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Ab3tract- Online transient stability assessment (TSA) of a 
power system is not yet feasible due to the intensive compu- 
tation involved. Artificial neural networks(ANN) have been 
proposed as one of the approaches to this problem because 
of its ability to quickly map nonlinear relationships between 
the input data and the output. In this paper a review of 
the previously. published papers on TSA using ANN is pre- 
sented. The paper also reports the results of the application 
of ANN to the problem of TSA of a 10 machine 39 bus sys- 
tem. 

I. INTRODUCTION 

The security assessment of a power system requires anal- 
ysis of the dynamic system behaviour under a prescribed 
set of events known as contingencies. Conventionally this is 
done by simulating the system nonlinear equations. Since 
the stability limits cannot be determined from a single sim- 
ulation. more than one simulation is required. The large 
size of the system adds to the complexity. Hence online 
transient stability assessment(TSA) by simulation is not 
yet feasible. 

The difficulties mentioned above can be overcome to a 
large extent by the method of energy function for direct sta- 
bility evaluation. This method involves comparison of the 
value of the energy function at  the instant of last switching 
W(t,)  to the critical value W,,.; the system is transiently 
stable if W(t,)  < Wcr. But this method is not yet suitable 
for online computation. 

Artificial neural networks(ANN) have been proposed as 
a n  alternative method for the TSA problem by many au- 
t,hors since Sobajic et a1.[1] explored the capability of ANN 
for TSA. Since trained ANN can quickly map nonlinear 
relationship between input data and the ouput, they are 
considered to be suitable for online use. There are a num- 
ber of publications on ANN application to TSA. In this 
paper, a review of some of the previously published papers 
on this topic is presented. The paper also reports the re- 
sults of ANN application to the determination of stability 
and mode of instability for a 10 machine 39 bus system. 

11. ANN APPLIED TO TSA 

The main objectives of online TSA are fast evaluation 
and 'accuracy of results. ANN is a possible alternative be- 

cause of its fast response. Application of ANN consists of 
the following steps. 

A .  Data generation 
It is important to obtain a set of training patterns that 

adequately covers the space of possible operating condi- 
tions. Different operating conditions are generated by dif- 
ferent combinations of load levels and network topology. 
Since ANN are known to do interpolation very well but 
hardly any extrapolation, the test patterns are required to  
be within the range of training patterns. 

B. Selection of input variables 
The selection of inputs is an important factor in the suc- 

cessful use of ANN. It is obvious that the candidates for 
inputs are those independent variables which influence the 
output. Different prefault variables, variables during fault 
and postfault variables have been used as input variables 
in the previous studies. 

C. Selection a f  A N N  architecture 
Multilayered backpropagation network is the most com- 

monly used ANN in the previously published papers on 
this subject. It has also been successfully applied in many 
other practical applications. A few authors have applied 
functional link network(FLN) [2,3] for TSA. 

D. Training the A N N  and testing 

The advantage of ANN is that it can be used for online 
applications, since most of the computations are done of- 
fline and negligible online computation is required. Data 
generation and ANN training constitute offline computa- 
tion. Usually training is the most time consuming part in 
the design and use of ANN. For a given ANN architecture 
many training algorithms exist and a choice has to be made 
judiciously to obtain fast and efficient training of the ANN. 

111. REVIEW 

A large number of publications have appeared on ANN 
application to TSA since the paper by Sobajic et al.[l]. 
Sobajic et al. used ANN for prediction of critical clearing 
time(CCT) for a small test power system. A good agree- 
ment between estimated and actual CCT was obtained con- 
sidering different operating conditions and topologies. 
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Djukanovic et a1.121 used individual energy function nor- 
malized by the critical value of global energy function, eval- 
uated at fault clearing time to predict energy margin and 
stability. A function of generator rotor acceleration and 
elements of admittance matrix were used to identify mode 
of instability and predict CCT. In both cases a functional 
link network(FLN) which assumes a flat computation plat- 
form(no hidden layers) was implemented. The network was 
trained for faults on generator buses by restoring the net- 
work topology and for faults on non-generator buses by 
tripping the faulted line, at different load levels. 

