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Abstract 
A neuro-control approach for flexible AC 

transmission systems (FACTS) based on 
temporal difference learning based multilayer 
perceptron neural network (TDMLP) is 
presented in this paper. The proposed scheme 
consists of a single neuron network whose 
input is derived from the active or reactive 
power or voltage derivation at the power 
system bus, where the FACTS device (in this 
case an unified power flow controller) is 
located. The performance and usefulness of 
this approach is tested and evaluated using 
both single-machine infinite-bus and two-
machine power system subjected to various 
transient disturbances. It was found that the 
new intelligent controller for FACTS exhibits 
a superior dynamic performance in 
compensation to the existing classical control 
schemes. Its simple architecture reduces the 
computational overhead, thereby real-time 
implementation. 

 

1. Introduction 
Transient and dynamic stability are very 

important to secure a smooth operation of 
power systems. FACTS devices with a 
suitable strategy have the potential to 
significantly 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 UPFC 
(Unified Power Flow Controller) is the most 
versatile one and 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 connected 
through a common capacitor which provides 
DC voltage for the converter operation. 
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Various control strategies to control the series 
voltage magnitude and angle and the shunt 
current magnitude have been presented in the 
literature. Among them, PID controllers [1], 
optimal [2], nonlinear [3,4] and robust [5] 
control strategies, and neural and/or fuzzy 
[6,7] approaches are to be mentioned. 

The series converter voltage pharos can be 
decomposed into in-phase and quadrate 
components with respect to the transmission 
line current. The in-phase and quadrate-
voltage component are more readily related to 
the reactive and real power flows in the 
transmission system. During short-circuit and 
transient conditions, the decrease in real 
power can be arrested by controlling the 
quadrate component of the series converter 
voltage and hence the improvement in 
transient stability. The series voltage in phase 
component is either controlled by the reactive 
power flow deviation or voltage deviation at 
the injected bus where the UPFC is located. 

The co-ordination of the real and reactive 
power control schemes of the UPFC through 
an analytical approach is difficult due to their 
interactions through the DC link between the 
converters and also due to the nonlinear 
nature of the problem. The PI regulator used 
for the purpose has inadequacies of providing 
robust control and transient stability over a 
wide range of power system operating 
conditions. 

Use of ANNs (Artificial Neural Networks) 
for plant identification and control is gaining 
interest [8-9]. In power systems, the use of 
these controllers is increasing whereas any 

worthy publication is not available for 
FACTS devices. A potential advantage of the 
ANN is its ability to handle the nonlinear 
mapping of the input-output space. In this 
paper, the output of the proposed controller is 
a neuron output which maybe either the 
quadrate or the real voltage component of the 
series inverter. The single neuron output will 
be a function of the change either real power 
or change in the bus-voltage or reactive 
power. This provides a nonlinear FACTS 
controller, which can significantly improve 
the transient performance of the power 
system. A similar neuron controller is used 
for the shunt current if both series and shunt 
converters are controllers. The developed 
neuron controller (TDMLP neural network) 
for the FACTS is for a single-machine 
infinite-bus and two- power system subjected 
to a wide range of transient disturbances.  

The outline of this paper is as follows. In 
section 2, we introduce the structure of the 
power system model. The structure of the 
TDMLP NN is then developed in Section 3. 
In Section 4 and 5, we apply the proposed 
architecture to the system model. Section 6 
summarizes the conclusions. 

 
2. The proposed Model Structure 
To study the new control strategy for the 

UPFC, both single-machine infinite bus and 
two-machine system are considered for 
transient simulations. The power systems, 
which have been used in this paper, are shown 
in Fig.1 and Fig.2. 

 

 

 
            Fig.1 Single-machine infinite-bus                                             Fig.2 two-machine power system 
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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 injected a variable voltage 
source VC and the shunt converter is a 
variable current is. 

