBFNI/MLPNI) is
shown in Fig. 4. By using the output of an optimal predictor
as the model reference rather than zero value for the desired
deviation outputs, the problem of the neurocontroller possibly
generating excessive control signals, can be overcome. The
design and description of the optimal predictor are explained
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in [8]. Also, the scaling factor vector K as proposed by [3],
[10], [14], [16] is used for the control signal to prevent the
non-minimum phase system from becoming unstable.

Optimal Dik+1)

pradictor

Yik+1)

Plant

+

Eglk+1),

E,fk+1)

Y(k+1)

\ X0 et N
) eniitrer \‘NI(H
PSS
ﬁ(k)=asd(k+n
du s (k)

Fig. 4. The structure of the overail system for the indirect adaptive control
using a neuroidentifier and neurocontroller

A. Control strategy

The control scheme in Fig. 4 is based on the
backpropagation through time (BPTT) with the single
truncation depth. BPTT accounts for the link between
present actions and fufure consequences.

BPTT is computed through the neuroidentifier instead of
the plant to derive estimates of the dynamic derivatives of the
instantaneous total least square error energy g,(k+1)

between the identifier’s output and optimal predictor’s output

at time k+/, with respect to the input vector WK) at time k.
BPTT thus gives a direct method to compare the
performances of the RBFN and MLPN because the one-step
behind estimated control signal Gi(k) = dg4(k +1)/du j(k)
requires calculating the different network Jacobians {Eqns.
(8) and (9)) for the two NNs during the real-time control of
plant,

The error vector E¢{k+1) between k) and WA) is used to
adapt the weights in the neurocontroller, thus driving the
plant towards the optimal predictor output.

The mathematical analysis to calculate the u(k) by BPTT

with the single truncation depth, including the Jacobians for
the two NNs, is described in detail below.

sd(k+l)=%E[Ed‘j(k+l)]2 =%Z[Dj(k+l)-?j(k+l)]z 4
J J

Cdeg (kD) Beg G+ D) dgy (k)

(k) = -
auj(k) agU (k> auj(k)

)
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where [ and [ denote the output layer and hidden layer,
respectively, j the is index neuron number of the layer, m; is
the number of neurons in the hidden layer, g(k) is the
regression vector as the activity of the neuron, w is weight,
and &(k)is defined as the local gradient function. The term

8, j(k) in (6) is calculated as the follows.

g (k+1)
NG
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For the last term in (5), dg, (k)/du ;(k) is wy ;(k) for
I,_] 7 ) 3 J

the MLPN and 1 for the RBFN, respectively, because the
regression vector in the hidden layer is formed by the inner
products between input vector and weights for the MLPN,
and for the RBFN, the input vector is passed directly to the
hidden layer without weights.

Also, CD;_J (8,,;(k)) in (7) is 1 for both NNs because the

linear function is used as the activation function in the output
layer.

The network Jacobians in the hidden layer, &, (8 k).
in (6) for the MLPN and RBFN are given in (8) and (9),
respectively.

&g Vy=d| — =g Y1- . 8

(g;) a[l+exp(gj) dg; =P(g,)1-2(g;)  B)
[’ "¢ g

P'(g;)=09 —BXPM /ag,»=(2zc’:3—2&}?’(g,-) ®)
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B. On-line training process

The input vector, u(k) and the output vector, Y(k+I) in
Fig. 4 are u(k) = [AP,(K), AV, (k)] and Y(k) = [Aaw(k),
AV(k)] for on-line training with deviation signals. The
sampling frequency to generate u(k) is 25 Hz, while the main
supply frequency for the plant is 50 Hz. The neuroidentifier’s
output, Y(k+1) = i' (x(k)), where x(k) = [Y(X) u(k) Y(k-1)
u(k-1) Y(k-2) w(-2)1". The error vectors, Ek+]) and
Ec(k+l) are used to update the neurcidentifier and
neurocontroller’s  weights  during on-line  training,
respectively.

The neuroidentifier and neurocontroller are trained on-line
in two phases; the first phase is called pre-control phase in
which their weights are previously adjusted by injecting smail
pseudo-random binary signals (PRBSs} to the turbine and
exciter, and control signals from the neurocontrollers are not
applied to the plant. The second phase is called the post-
control phase in which the neuroidentifier and
neurocontroller are trained on-line, and the synchronous
generator is being controlled by the output of neurocontroller.

