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Abstract:

‘[he excitation and governing control of generator play an important role in
improving the dynamic and transient stability of power systeim. Typically the
excitation countrol and goveming control are designed independently. This
paper, presented Neuro-Fuzzy methods for the excitation and govemning
control . Neuro-Fuzzy sysiem is applied to generate two compensating
signals to modify the conirols during system disturbances. A single machine
1o infinite bus (SMIB) system is applied in simulation. The MATLAB
SIMULIK and S-function technique is used to simulate the system and
controllers
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1- Introduction

Power system stability issue has been
studied  widely; many  significant
contributions have been made, not only
in the aspects of analyzing and
explaining the dynamic phenomena, but
also in the efforts of improving the
stability of transmission  systems.
Among these improvements, generator
control is one of the most widely applied
techniques in the power industry, This
typically imcludes  govemning  and
excitation control, Most artenuation is
directed towered the excitation control
[1.2].

Many reports werg published on
application of the modern control theory
to the generater coentrol starting with, an
optimal excitation control using
Lyapunov's direcl method and nonlinear
system equation by (J.Machaws and et.al
1998 )[3]. A decentralized control of a
non-linear turbo-generator system using
the Lyapunov's theory of stability ihe
control structure is decentralized with
simplified co-ordinate
was presented in etal [4]. Guo etal in
1998 describes  an application  of
nonlinear decentralized robust control to
large-scale power system  [5-7].An
indirect adaptive non-linear control
scheme for a pewer system is present by
(DoKwau lee ctal{8). Control
algorithms based on Fuzzy and fuzz
neural have been implemented in many
researches [9-13].

2- Single-Machine-Infinite-Bus
(SMIB) Model
Figure (1) gives the schematic
diagram of load frequency and excitation
model of Single-Machine-Infinite-Bus
(5M1B) system.
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Fig.1 Schematic diagram of laad frequency
and excitation Model of SMIB Power System

2.1 Exciter and voltape reguiator
muodel

Figure{2-a) shown the
excitation and voltage regulator model,
and the block diagram of transfer faction
of this model shown in fig {2-b).The
original function of the exciter and
voltage regulator is to provide the
synchronous machine field winding with
the adequate excitation such that the
exeitation increase for a voliage rises.
Traditionally, a voltage error is defined
by [1].

A ViV Rer -y (1)

which is equivalent to
Av, =- { Vi -Yee£) {2}

That is and a negative feedback. In the
above two equations, v, represents the
generator  termina!l  voltage measured
through an optional transforms rectificd
and filtered. and Vg is a reference
vallage.
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(a) Aciual System
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{b) Block diagram
Fig 2 Typical Exciter and Voltage
Regulator

The original function of a governor
is to maintain a constant speed of the
prime mover by controliing the energy
input using a speed deviation as the
control feedback. The speed deviation is
ohtained by comparing the actual speed
) with a reference speed Weer,

A 0= Oper - @@ = - [ 0 — OR.)

(3

which is a negative feedback. The
governor is so designed that o speed
drop of prime mover below a reference
level will bring about 4n encrgy
increase, and a speed incrense above a
reterence level will bring aboul an
energy decrease. . Figure(3} shows the
essential features of a speed governing
system [2].
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Fig. 3 Spefi gﬁ‘verning 8y

T
avernor Modle

The input to the hydraulic amplificrs is
the position Xp at point D of the pilot
valve. The output is the position X at
the point E of the main piston . Because
of the high pressure hydraulic pilot
valve, the force amplification is very
great. The position changes by the main
piston is due to piston changes of
linkage point B resulting from speed
changes, or directly by moving the
linkage point A by 'raise’ or 'lower
command of the speed changer.

3-Design of Conventional
¥ xcitation and Governor Conrol

The main objective of the automatic
voltage regulator (AVR) is to control the
terminal voltage by adjusting the
penerator exciter voltage. The AVR
must keep tracking the generator
terminal voltage all the time and under
any load condition. Linear optimal
excitation and governor control is ap
application of modem optimal control
theory in power systern [11]. The block
Diagram of Linear optimal Excitation
and speed povern Control systems are
shown in Fig.4 and Fig.5, respectively.
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Fig. 4 Linear QOptlmal Excitation Contral
Blocik Diagram