In [3], Sobajic et al. proposed combined use of unsuper- 
vised and supervised learning for TSA. An unsupervised 
algorithm was proposed for clustering large amount of data 
based on similarities. Covariance analysis was performed 
on clustered d a t a  to determine the features of the input 
pattern which are highly correlated. In addition to the 
original input features, enhanced features obtained by tak- 
ing the products of highly correlated features were included 
to train a FLN to synthesize the CCT. Learning rate for 
FLN'is generally many times higher than that for back- 
propagation networks with hidden layers of neurons. 

Fast pattern recognition and classification of dynamic 
security states were reported by Zhou et a1.[4]. A feedfor- 
ward network was tr?ined using energy margin and unsta- 
ble equilibrium point angles of advanced generators as in- 
puts with power system vulnerability as the output. Power 
system vulnerability is an indicator of dynamic security ob- 
tained by the combination of transient energy margin and 
sensitivity of energy margin to a changing system parame- 
ter. Accurate vulnerability classification was obtained for 
the test cases using active power generation as the chang- 
ing parameter. 

Hobson et al.[5] have reported that ANN have difficulty 
in returning consistently accurate answers under varying 
network conditions. ANN was trained to predict CCT for 
three phase faults, for two systems(4 generator and 20 gen- 
erator) at 5 load levels and 3 different topologies. A fault 
at a bus is considered to simulate a line fault close to that 
bus and the fault is cleared by tripping the faulted line. 
This was repeated for every line with fault at both ends. 
Unacceptably large errors were reported for both training 
and testing data. 

Edwards et al.[6] made use of statistical information for 
feature selection. 1916 composite indices were generated 
for 838 training contingencies(three phase short circuit, loss 
of line, loss of generation, loss of load). Performing corre- 
lations, 18 composite indices were selected as inputs to the 
ANN which was trained to determine stability. The ANN 
was conservative in its stability classification. 

In [7], Aboytes et al. used ANN to predict stability of 
a 53 generator system which is part of Mexican power sys- 
tem. Training patterns were organised by dividing them 

into different sets and using separate ANN for each set. 
Best results were obtained by separating patterns by type 
of contingencies and voltage level. 

Mansour et a1.[8] used ANN to predict energy mar- 
gin and largest angular swing for two large systems viz. 
B.C.Hydro(209 generators) and Hydro Quebec(87 genera- 
tors). The ANN was able to perform classification with 
an error of 4% and determine the stability margin with an 
average error of 5%. 

The above papers were concerned with transient stability 
assessment for preventive control. Chih-Wen Liu et al.[9] 
utilised the ability to rapidly acquire synchronized phasor 
measurements to evaluate transient stability for emergency 
control. With the advent of phasor measurement units 
aided with global positioning systems, it is possible to track 
the dynamics of a power system. The authors of [9] applied 
a novel fuzzy neural network to real time transient stability 
prediction using synchronized phasor measurements. 

Security assessment through boundary visualization pro- 
vides the operator with knowledge of system security in 
terms of easily monitorable operating parameters. McCal- 
ley et a1.[10] presented a methodology for online security 
boundary visualization using neural networks. Feature se- 
lection was done using genetic algorithms. The procedure 
for this methodology is applied to thermal overload, volt- 
age instability and transient instability problems to obtain 
deterministic boundaries. 

Conventionally, TSA involves determination of CCT. 
This has probably influenced many authors [1,2,3,5] to 
train ANN to predict CCT. In [2,6,7,9], system stability 
for large disturbaikes is obtained as the output. Energy 
margin is obtaidd as output in [2,8]. In [2], mode of in- 
stability is also obtained as an output of an ANN. System 
vulnerability is obtained as the ANN output in [4]. 

