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In this paper an adaptive unified power flow controller (UPFC) has been designed with the application of the
intelligent techniques such as a combination of neural network and fuzzy logic. The Mumdani type fuzzy controller
with constant center for output classes may not perform satisfactorily in all operating conditions. To overcome this
limitation it is made variable according to operating condition via a neural network. The Fuzzy controller uses four
simple rules and two inputs (error and summation of error) which are derived from active power deviation at the
bus following the UPFC. On the other hand the inputs to the radial basis function neural network are taken as pre-
disturbance real and reactive power at the generator bus whereas its output is the center of output classes of the
fuzzy scheme. The performance of the new neuro-fuzzy controller is evaluated in a single-machine infinite-bus power
system subjected to various transient disturbances which exhibits a superior damping performance in comparison
to the PI as well as the Mamdani type fuzzy controller.

Keywords : UPFC; Neuro-fuzzy; Radial basis function; Mamdani fuzzy

INTRODUCTION

With  increased  power transfer, transient and dynamic stability
is  of  increasing importance for secure operation of power
systems. FACTS (Flexible AC Transmission System) devices
with  a  suitable control strategy have the potential to signifi-
cantly  improve  the  transient stability margin. This allows
increased utilization of existing network closer to its thermal
loading capacity, and thus avoiding the need to construct new
transmission lines. Amongst the available FACTS devices, the
unified power flow controller (UPFC) is the most versatile one
can  be  used to enhance system stability. The UPFC is capable
of both supplying and absorbing real and reactive power and
consists of two ac/dc converters. One of the two converters is
connected in series with the transmission line through a series
transformer  and  the  other  in  parallel with the line through a
shunt  transformer. The dc side of the two converters is con-
nected through a common capacitor, which provides dc voltage
for  the  converter operation. The power balance between the
series  and  shunt converters is a prerequisite to maintain a
constant voltage across the dc capacitor. As the series branch of
the  UPFC  injects  a  voltage of variable magnitude and phase
angle it can exchange real power with the transmission line and
thus  improves  the  power flow capability of the line as well as
its transient stability limit. The shunt converter exchanges a
current  of  controllable magnitude and power factor angle with
the power system. It is normally controlled to balance the real
power absorbed from or injected to the power system by the series
converter plus the losses by regulating the dc bus voltage at a
desired value.

Various control strategies to control the series voltage magnitude,

angle and the shunt current magnitude have been presented1 − 10.
The series converter voltage phasor can be decomposed into
in-phase and quadrature components with respect to the transmis-
sion line current. The in-phase and the quadrature-voltage com-
ponents are more readily related to the reactive and real power
flows in the transmission system. During short-circuit and tran-
sient conditions, the decrease in real power can be arrested by
controlling the quadrature component of the series converter
voltage and hence the improvement in transient stability. The
proportional and integral (PI) regulators used for the purpose have
inadequacy of providing robust control and transient stability
over a wide range of power system operating conditions. The
efficiency of fuzzy controller compared to PI controller has
already been established in the literature. Further, it has been
proved that it is a variable gain PI controller whose gain varies
according to the operating condition8. The Mamdani type fuzzy
controller used for the purpose provides a constant center value
in any class for its consequent decision. But, as the complexity of
the control system increases it requires the variation in its center
value. On the other hand the neural network has the capability of
pattern recognition and nonlinear mapping of input and output.
Hence, in this paper a combination of fuzzy and neural network
is attempted to make a variable center Mamdani type fuzzy
controller. The optimal value of centers for the output classes of
the fuzzy controller at different operating conditions is obtained
through an  integral absolute error criteria (ITAE) with rotor angle
deviation as error. With these centers as output and the pre-dis-
turbance conditions as input a neural network can  be trained,
which will specify the proper centers for the fuzzy controller at
any condition after completion of proper training. Therefore,
combining both the fuzzy and neural network will result to an
intelligent optimal Mamdani type fuzzy controller.
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The Mamdani type fuzzy controller presented in this paper uses
error (er) and integral of error (∑  er) as inputs and quadrature