Fig. 5 Speed Govenor Control Block

Diagram
where the inputs Vs and Us  are a
compensating  signals  that will be

generated by MNewro- Fuzzy controller,

4- Neuro-Fuzzy System Design

In a hybrid Neuro-Fuzzy System
(NF3), a neural network and a fuzey
systetm  are  combined imto  one
homogencous  structure,  Neuro-fuzzy
systett is intended to synthesize the
advantages of both neural networks and
fuzzy systems in a complementary way
to overcoine their disadvantages; neural
neiwerk leaming techniques faciliate
fuzzy system tuning. There are several
approaches for the integration of neural
networks and fuzzy system. The kind of
neurc-fuzzy svstems of interest for this
work have several common defining
characteristics. The NFS approximates
an n-dimensional, usualiy unknown,
function that is partially defined by a set
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of input-output data, The NFS is a fuzzy
system whose knowledge rules represent
the relation among samples of the given
data. The components of the NFS are
delermined  wusing  newral network
learning algorithms spplied to the given
data. For the purpose of leaming, the
fuzzy systemn may be represented by a
three-layer feed forward neural network,
The first laver represents the input
variables, the middle laver represents the
fuzzy rules, the third layer represents the
output variables, and the connection
eights are given specified with fuzzy

‘Sets. The neuron units evaluate t-norms

and t-conorms operators as activation
function. Models with more than three
layers and fuzzy sets as activation
functions are also possible. in general,
the neural network representation
vividly illustrates the parallel nature of
fuzzy systems {13].

Several methods are currently available
to synthesize a neuro-fuzzy system:
Generalized Approximate Reasoning
based intelligent Contrel (GARIC),
Neuro-Fuzzy  Controiler  (NFCON),
Dynamic Evolving Neuro-Fuzzy
Inference System (DENFIS), Adaptive
Neuwro Fuzzy Inference Systern (ANFIS),
cie. In this waork, the neuro-fuzzy
systems are  syithesized wusing the
general-purpose adaptive nearo fuzzy
inference system (ANFIS) technique
[13,14].

4.1 Adaptive Neurp-Fuzzy laference
System (ANFIS)

Sugeno [uzzy ANFIS Model was
proposed by Roger Jang in 1992 [13,14).
The architecture of a two input two rule
ANFIS is shown as Fig, (6).
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marel v p is the output of the node in
G, the ith position of kth jayer which has k
L podes and ki is the number of podes in
Layorl Layer2 Layer 3 Layer & Layﬂa‘n th layer.

Assuming @ 18 8 parameter of the

Fig, (6) ANFIS Architecture of a Two-loput- 3dapﬁve nerwork:
Ogpe-Output Sugend Fuzzy Madel with Twe ..
Rules L =Y B & T
fn oyt il
The ANFIS has five luyers, whete mode ”
functions of the same layer have the where & is the set of nodet whose
same fuonction as described below [14]. outputs depend on & The goal 1§ @
Functionally ~ speaking, the ANFIS minjmize the overall error E=L Ep.
architecture is completely equivalent io 2 General learning rale:
Sugeno  fuzzy inference  System.
However, by implementing a fuzzy o it n
controller a5 ANFIS, we cab easily & '
employ  the back-propagation-typ®
\earning procedure 1o find in, which 1 s the leaming rate aud
its parameters for achieving @ minimsal L
EITOr TEASUTE. = L ®
Assuming that the training data set has "o .
P entries and the output layer has only Also,  similar to the traiming of
one node, the emor Measure for the pih conventional  neural network, 2
entry of training data . momentum lerm 15 added for a belter
L L g convergence:
z = ¥p ~ ¥ /
Er 2 i Bl = 9 —“;E— + a1} UEI‘JM)
where §, is the pth component of desired .
vector and yp~ is the pth component of where B is he momentum factor and
actual output vector. Tor each training Aaft-1) 18 the change of o in the last siep-
data, a forward pass is perfnnned and Esgentially, 80 ada:plxve petwork 15 8
then starting at the output layer, @ superset of a mfjln-'layer 'feedfmwz‘ird
backward pass i used to compute neural_ petwurk with supervised learning
SE /Sy for al} internal nodes. capability. An ANFIS network consists
For the output node: of nodes a directional links through
which the nodes are connected. Eath
CEe _ _(y, - v node performs &  particular function (5)
Y, ¥ which may vary from node to node. The
While for the internal nodes in layer X; choice of sach node funstion depends on

the overall input-output function
according to which the adaptive network
is required to parform. Whereas in an
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ANFIS, the adaptive parameters pertain
tor the links betwsen the nodes, there the
links only indicate the direction of flow
of signals and part or the entire node
contain  the adaptive parameters[13].
These parameters are specified by the
learning algorithm and should be
updated to achieve a desired input-
output mapping. Similar to the ANN
with supervised learning algorithm, the
learning rule of adaptive network is
based on gradignt descent.