/ 

In almost all the papers prefault variables and variables 
during fault are used as inputs to the ANN. In [4], energy 
margin and unstable equilibrium point angles of advanced 
generators are used as inputs to obtain system vulnera- 
bility. In [9], postfault values of generator rotor angles, 
velocities and acceleration are used as inputs. 

Supervised learning involves training an ANN to obtain 
a desired output, whereas unsupervised learning involves 
processing the input variables with no knowledge of the 
output. All the authors have used supervised learning tech- 
niques to train the ANN. In [3], an unsupervised learning 
algorithm was proposed for clustering data based on sim- 
ilarities. Covariance analysis was performed on clustered 
data to obtain additional features which were used to train 
the ANN. In [6], correlation analysis was performed to ar- 
rive at the most suitable input variables. 

Multilayered backpropagation network is the most com- 
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Stability and mode of instability are predicted by train- 
ing two separate ANN’S. Two sets of test patterns are gen- 
erated for each ANN. The first test set for first ANN which 
is trained to  predict stability, includes three phase faults at 
different buses selected randomly with load levels between 
100% and 130% of nominal load selected randomly. The 
first test set for second ANN which is trained to predict 
mode of instability, includes three phase faults a t  differ- 
ent buses selected randomly with load levels between 100% 
and 110% of nominal load selected randomly. The second 
test set for both ANN’S considered load levels selected ran- 

29 
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r 
domly in the same ranges as those for the first set, but 
three phase faults were simulated at random locations on 
different lines. 

While generating training and test patterns, cases in 
which the system is separated into two islands are deli- 
brately avoided since it requires to  predict stability and 
mode of instability for both islands. 

W 

Fig. 1. One-line diagram of the 10 generator 39 bus New England 
System 

monly used ANN. FLN was used in [2,3]. 

Iv. A CASE STUDY 

The test power system is the 10 generator 39 bus New 
England system shown in fig. 1. The data for the system 
is taken from [ll]. The application of the methodology is 
described below. 

A .  Generation of traznzng and test patterns 
Classical model is assumed for generators and loads are 

considered to be constant admittances. The objective of 
this study is to determine stability and mode of instabil- 
ity for unstable cases, for three phase faults at different 
locat,ions. An increase of lo%, 20% and 30% load above 
nominal lead is considered in addition to the norninal load 
for stability prediction whereas only nominal load and 10% 
overload are considered for mode of instability prediction. 
The power factors of the loads are maintained at their nom- 
inal values. The generated powers of all generat,ors ‘are in- 
creased proportionately. For each load level, the original 
network and the networks obtained by removing one of the 
34 lines are considered. This is an extensive study as far as 
the number of network topologies is concerned. For each 
load level and network topology, three phase faults are sin,- 
ulated on all lines close to the buses connected by the line; 
the fault is cleared by tripping the faulted line. A fault 
clearing time of 6 cycles is considered to get many unsta- 
ble cases. Simulation is done for a duration of 5 seconds. 
For t,he purpose of t,liis study, the system is considered to  
be unstable if the difference between any two rotor angles 
a t  5 seconds is greater than 180’. A total of 8344 training 
patterns were generated by time domain simulation. 

B. Input and output variables 

The inputs include 10 prefault variables and 30 post- 
fault variables. The prefault variables are the mechanical 
power input to all ’the generators. The postfault variables 
are the rotor angles of all the generators at the instant of 
fault clearing and 4 cycles after clearing, and the absolute 
values of the diagonal elements of the admittance matrix. 
obtained by replacing the generator circuit by its Norton’s 
equivalent and reducing the network admittance matrix to  
include only generator terminal nodes. The first ANN for 
predicting stability gives a ‘1’ as output for stable cases 
and ‘0’ as output for unstable cases. The second ANN for 
predicting mode of instability for unstable cases has 10 out- 
puts; the output is ‘1’ for advanced generators and ‘0’ for 
the remaining generators. The rotor angles are obtained 
by measuring the voltage and current phasors at, the gen- 
erator terminals. 