component  of  series  injected  voltage to the line current as
output.  The  choice of quadrature component generation from
real error is based upon the fact that when the series injected
voltage  by  UPFC  is  at  right angle to line current it directly
affects to the reactance of the line hence regulates the real power
flow.  Further,  the  integral  of error being an input to the
controller helps to design the rule base more effectively from the
physical  behaviour  of  the  power  system  following  a  tran-
sient disturbance such as fault. On other hand a radial basis
function  neural  network (RBFNN) which can approximate
nonlinear function to any extent is utilised for the functional
approximation.  The  neural  network  is trained with output as
the optimal center of the fuzzy controller and real and reactive
power at any operating condition as inputs. The fuzzy controller
uses the optimal center generated from the RBFNN at any given
condition to produce a neuro-fuzzy controller. This neuro-fuzzy
UPFC provide  excellent damping and dynamic performance
improvement in case of power systems subjected to a variety of
transient disturbances. Several case studies are also presented in
this paper.

SYSTEM MODEL

To study the new control strategy for the UPFC, a single-machine
infinite-bus power system is considered for transient stability
simulations. The power system and its detailed circuit model are
shown in Figure 1.

The synchronous generator is represented by a 3rd order machine
model and the generator excitation system has a simple automatic
voltage regulator (AVR). The series converter injects a variable
voltage source Vc and the shunt converter a variable current is.

The simpli d-q representation of the differential and algebraic
equations for the generator, excitation system and UPFC are
given by:

ω  =  ω0  +  pδ,     p = d/dt (differential operator)

pω  =  (Pm  −  Pe) ⁄ M,
pe′q  =  (Efd0  +  ∆Efd − e′q  −  (xd − x′d) id) ⁄ τ′d0 (1)

p∆Efd  =  Ke (Vref − Vt) ⁄ τe − ∆Efd
 ⁄ τe  and  −  6.0 ≤ Efd ≤ 6.0

Pe  =  e′q iq  +  (xq − x′d) id iq

UPFC Equations

Series Converter

Vd  =  −  Vcd  +  Vb  sin δ − xe (iq + isq)

Vq  =  −  Vcq  +  Vb  cos δ  +  xe (id  +  isd)

Vt  =  √ Vd
 2  +  Vq

 2 ,   Vc  =  √ Vcd
 2   +  Vcq

 2 (2)

Shunt Converter

The D and Q-axes of the shunt converter are chosen in such a way
that D-axis voltage coincide with the terminal voltage Vt of the

UPFC bus. Hence the axes representation of the shunt converter
is shown in Figure 2.

Thus the direct and quadrature axes voltage equations of the shunt
converter are 

eD  =  rs iD  −  xs iQ  +  Vt,   eQ  =  rs iQ  +  xs iD (3)

When expressed in terms of the d-q axes fixed to rotor of the
synchronous generator the voltages esd, esq are 
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Similar equations hold good for the currents, isd and isq and the

shunt current is 

is  =  √ isd
2   +  isq

2  ,  δt  =  tan − 1 (Vd
 ⁄ Vq) (5)

Further in terms of dc capacitor voltage, eD and eQ are expressed
as

eD  =  kρc Vdc cos α,  eQ  =  k ρc Vdc sin α,  k  =  √6  ⁄ π (6)

where Es  =  √ eD
2   +  eQ

2 
 is the shunt converter voltage and the

voltage ratio ρc and firing angle α of the voltage source inverter

are to be suitably controlled to provide improvement in damping
of the system oscillations.

The capacitor voltage dynamics is obtained as 

pVdc  =  
1

CVdc
 [−  Vt iD  +  Vcd icd  +  Vcq icq]  and

icd  =  id  +  isd,   icq  =  iq  +  isq (7)

For the transient stability enhancement, the quadrature voltage
component Vcq of the series converter is controlled with the real

power deviation ∆ P at the bus- 1. Instead of using Vcd and Vcq

directly, a more realistic control is obtained using the in-phase
and quadrature voltage components Vsp, and Vsq with the line

current Ic  =  (√ icd
2   +  icq

2 ).Figure 1 Single-machine infinite-bus power system

Figure 2 Phasor diagram for UPFC
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In that case

Vcd  =  Vsp sin θ  −  Vsq cos θ,
Vcq  =  Vsp cos θ  +  Vsq sin θ  and  θ  =  tan− 1 (icd

 ⁄ icq) (8)

The shunt real current is calculated using a simple PI controller.
But  in  this  paper as the injected series voltage at right angle to
the line current is only controlled the shunt reactive current (is)

and the in-phase component of series injected voltage (Vsp) will

be zero.