4.2 ANFIS for Excitation and
Governor Control

The Excitation and governing
control of SMIB consists of two MISO
fuzzy systems that provide the
feedtorwared control signals for the
Excitation , Uy Governing , Usg
Contrel Signal in terms of the electrical
power P. , speed deviation, dwy and
terminal vollage, Vg, set-point.

Both ANFIS systems for excitation
and for governor control are of the same
structure as shown in Fig.8. To this aim ,
the fuzzy system is represented as a 3-
inpul- l-cutput S-layer feed forward
neural nelwork, as shown in Fig.8.For
the case where, without lose of
generality, each input signal spans its
whele  operating range with  three
overtapping fuzzy regions, That is using

Fig{?) ANFIS Structurz With 3-Input —one-
cutpui

three  fiuzzy sets with Gaussian-
Membership function and linguistic
terms  : low, medium, =and high.
Therefore, for this case a complete
knowledge base will have 3x3 x3=27
rules of the given in Fig(7). Also the
network will have 3 distribution units in
layer Ly, 9 neurons int Ly, L3, and T4, and
1 neuron in Ls. With these dimensions,
the humber of parameters to determine is
caiculated as follows: 27 rules x 4
consequents per tule =108 consequent
parameters, and 3 inputs x 3 membership
functions per input x 3 parameters per
membership function = 27 membership
function parameters. Then, the

total number of parameters to be
determined is 108+27 =135 per fuzzy
systemn. This numbers clearly {llustrate
the difficulty of toning a fuzzy system
following a wial & emor approach,
which simply gets worse as the number
of input linguistic terms increases.
Fortunately, this process can be fully
automated using  the neuro-fuzry
paradigm (ANFIS).

3- SIMULIK Circuit

The SIMULIK of SMIB plant with
{ANFI5} controller of excitation and
governing system by us
MATLAB/SIMULINK with
S8 FUNCTION technique is shown in
Fig.{9). The controllers block is
implemented as two (MIS() of ANFIS
with  three input each is three
membership function and two signal Vs
and Us which compensation the linear
excitation and governor spead control
system shown in Figdand Fig5
respectively. The generator and system
parameters are given in Table-1
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Table -1 Parameters of Model
System

Eﬁd Xq | X&' [ Xq' [X2] Tdo |

5.679 1 0.34% | 0.166 | 0.036 | 9.2 | 0.6

Tqo | H | B Xi [ X1[ Pn

0.6 | 04 001 [ 02 [16] 0.1

Fig. 8 Simulink SMIB with ANFIS
Compensated Controller

6- Simulation Results

To heen demonstrate the efficiency
of the proposed ANFIS controller,
several simulation tests have been
performed,  whers  the proposed
controller was confronted to a number of
small and large disturbances. In this
sEClion we demonstrate the
coffectiveness. The ANF1S controller by

. applying it to cxcitation soverning
control system of SMIB plant.

The test result arc illustrated to
compare that two controllers are used in
this section through the following three
test conditions:

I- A 3-phase short cireuit clearing after
0.1s at the generator terminal ( Pr=1 p.u
and Qr=0.2 p.u)

2. A step change in reference volage -
102 at the same power in Step One.

3- An open circuit in fransmission line
over 0.2s at (he same power in step one.
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Compating response curve of the
canventional, Fuzzy-Neural control (CC
and ANFIS | respectively) of cxcitation
and governing system are shown from
Fig9to
Fig.17. In theses figures, generator
werminal voltage, specd deviation, exciter
input voltage responses are shown at

different previous tests.
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Fig. 3 Generator Terminal Volage
Response under 3-ph short cirouit
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under 3-ph shart circuid

| J__', |-~Epe
- TAE S = ol
- T s
:'s'r i Ul
5 il =
:"'- o
i.gl: - IR L, ' _I
= | 1 T !
-yt - I -

15— —_ — Jr— L. —

'l n 1t k|
b o

Fig.11 Gemerator Exciter 1nput Response
eader 3-ph short circuit




44

Jpgr—————— g — - s — — - —’-“—’Tf"..':::_.—:
. ; e I =

R R SR —— A5 H
g 2 : : i i
5 &
i
- 1 1
ELLE v T LT Tl m T 1
i ' : el
T T Rl I

{ ! ! Fip.16 Generator Speed deviation
Y] S R I Respanse under Open Transmission
5 5 7 1 8 Line
Timasac]

Fig,12 Generator Terminal Voltage Reapunse
uoder step change in Reference Yoltage
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;m.;.._._._ S | e : Fig.17 Generator Exciter input Response
! 5 ¥ ! ' 8 under Open Transmission Line
Trafper
Fig.13 Generator Speed deviatian Response .
under step change in Reference Voltage 7-Conclusions _
A .. A design of the flexible , adaptive ,

multivariable output feedback , neuro-
fuzzy coordinating stabilizing control of
the exciter ad govemor loops of single—
machine-infinite bus has been proposed
in this paper. The main featlure of the
proposed control is that it does not
require a reference model or inverse
system model and avoids the usc of
: probing signals.