 EL^ = vLe + ~ X L I L ~  
r 

where E is the voltage behind the transient reactance of 
the generator, S is the rotor angle, VLB is the voltage pha- 
sor a t  the generator terminals, I L d  is the current phasor 
fed by the generator and x/d is the transient reactance of 
the generator. 

The ANN trained using the above mentioned inputs‘can 
be b e d  for TSA for emergency control. Emergency con- 
trol is justified in many cases where preventive control is 
prohibitively costly. The information about the mode of 
instability can be used for emergency control actions like 
system separation. 

C. ANN architecture 
Multilayered backpropagation network is the most com- 

monly used network for both function approximation and 
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classification. In this paper, a backpropagation network 
with 2 hidden layers of neuronh having hyperbolic tangent 
transfer function(fig.4) and output layer of linear neurons 
is used for training. For the first ANN used to  predict sta- 
bility(fig. 2), 9 neurons in the first layer and 8 neurons in 
the second layer were used. For the second ANN used to 
predict mode of instability(fig. 3), 8 neurons were used in 
both layers. While testing, all outputs are passed through 
a hardlimiter with a threshold of 0.5, to obtain either a ‘0’ 
or ‘1’ as output. 

0- 

_j 

Fig. 2. ANN used to predict stability 

Fig. 3. ANN used to predict mode of instbility 

Fig. 4. Hyperbolic tangent transfer function 
D. Tmining and testing 

Training was initially performed using gradient descent 
method. It was found that this method is unacceptably 

ofNewton,s method is faster and is used for our work. The 
ANN is trained by minimizing the sum-squared error sse. 

minimum, so the aim is to shift to Gauss-Newton’s method 

cessful step and increased only when a step increases the 
error. A limitation of this method is that it requires a 
large amount of memory. Training was done on a worksta- 

slow. Levenberg-Marquardt algorithm which is a variation as quickly as possible. Hence, P is decreased after each SuC- 

N 
sse = Ce: = eTe 

i = l  

where e i  are the elements of the error vector e.  N is the 
product of the number of ANN outputs and the number of 
training patterns. If w denotes the vector of weights and 
biases, then Levenberg-Marquardt update rule is 

Aw = (JTJ + pI)-’JTe (1) 

where J is the Jacobian matrix of derivatives of each 
error to each element of w, p is a scalar and I is an 
identity matrix. If p is very large, the above expression 
for weight update approximates gradient descent, while if 
i t  is small it becomes Gauss-Newton’s method. Gauss- 
Newton’s method is faster and more accurate near an error 

tion having RAM of 128 MB, using Matlrtli neural network 
toolbox. The performance of the first ANN in predicting 
stability for training and test sets is given in table I.  ’Table 
I1 gives the performance of the second ANN in predicting 
mode of instability. 

A single simulation of 5 seconds duration requires nearly 
2 seconds of CPU time. It takes nearly 70 p s  to predict. 
stability and nearly 130 ,us to predict mods of instability 
using ANN. 

V. DISCUSSION 

For multilayered backpropagation neural networks, there 
is no systematic method of deciding the number of layers 
and the number of neurons in each layer. Though theoret- 
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TABLE I 
RERFORMANCE OF ANN IN PREDICTING STABILITY 

I 1 Training set I Test set #l 1 Test set #2 I 
Number of stable cases 
Number of unstable cases 
Total number of cases 

5456 608 647 
2888 392 353 
8344 1000 1000 

False alarm(%) \71(1.3%) I 33(5.43%) I22(3.4%) ~ 

False dismissal(%) I66(2.29%) I22(5.61%) I26(7.37%) 

Number of cases 
Error(%) 

I Total error(%) I 137(1.64%) \55(5.5%) \48(4.8%) 1 

Training set Test set #l Test set 82 ' 
877 387 313 
35(3.99%) 33(8.53%) 27 (8.63%) 

TABLE I1 
PERFORMANCE OF ANN IN PREDICTING MODE OF INSTABILITY 

ically a single layer of neurons can approximate any given 
function[l2], a two-layered ANN is more powerful than a 
single layered ANN. Hence two layers of neurons were used 
in our work. Training was initially performed with few neu- 
rons in both layers. The number of neurons were gradually 
increased till satisfactory performance was obtained. 