NEURO-FUZZY SCHEME FOR UPFC

A control strategy based upon RBFNN and Mamdani type fuzzy
controller is presented in this section. The limitation of constant
output center Mamdani type fuzzy controller is eliminated by
augmenting it with a RBF neural network to produce the neuro-
fuzzy controller.

Fuzzy Controller

As shown in the literature, regardless of the type, fuzzy con-
trollers  are  just conventional non-linear controllers and can
produce  satisfactory  results when constructed properly. These
are  mainly  divided  into  two categories: the position type and
the  velocity type11 − 12. The former known as PDFLC generates
the  control  input  (u)  from  error  and  error rate whereas the
later  known  as  PIFLC generates incremental control input
(∆ u).  But  these  concept  of  generating  control  signal from
error and  its  derivative  presents  a  difficult task in the part of
the  designer  to  formulate  the  rule base of the fuzzy controller
for  UPFC  to  improve  transient stability. In the power system
to  enhance  the  transient  stability performance utmost care
should  be  given  for  proper  control  signal generation during
the  fault  and  immediately  after  the  clearing  of  the  fault.
During fault as real power flow becomes zero the error
(Pref − Pactual) in the bus immediately after the UPFC becomes

positive whereas just after the fault is cleared it comes negative.
From the physical behaviour of the power system it is found that
the UPFC quadrature voltage component should be negative
during and immediately after the clearing of fault to impose a
capacitive effect over the transmission line. To take care of this
requirement one of the input to the fuzzy controller is taken as
integration of error as it will not change its sign, from during the
fault to immediately after clearing of fault. The integration of
error is substituted with sum of error for simplification in digital
simulation. The fuzzy logic controller (FLC) is realised through
three sections: fuzzification, inference engine and defuzzifica-
tion. The inputs are fuzzified into three classes through the
membership function given in Figure 3.

The center of the positive and negative classes for which the
membership value is ‘one’ are decided by hit and trial approach

for error and summation of error, respectively. These fuzzified
inputs are given to the inference engine containing the expert
rules. The expert rules that are decided based upon the physical
behaviour of the power system are represented in Table 1.

Where N, P, Z represents Negative, Positive and Zero, respec-
tively. Every entity in the table represents a rule. The antecedent
of each rule conjoins the error and summation of error fuzzy set
values. An example of, say, the 1st rule is

R1: If er is P and ∑  er is P  then Vsq is N.

Using min-max inference technique the firing strength of the
control output to different classes are decided Combining the
firing  strength and the center value (magnitude of control signal
for which the membership value is one) of a particular class
through centroid centroid defuzzification technique the crisp
value of the control signal output can be reduced to

uk  =    ∑ 

i = 1

p

  yi . wi /   ∑ 

i = 1

p

 yi (9)

where  ‘p’  is the no of classes in the output, ‘yi’ is the firing

strength  and ‘wi’ is the center of the ith rule consequent.  In this

paper the center of the control output for the positive, zero and
negative classes are optimised at different operating condition via
an ITAE criterion. To make the design procedure simple the
center for negative and positive classes are taken as − C and C,
respectively,

Radial Basis Function Neural Network 

The  architecture  of   RBF  neural  network  is  depicted  in
Figure 4.

A  multi-output RBF network can always be separated into a
group  of single output RBF networks. However, for better
understanding,  a schematic diagram of a multi-output RBF
network with ‘n’ inputs and ‘r’ output is shown in the above
figure.  It  has a feed forward structure consisting of a single

Figure 3 Membership function for inputs Figure 4 RBFNN architecture

Table 1 Expert rules for FLC

er             N               Z P

∑ er

N Z N N

Z Z Z N

P P P N
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hidden layer of ‘m’ locally tuned units (RBFS) which are fully
interconnected to an input layer to an output layer of ‘r’ linear
units. The input nodes pass the incoming input vector to the
hidden nodes. The connections between the hidden nodes and the
input  nodes (first layer connections) are not weighted. The
connections between hidden nodes and output nodes (second
layer connections) are weighted and the output nodes are simple
summations.  The  commonly used Gaussian basis function
ϕ (.) was chosen for the hidden units. All hidden units simulta-
neously receive the n-dimensional real valued input vector x. It
should be noticed that the first layer weights are absent. Because
the  outputs  of hidden units are not calculated using the sigmoi-
dal activation mechanism, rather each hidden unit’s output is
obtained by calculating the closeness of the input x to an n-
dimensional  parameter  µj associated with the jth hidden unit.