 
3. TDMLP Neural Network  
3.1 Temporal Difference Learning 
Most of new learning algorithms like 

reinforcement learning, Q-learning and the 
method of temporal differences are 
characterized by their fast computation and in 
some cases lower error in comparison with 
the classical learning methods. Fast training is 
a notable consideration in some control 
applications. In reinforcement learning, there 
is no teacher available to give the correct 
output for each training example, which is 
called unsupervised Learning. The output 
produced by the learning agent is fed to the 
environment and a scalar reinforcement value 
(reward) is returned. The learning agent tries 
to adjust itself to maximize the reward 
[10,11]. Often the actions taken by the 
learning agent to produce an output will affect 
not only the immediate reward but also the 
subsequent ones. In this case, the immediate 
reward only reflects partial information about 
the action. This is called delayed-reward [12]. 
Temporal difference (TD) learning is a type 
of reinforcement learning for solving delayed-
reward prediction problems. Unlike 
supervised learning, which measures error 
between each prediction and target, TD uses 
the difference of two successive predictions to 
learn that is Multi Step Prediction. The 
advantage of TD learning is that it can update 
weights incrementally and converge to a 
solution faster [13]. In a delay-reward 
prediction problem, the observation-outcome 
sequence has the form zxxxx m ,,...,,, 321  
where each tx  is an observation vector 
available at time mtt ≤≤1 ,  and z  is the 
outcome of the sequence. For each 
observation, the learning agent makes a 
prediction of z , forming a sequence: 

mPPPP ,...,,, 321 . Assuming the learning agent 
is an artificial neural network, update for a 
weight w  of the network with the classical 
gradient descent update rule for supervised 
learning is: 

 

Ew w∇−=∆ α  (1) 
Where α  is the learning rate, E  is a cost 

function and Ew∇  is the gradient vector. A 
simple form of E  can be  

( )
2

12
1∑

=

−=
m

t
t zPE

 
(2) 

Where tP  and z have been described at 
above. From equations (1) and (2), w∆  will be 
calculated as follows: 

( ) PzPw w

m

t
t ∇−−=∆ ∑

=1
α

 
(3) 

in [14] Sutton derived the incremental 
updating rule for equation (3) as: 

∑
=

+ ∇−=∆
t

k
kwttt PPPw

1
1 )(α

, 

mt ,...,2,1= ,              zP
def

m =+1  
 

(4) 

To emphasize more recent predictions, an 
exponential factor λ  is multiplied to the 
gradient term: 

kw

t

k

kt
ttt PPPw ∇−=∆ ∑

=

−
+

1
1 )( λα

 
(5) 

Where 10 ≤≤ λ . This results in a family of 
learning rules, ( )λTD , with constant values of 
λ . But there are two special cases: 

First, when 1=λ , equation (5) falls back to 
equation (4), which produces the same 
training result as the supervised learning in 
Equation (3). Second, when 0=λ , equation 
(5) becomes  

kwttt PPPw ∇−=∆ + )( 1α  (6) 
Which has a similar form as equation (3). 

So the same training algorithm for supervised 
learning can be used for ( )0TD . 

 
3.2 TDMLP Neural Network 
Multilayer perseptrons are an important 

class of neural networks that have been 
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applied successfully to solve some difficult 
and diverse problems by training them in a 
supervised manner with some learning 
algorithms such as error correction learning 
rule, delta rule and etc. The classical 
generalized delta rule for multi-layer 
feedforward network is [15]: 

l
T
ll yw δα 1−=∆  (7) 

Where lw  is a nm×  weight matrix connecting layer 

1−l  and l , m is the size of layer 1−l and n is the size of 

layer l , α  is the learning rate (a scalar), 
T
ly 1−  is transpose 

of the column vector 1−ly  which is the output in layer 1−l , 

lδ  is a column vector of error propagated from layer l  to 

1−l , 0=l  for the input layer. For output layer and for 

hidden layer the vector of backpropagated error, lδ , is 

deferent and defined as: 

( ) ( )
( )⎩

⎨
⎧ −

=
++ layerhidden  a is  if    *'

layeroutput an  is  if    '*

1l1 lwnetf
lnetfZT

lll

ll
l δ

δ (8)