IV. CASE STUDIES BY TIME-DOMAIN SIMULATION

This section makes two comparisons. Firstly, it compares
the computational complexity and time required by the
neuroidentifiers to process the data set in real-time.
Secondly, the performances of the neurocontroliers
(MLPNC/RBFNC) trained with deviation signals are
compared with CONVC for the improvement of system
damping and transient stability. Two different types of
disturbances, namely a three phase short circuit at the infinite
bus and a £5% step change in the reference voltage of exciter
are considered. The CONVC has been tuned by the method
explained in [8].

A. The computational complexity and elapsed time

During 0.2 s of training time, the computational
complexity required for the neuroidentifier (MLPNI/RBFNI)
to process the data set is measured by calculating the number
of floating-point operations {FLOPS). For the RBFN, the
computational complexity depends on the number of RBF
unit centers, which contain information about the entire
operating range. In Table I, the RBFNs with 10, 12, 15 and
21 centers are denoted RBFN10, RBFN12, RBFNIS5, and
RBFN21, respectively, for convenience of presentation.
Simulation results show that the larger numbers of RBF unit
centers do not necessarily yield better performance, Table 1
clearly shows that the RBFNs requires less FLOPS and less
time than the MLPN.

The absolute value of time used in a practical
implementation by dedicated microprocessor hardware will
be much less than the values shown in Table L
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TABLE [
THE NUMBER OF FLOATING POINT OPERATIONS AND ELAPSED TIME
REQUIRED DURING 0.2 §

Identifters MLPN | RBFNI0 | RBFNI12 | RBFNi5 | RBFN2I
FLOPS 22,920 14,180 15,700 17,980 22,540
Elapsed time | 0.6510s | 0.5337s | 0.6210s | 0.6410s | 0.6510s

RBFNC

a.9F

B. Three phase short circuit test to represent a large impulse
type disturbance

First, the plant is operating in the steady state condition
shown in Table Ii. At t=0.3 s, a temporary three phase short
circuit is applied to an infinite bus for 100 ms from t=0.3 s to
0.4s.

3
2 085 B
-
0.8
0.75 - ]
0.7 g
0.65 L . + L
0 1 2 3 4 5 & 7 [
Tima {s]

Fig. 7. Three phase short circuit test: Terminal voltage (¥))

These results show that not only do the neurocontrollers
damp out the oscillations for the rotor angle (8), the speed (w)
and terminal voltage (V) more effectively than the CONVC,

but also that the RBFNC provides a better performance than
the MLPNC.

C. £5% Step changes in the reference voltage of exciter

TABLE Il
THE STEADY STATE OPERATING CONDITION
P, (pu) 1 Vi (pu) 0.0020
O (pu) 0.2343 Vi (pu) 1
Pin (pu) 1.0020 ¥, (pu} 1.034
59 74.8799 Z, (pu} 0.02+j0.4

The results of three phase short circuit test, comparing the
performance of the RBFNC, MLPNC, and CONVC, are

shown in Figs. 5, 6, and 7.

§{Dograe]

Time [s]

Fig. 5. Three phase short circuit test: Rotor angle {8)

i [radra)

Time [s]

Fig. 6. Three phase short circuit test: Speed (w)
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Like the three phase short circuit test, the plant is operating
in the steady state condition shown in Table Il. Att=1s,a
step increase in the reference voltage of the exciter is applied,
resulting in a 5% step increase from the nominal value of the
terminal voltage.

a5

80

-
e

5 [Degrasa]

-
@

851

60

Time (s}

Fig. 8. Step changes in reference voltage of exciter: Rotor angle (8)

Time (s]

Fig. 9. Step changes in reference voltage of exciter: Terminal voltage (V)
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At t=12 s, the change in reference voltage is removed, and
the system returns to the initial steady state condition.

The results in Figs. 8 and 9 show that the neurocontrollers
improve the transient system damping compared to the
CONVC, but that the RBFNC outperforms the MLPNC, i.e.
the overshoot is less, and the desired point is reached slightly
faster.

Y. CONCLUSIONS

This paper compared the performance of a multilayer
perceptron neurocontroller (MLPNC) and a radial basis
function neurocontroller (RBFNC) along with the
conventional controller (CONVC) to control a synchronous
generator connected to a power system. The neurccontrollers
use the deviation of signals in a continually on-line training
mode obtained by the backpropagation through time (BPTT)
based indirect adaptive control. The results show that the
RBFNC improves the system damping and dynamic transient
stability more effectively than the MLPNC or CONVC. Also,
the RBFN requires fewer computational complexities and
elapsed time to train the network on-line, than the MLPN.

In general, the BPTT based indirect adaptive control
methoed can be effective when the neurocontrollers are trained
on-line with deviation signals, and the RBFN should be
preferred to the MLPN.
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