The net input to the jth radial basis neuron is given by

yj (x)  =  b1j (|| x − µj||) (10)

where, b1j is a biased fixed function of the width of the receptive

field σj that allows the sensitivity of the jth radial basis neuron to

be adjusted and is described below:

b1j  =  
√ (− log (0.5)

σj
(11)

The output of the jth radial basis neuron is described as 

zj (x)  =  exp (−  (yj (x))
2) (12)

Given  an  input  vector x,  the  output value Ok (X) of the kth

output  node  is  equal  to  the  sum  of the weighted outputs of
the hidden nodes and the bias of the kth output node is described
by

Ok (X)  =  ∑ 

j = 1

m

  wkj zj  +  b2k (13)

where, wkj is the weight between the jth hidden node and kth

output node and b 2k is the biasing terms at the kth output node.

It should be noted here that the choice of ϕ (.)  and µj must be

considered carefully in order for the RBF networks to be able to
match closely the performance of the two-layer back propagation
neural networks.

Training Procedure

The RBF networks employ a hybrid two-stage training scheme
which decouples the learning task from both hidden and output
layers and thus eliminates the need for the slow back error
propagation. The sum of the squared error SSE criteria is consider
as the error function, and is given below.

E  =  ∑ 

k = 1

r

 (Ok
D  −  Ok

R)2 (14)

where, Ok
D is the desired output at the kth node commuted from

any analytical approach and Ok
R is the RBF network output at the

kth node computed for the test pattern, and r the number of output

neurons. In the training process, the error function E is minimized
over the given training set by adaptively updating the free parame-
ters of the RBF network. These parameters are the RBF centers
(µj s), their widths (σj s) and the second layer weight (wkj  s).

The RBF network is trained in following three steps:

Step—1

Determine the hidden node (RBF) centers.

Step—2

Determine the hidden node (RBF) widths.

Step—3

Determine the second layer connection weights

Several  methods  have  been  reported  in  the  literature to find
the  proper  hidden  node  centers. A commonly used method is
to  choose  arbitrarily  some  data points from the input domain
as   centers.   However,   such   a   method   can’t  guarantee
adequate  performance  as  it  may  not satisfy the requirement
that  centers  should suitably sample the input domain. In order
to achieve a given performance, an unnecessarily large RBF
network  may  be  required  which  causes  computation complex-
ity   and   often   numerically  ill-conditioning.  On  the  other
hand,  the  orthogonal  least  square  (OLS)13 − 14  method  choosing
RBF centers one by one is a rational way until an adequate
network  has  been  constructed, and therefore is used in the
present work. After the hidden node centers are found, their
widths  can  be determined by one of the several heuristics to
obtain  a  close  enough  approximation to the desired output. It
has  been  suggested  in  the  literature  that the RBF networks
with a  single  global  fixed  value ‘σ’  for  all ‘σj’  values have

the  capability  of  universal  approximation.  In  order  to  preserve
the   local   repose   characteristics   of  the  hidden  units,  a
relatively   small  (positive)  value  for  this  global  width
parameter  should  be  chosen.  However  the  widths  of  all RBF
units  are  taken  to  be  equal  which  is  known as the spread
factor (SF) of the RBF network. If SF is too small or too large,

Table 2 (Training data for RBFNN)

P, pu Q,  pu Optimised Center (C)

0.01 0.01 0.12

0.2 0.1 0.11

0.2 0.2 0.09

0.3 0.2 0.11

0.3 0.1 0.13

0.4 0.1 0.16

0.4 0.2 0.14

0.5 0.3 0.15

0.6 0.4 0.17

0.6 0.3 0.18

0.7 0.5 0.19

0.7 0.4 0.20

0.8 0.8 0.25

0.8 0.6 0.25

1.2 0.8 0.25
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