Where ( ).'lf  is the derivative of transfer 
function, lf , in layer l , lnet  is the weighted 
sum in layer l , 1l+δ  is the delta value 
backpropagated from the upper layer of layer 
l , * denotes the element-wise vector 
multiplication, T is the target vector, Z is the 
output vector. To applying TD learning to the 
multi-layer feedforward network, we extract 
the term ( )ZT −  from the original lδ  and 
obtain the *

lδ as a new delta rule. So we define 
*

1+kδ as: 
( )[ ]lklkk netfdiag +++ = '*

1δ  (9) 
Where diag is the diagonal matrix and l is 

the output layer. If l is a hidden layer, 
equation (9) can be written as: 

( ) *
11

* .*' ++= lllll netf δωδ  (10) 
With the new delta, equation for change of 

each weight is rewritten as: 
[ ] [ ] [ ]
( ) [ ] [ ]( )jlil

T

jlilijl

yZT

y
*

1

1

. δα

δαω

−

−

−

==∆

 
(11) 

Where [ ] jl
*δ  is the jth element in vector *

lδ  

and [ ]ily 1−  is the ith element in vector 1−ly . 
Unlike the original delta which is a vector 
backpropagated from an upper to a lower 

layer, now the new delta, *
lδ  is a nm×  matrix 

where m is the size of output layer and n  is 
the size of layer l . The error term ( )ZT −  is 
needed for calculation of every weight 
increment. Comparing gradient decent in 
supervised learning in equation (3) and the 
backpropagation with new delta in equation 
(9) ( )tPw∇ , the gradient term at time t for 
weight 'w  is: 

[ ] [ ]( )Tjliltw yP *
1' δ−=∇

 (12) 

Where ( )[ ]ijl lww ='  is the ijth element in 
the weight matrix lw at the time t. By 
substituting this result to the formula of 

( )λTD  learning in equation (7), we have:  
( )[ ] ( ) ( )( )

( )[ ] ( )[ ]( )∑
=

−
−×

−+=∆
t

k

T
jlil

kt

T
ijl

kky

tPtPt

1
:,

*
1

1

δλ

αω

 

(13) 

Where ltw∆ is the matrix of increment of 
weight connecting layer l  and 1−l  for 
prediction tP . The term inside summation is 
called the history vector, denoted by ( )[ ]ijl th . 
We now obtain updating rules of TD learning 
by backpropagation. The weight update is 
performed by equation (13) with the new 
delta. 

 
 
3.3 Training Procedure 
Compared to the original backpropagation 

algorithm, the new procedures for ( )λTD  
learning requires some more storage for 
keeping the following values: 

1. The previous output vector, 1−tP , at time t, 
which is used in computing every weight 
change. 

2. The history vector, 
( ) ( )[ ] ( )[ ]∑ −

−= iljl
kt

l kykjith 1
*,, δλ  for each 

weight-connecting ith node in layer 1−l  to jth 
node in layer l . It has the same size as the 
output vector. Each weight shall have its own 
history vector. The training procedure 
involves 3 stages (at time t): 
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1. Feedforward: calculation of new 
prediction tP . 

2. Weight update: calculation of weight 
increments by equation (13) using the history 
terms at time 1−t . 

3. Backpropagation: calculation of the new 
deltas at time 1+t ; ( )

*
1+tlδ , for each layer l , 

starting from the output layer. The history 
term is updated by: 
( ) ( )[ ] ( )[ ]

( )il

iljll

jith

tytjith

,,1

11,, 1
*

−+

++= −

λ

δ

 
(14) 

 
 
4. Design of TDMLP Neural Network for 

UPFC 
In order to utilize a limited knowledge of 

the power system dynamics to design the 
TDMLP controller for the series converter 
(control of voltage outputs Vsp and Vsq) a 
reinforcement method of weight adaption, 
which mentioned in previous section is used 
in this paper. Fig.3, shows the schematic 
diagram of the proposed controller for Vsp and 
Vsq respectively (Z-1 in the shift operator). Vsp 
and Vsq are expressed as  

( )cqcd

cqqcdsp

ii

VVVV
1-tan      and,

 ,sincossin

=

++=

θ

θθθ
 

  and  , cqcdcqcd , i iVV are the d-q axes component 
of the injected series voltage and the line 
current ic.  