Training using gradient descent method was found to be 
unacceptably slow and hence Levenberg-Marquardt algo- 
rithm was used. A limitation of this method is the re- 
quirement of a large amount of memory. The amount of 
memory required depends on the number of weight and bias 
parameters, number of outputs and the number of training 
patterns. The ANN used to predict mode of instability has 
ten outputs. Hence only nominal load and 10% overload 
were considered due to the memory constraint. 

The selection of inputs is an important factor in the suc- 
cessful use of ANN. In most of the previous papers, selec- 
tion of inputs is based on intuition. In [3] and [6], statistical 
information is used to arrive at the most suitable inputs. 
In [2], normalized values of individual energy functions of 
the generators evaluated a t  the clearing time were used as 
inputs to predict stability. The concept of individual en- 
ergy function characterizes the transient stability as a local 
phenomenon in contrast to the total energy function.In [6], 
1916 composite indices were generated and performing cor- 
relations, 18 composite indices were selected as inputs. In 
[7], 12 steady state variables were used as inputs and it 
was reported that dynamic variables did not. improve the 
results. In [9], postfault rotor angles at three instants, two 
velocities and one acceleration of all the generators were 
used as inputs to predict stability. This is based on the 
notion that the stability can be predicted from the post- 
fault rotor angles irrespective of the load h e 1  and network 
topology. The transient stability of a power system is a 
dynamic phenomenon and depends on the system param- 
eters and initial postfault conditions. A set of differential 

equations can be solved numerically if initial or boundary 
conditions are given. This suggests that the inputs to the 
ANN should be the varying parameters and the initial or 
boundary conditions for the postfault system. The varying 
parameters are the mechanical power input to the genera- 
tors, the internal voltage of the generators and the elements 
of the network admittance matrix. It is impractical to use 
all the parameters as inputs. The independent parame- 
ters which have a significant influence on the output are 
to be selected as inputs. In our work, the absolute values 
of diagonal elements of the reduced admittance matrix and 
mechanical power inputs were selected as inputs in addition 
to postfault rotor angles a t  two instants. The same inputs 
were used to predict both stability and mode of instability. 

In [2], correct stability prediction was obtained for all 
cases. Faults a t  only 4 buses and 5 load levels were con- 
sidered for training and testing. Faults at mar?y locations 
have to be considered to evaluate the capability of ANN. 
In [7], training patterns were divided into many sets and 
separate ANN was used to predict stability for each set. 
Classification errors of less than 1% for training set and 
less than 5% for test set were obtained. In is], base case 
was obtained by increasing all real power loads by 35% and 
operating points were generated from base case by consid- 
ering random changes of key parameters like load, shunt 
compensation, active and reactive generation scheduling, 
and topology. Stability was predicted for faults at different 
locations and durations for each operating point. Classifi- 
cation errors of less than 1% for training set and less than 
6% for t,est set were obtained. In the previous bapers, very 
few prefault network topologies were considered. In our 
work, 34 prefault network topologies are considered. Since 
a fault is cleared by tripping the faulted line, the number 
of postfault network topologies is nearly 1000. The errors 
in stability prediction are comparable with those obtained 
in [2], [i'] and [g]. Only one paper [2] obtains mode of insta- 
bility as the output. The A h N  was successful in predicting 
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mode of instability for faults a t  4 buses with the same pre- 
fault network for all cases. Again our work considered 34 
prefault network topologies with loads between 100% and 
110% of nominal load. prediction of mode of instability 
was not accurate enough for both training and test sets. 
This suggests that a different set of inputs or additional 
inputs have to be used to predict mode of instability. 
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