Fig. 14 Generator Exciter input Respoose A generalized controller design
under step change in Reference Voltage mythology, called self-learning neura-
fuzzy controlier has been used minimize
the difference betwesen an  actual

Eacder awl vallige Etd

———— - - e

el trajectory and given desired trajectory.
e R TR K ekl This methodology employs the adaptive
< 1 ; network #s a building block and the

A R, back-propagation gradient method.
| Comparing response curves of the
! e conventional with those of AWFIS

) T i " = controlier, it could be concluded that the
i system performance is highly improved.
Fig.15 Generator Terminal Voltage Response

voder Crpen Transmission Line

asrah Tournal for E.nginn'ng S-cin:nco. 1 'U ‘h"ll allf t il _



Refercnces

(11 K.R. Padiyar., " Power System

Dynamics- Stability and Control”, BS .
control areas. Publications,

Hyderabad, Indiz,2002.

[2] L) Nagrath and D.P Kothar,, "

Modern Power System Analysis "

second Edition,

Fifth Reprint Tata McGraw Hill
Publishing company limited, New Delhi,
1993.

3] J.Machaws, I.W.Bialel, S.Robak,
and J.R.Bumby." Excitation Conirol
Systemn For
Use with Synchronou Generators” IEE
Proc.Gener. Transm.Distrb.,
Vol.145,No.5,5pet 1998.
i4] IMurgasm, E.Miklovicova,
A.Dobrovicand I Dubravsky.” Two
Level Turbogenerator
Control  System”, Journal  of
ELECTRICAL  ENGINEERING,
Vol.55,No.3-4,2004,pp.83-88.
[5]1 N.Chang, Z.Guo, angd Z.lv, B.Li"
Nonlinear Decentralized Robust Control
Power System
Based Oun  synchronized — Phasor
Measuremenis”, Power System and
Communication
Infrastructures  for the  Future,
Beijing, September 2002
[6] YiGuo, D. LHill, and W.Youyl.,"
Nonlinear Decentralized Control Of
Large-Scale Power
Systemns” Antomatic Control, Vol. 36,
No.9, pp.1275-12%9, 2000,
[7] J.De.Leon-Morales, K.Busawon, and
S.Acha-Daza., " A Robust Ohbserver-
Based Controiler For Synchronous
Gienerators”,  Electrical Power and
Energy  System  ,23(2001},pp.195-
211 www elsevier.com/locate/ijepes,

(8] Do.K Lee, Tae-W Yoon, B.Lee, and
Gw.T Park., " Adaptive Nonlinear

Basrsh Joumal for Eing Science/No. | /2010 -

45

Control of a Power
System", Proceeding of 1EEE
international Conference on  Control
Applications, Trieste. Traly,Vol. 1-
4, Spetemer 199%.
[¢] JJanshi, L.H.Herron, and A.Kalam,.”
Comparsion of Fuzzy Logic Based and
Rule Based Power  system
Stabilizer", IEEE Trans. on Men Cyb,
Vol SMC-24,
No.3, pp.692-697, 1992
[10] P.Hoang, and K.Tomsovic.,," Design
and  Analysis of an Adaptive Fuzzy
Power Svstem Stabilizer”, 1EEE
Trans. on Eprgy Conversation, Volll,
No.2, Jun 1996.
{117 T.Y¥ong,R.H Lasseter and Ww.Gui, "
Coordinstion of  Excilation  and
Govetning
Control Based on Fuzzy Logic", IEEE
Power Engineering Society, Winter
Meeting ., Vol.1, No31, pp.{737-
743y, Jan/Feb 1999,
[12] Y.L Kamavas, and
D.P Papadopoulos.,” Power Generation
Contro] of A
Wind-Diesel System Using Fuzz
Logic and Pi-Sigma Networks’, 12
Inter.Conference on  Intelligent
System Applicatien to Power system
ISAP2003.
i13] JSR JangC.T.Sun.," Neuro-
Fuzzy Modeling and Control "
Proceeding of the IEEE 1995,
(i4] 1.8.R Jang, and C.T.Sun.," ANFIS
Adaptive  Network Based  Fuzzy
Inference
System " 1EEE Trans.on Sys.inan a
deyber.Vol.23, NoJ3, pp.665-685 May
1693,

¥