In obtaining the control signal Vsq, the input 
to the signal neuron TDMLP controller is the 
real power deviation signal ∆P and weight 
adjustment is done in using the error surface 
σp(k) as 

 )1(

)()()(

3

21

−+

∆+∆=

kVC

kPCkPCk

sqp

pppσ

 
(15) 

in the above equation 
)(),()( 11 kPkPPkP ref −=∆  is the real power 

flowing into transmission line at the kth 

instant. The derivative term is 
) P(k-P(k)-P(k) 1∆∆=∆  (16) 

The quadrate voltage component is used in 
equation (15) as it influences the real power 
error. 

In a similar way, the weight adjustment for 
the TDMLP NN controller to obtain the signal 
Vsp is done using the error surface σp(k) as 

)(QQ(k) , )1(

)()(

1ref3

21

kQkVC

kQCkQC

spq

qqq

−=∆−+

∆+∆=
&

&σ

 
(17) 

   )1()()( −∆−∆=∆ kQkQkQ&  (18) 
Instead of reactive power deviation, the 

voltage deviation at bus-1 can be taken as a 
control input. Since an error surface is used to 
update the parameters of the controller any 
network training is not required for generating 
the control voltage components Vsp and Vsq. 
Further the constants C1p, C2p, C3p, etc. are to 
be chosen suitably for the best performance of 
UPFC in stabilizing power system 
oscillations. 

In case the PI regulator is used in 
controlling Vsp and Vsq, the equations are: 

  

     ,

P
P

K
KV

Q
P

K
KV

ip
ppsq

iq
pqsp

∆⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
+=

∆⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
+=

 

(19) 
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pC1

1−Z

pC1

spV

refP P

 

1−Z qC2

qC1

1−Z

qC1

sqV

refQ Q

 
Figure 3  TDMLP NN Controller 

 
 

5 Simulation Results 
The single-machine infinite-bus power 

system shown in Fig.1, and two-machine 
power system in Fig.2, are taken for digital 
simulation studies. The UPFC control scheme 
consists of controlling voltage components 
Vsp and Vsq by using real and reactive power 
deviations or real power or voltage deviations. 
The current of the shunt converter is obtained 
from the power balance equations at every 
control instant. The following large 
disturbance cases are considered for 
evaluating the performance of these 
controllers: 

 
 
 
5.1 Single-Machine Infinite-Bus Power 

System 
5.1.1 Case 1: P-Q control (only series) 

C1p= 0.15; C2p= 0.15; C3p= -0.05; C1q=0.01; 
C2q=0.01; C3q= -1, Kpp=0.3; Kip=3; Kpp=0.1; 
Kiq=1 

The synchronous generator is assumed to 
operate at low power output condition (P=0.1 
p.u, and Q=0.2 p.u.) and a 3-phase fault 
occurs near the infinite-bus. The fault is 
cleared after 1.1 sec. of its inception and Fig. 
4 shows the transient response of the system 
with a conventional PI regulator for the UPFC 
and the new single neuron TDMLP controller. 
From the results it can be seen that the 
significant first swing stability is achieved by 
using the new neural network controller in 
comparison to the conventional PI controller.  
The d.c. voltage excursions are also rapidly 
stabilized using the new controller and this is 
a very important criterion for successful 
operation of series and shunt voltage 
inverters. The operating level of the generator 
is then changed to a high power case with P = 
1.4 p.u., and Q = 0.6 p.u. and a 3-phase fault 
is initiated near the infinite-bus and cleared 
after 1.1 second of its inception. Fig. 5 shows 
transient response of the power system for 

www.SID.ir


Arc
hive

 of
 S

ID

www.SID.ir

 

A Robust and Adaptive Temporal Difference Learning Based MLP Neural Network for Flexible AC Transmission Systems 
 

1383 - تهران -ن كنفرانس بين المللي برق نوزدهمي  

7 

this operating condition with either PI or the 
TDMLP neural controller. From the response, 
it can be ascertained that the 
electromechanical are damped very quickly in 

case of the new controller proving its 
superiority over the conventional PI 
controllers used for the UPFC control. 
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Fig. 4. Transient response at P=0.1 p.u. and Q=0.2 p.u 
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Fig. 5. Transient response at P=1.4 p.u. and Q=0.6 p.u 
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5.1.2 Case 2:  Both series and shunt 
control 

C1p=0.21; C2p=0.21; C3p= -0.03; C1i=0.01; 
C2i=0.01, C3i= -1 

In this case the effectiveness of both series 
and shunt converter controls of the UPFC are 
tested to damp electromechanical oscillations 
of a single-machine infinite-bus power system 
subjected to 3-phase fault. The power loading 
of the generator is kept at P = 1.4 p.u. and Q = 
0.6 p.u. and the real power deviation is used 
to control Vsq (Vsp is not controlled) for the 
series converter.  The shunt converter on the 

other hand is used to control the shunt current 
IQ from the UPFC-bus voltage deviation. The 
error surface used for this control is  

).1()()(C 321i −+∆+∆= kiCkVCkV Qiii
&σ (20) 

Fig. 6 shows the transient response for the 
three phase fault case from which it can be 
seen that the performance is found to be 
excellent in the case of control of both the 
converters of UPFC. The first swing 
excursions and settling time are improved 
using the control on both the converters. 
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Fig. 6. Transient response at P=1.4 p.u. and Q=0.6 p.u 

 
 

5.2 Two-Machine Power System 
The 2-machine power system shown in Fig. 

2 is used to study the interaction between the 
generators with the UPFC located on one of 
the lines of a parallel transmission system.  
The real and reactive power injections at bus 
1 are 0.9082 p.u. and 0.4186 p.u. and at bus 2 
are 0.3634 p.u. and 0.3435 p.u. respectively.  
A 3-phase fault is initiated at the point F and 
cleared in 0 sec. 

For the UPF control, a single-neuron 
TDMLP controller is used as in the case of 
single-machine infinite-bus.  

A modulating signal based on either the 
speed deviation between the two generators or 

the UPFC bus angle ∅ is used to improve the 
damping. In that case the signal ∆P (change in 
real power in the transmission line after 
UPFC from the reference) is to be replaced by 
∆P +Kω. (∆ω1 - ∆ω2) 

Fig. 7 shows the performance of the two 
machine power system in which the TDMLP 
NN controller is found to provide significant 
improvement in damping inter area 
oscillations in comparison to the conventional 
PI regulators. The first swing overshoot is 
significantly reduced in case of the new 
UPFC controller. 
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Fig. 7. Transient response of two-machine system 

A: without controller, B: with PI controller, C: with TDMLP NN 
 
 

6 Conclusions 
A new neuro-controller system TDMLP 

NN Controller for the UPFC control in a 
single machine-infinite-bus and two-machine 
power system is presented. The single neuron 
controller uses either the real and reactive 
power deviations or the real power and 
voltage deviations at the UPFC injection bus 
to provide the magnitude and phase angle of 
the variable voltage source for the series 
converter. The shunt converter current can be 
similarly controlled using a TDMLP NN and 
the UPFC with both series and shunt controls 
provides the best transient stability 
performance of the power system. The 
parameters of the single neuron MLP 
controller are adjusted using an extended 
Temporal Difference (TD) learning method. 
More than one neuron has also been used for 
providing control voltages; however, the 
improvement in transient stability 
performance has been minimal in comparison 
to the single neuron case. The simple 
architecture of the controller has the 

potentiality of implementation on a DSP chip 
in real-time environment. 
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