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Abstract — Transmission line is one of the important elements in an electric power system. It is responsible in transmitting electric 
power from generation station to the consumer. On the other hand, it is exposed to hazards such as fallen trees, lightning and more. 
These events could cause the transmission line to trip, affecting other lines to become overload and finally causing massive tripping. 
The sequence of tripping is usually known as cascading failure. The event of cascading failure is really difficult to predict due to the 
complexity of the power transmission system. The most recent massive cascading failure occurred in 2012 which affects the 
Northern India causing loss to the India’s economic especially. Cascading failure can cause blackout and finally shut down the 
entire power system operation, hence cut off the supply of electricity. This study is important since it will assist the power system 
company in order to take preventive action to avoid cascading failure hence, reduce the severity due to the impact of cascading 
failure. This study proposes an Artificial Neural Network (ANN) for monitoring the power system operating state due to an initial 
line outage. ANN has been proposed as an alternative method to solve the power system problems.  The training and testing data 
for the neural network is obtained by using the Newton-Raphson load flow simulation using Power World Simulator software for 
different system topologies over a range of load levels.  A Feed Forward Back Propagation Neural Network was used for training 
the ANN. IEEE-9 bus test system is used to verify the proposed approach. 
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I. INTRODUCTION 
 
Power system plays an important role in the country’s 

economic and social development. Disturbance in the power 
system could eventually cause to a system cascading failure 
that will affect the social and economic development. Some 
of the disturbances due to human errors or natural 
disturbances cannot be avoided. Cascade failure is a 
complex and complicated phenomenon which occurs due to 
a sequence of line outages that tend to increase the stress of 
the system. It is essential to preserve the security and 
reliability of complex power grids [1]. There are many 
factors that could cause power failure or blackout in power 
system. The main reason is due to transmission line or 
generator overloading. High power consumptions or high 
demand that exceeds the maximum limit is one of the major 
factors that could cause overloaded in power transmission 
system. 

 
During the India’s blackout in July 2012, the root cause 

of the incident was by disconnection of an overloaded 
transmission line. This worsens the condition where the load 
carried by the tripped transmission line had to be transferred 
to the neighbouring transmission line. Hence, a system 
cascading collapse occurred to the rest of the system [2]. 
Therefore, this paper purpose a feed forward back 
propagation neural network to evaluate the system operating 

states in steady state condition for different system 
topologies. The objective of this research is to evaluate the 
system operating condition by monitoring the operating 
states whether there is a risk of cascading collapse after 
initial line outage, thus assist the operator to take preventive 
measurement to avoid system outage.  

 
In steady state condition of a power system, it is 

important to predict the line flows and bus voltages for 
different operating conditions and network topologies [3]. 
Two methods are used to estimate line flows for real time 
application which are DC power flows and the distribution 
factor method. These methods are in general less accurate. 
With the development of artificial intelligence and ANN in 
recent years, it has been used extensively in the application 
of power system. Ghosh et al. [4] designed a multilayer 
neural network for line flow contingency ranking. A 
regression-based correlation technique was used for feature 
selection to train the ANN using BP. Basically, the Back-
propagation neural network is a multilayer, feed forward 
neural network which commonly used for supervised 
training process.  Multi-Layer Perceptron (MLP) approach is 
used in the ANN model network [5]. Hsu et al. [6] 
developed a fast voltage estimation method using four-
layered ANN. In the design of ANN, sets of variables that 
affect bus voltage most were selected as inputs to the ANN 
using entropy function.  
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Load flow analysis can be solved by using three 
methods which are the Newton-Raphson method, Fast-
Decoupled method and Gauss-Seidel method. The most 
common power flow method is the Newton-Raphson due to 
the fact that it can converge very quickly as the iteration 
begins near the desired root. 

 
 

II. METHODOLOGY 
 

Feed Forward Neural Network is used to evaluate the 
system operating condition whether it is in risk of cascading 
collapse or blackout after an initial line outage. The training 
and testing data for the Neural Network (NN) is obtained 
from the Newton-Raphson load flow simulation using 
Powerworld Simulator Software. 
 
A. Newton-Raphson Load Flow Simulation 

 
Newton-Raphson load flow analysis is performed to 

evaluate the security status of IEEE 9 bus test system. The 
structure of IEEE 9 bus test system is shown in Figure 1 
which consists of three generators (Bus 1, Bus 2 and Bus 3), 
three loads (Bus 5, Bus 6 and Bus 8) and six transmission 
lines (line 4-6, line 4-5, line 5-7, line 6-9, line 8-9 and line 7-

8). 
Figure 1.   IEEE 9 Bus Test System 

 
The Newton-Raphson load flow is performed to 

calculate the new voltage at each bus in each line for every 
contingency case over different load condition. In this study, 
single line      outage has been chosen for the contingency 
case. The bus       voltage limits are the parameters to 

evaluate the security status of IEEE 9 bus test system. 
Equation (1) represents the general form of voltage limit: 
 
                            Vmin < Vi < Vmax         (1) 
 

Based on equation (1), if the power system exceeds the 
voltage limit, the power system is considered as insecure 
condition for that contingency case. If the voltage is within 
the voltage limit, then the power system is considered as 
secure condition. Reference [7] state that the minimum and 
maximum bus voltage value is 0.9 per unit and 1.1 per unit 
respectively. Binary numbers 1 is used to represent the 
security condition of system and binary number 0 represents 
insecure conditions. 

 
B. Artificial Neural Network Implementation 

 
Figure 2.   ANN Implementation Flow Chart 

 
ANN implementation is used to design the best ANN 

configuration. Figure 2 shows the general flow chart of the 
ANN implementation. The process of ANN implementation 
starts from the data collection and ends with the simulation of 
ANN. Percentages of classification accuracy is used to 
evaluate the performance of proposed ANN in terms of 
accuracy. 

 
1)   Data Collection  

 
Input data of the ANN are derived from Newton-

Raphson load flow analysis. The input data consists of bus 
voltage value for different contingency case. Then, the data 
was divided into two groups which are train data and test 
data. The train data consist of bus data at the load of 60%. 

Start 
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Data Normalization 

Establish ANN Structure 

Train the ANN 

Simulate the ANN 

End 
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Later, the load was increase 10% for every bus load until it 
reaches 200%. Meanwhile, for testing data collection, the 
load starts at 65% and was increased up to 195%. Each time 
the load will increase 10% from load variation at 65% level. 
The collected data will be stored as the input data for 
normalization. 

 
2)  Data Normalization 

 
Priddy and Keller [7] stated that normalizing the input 

data for the data collection is important because 
normalization can minimize the bias within the neural 
network. Hence, an accurate forecast output results will be 
obtained. Data normalization can also speed up training time 
because the training process for each feature in same scale. 

 
The train and test data are normalized by using min-max 

normalization because most features are rescaled to lie within 
a range of 0 to 1. Referring to [7], the min-max normalization 
is accomplished by using linear interpolation equation which 
is shown in equation (2): 

 
 

	
	

	 	 (2)

 
Where: 

Max(value) = initial maximum value of x. 
Min(value)  = initial minimum value of x. 
Max(target) = maximum value for range of interval. 
Min(target)  = minimum value for range of interval. 

 
3)   ANN Structure                                                                                           

 
The feed forward back propagation neural network has 

three layers which are the input layer, hidden layer and 
target layer. The input layer has 6 neurons since the number 
of variables in the input neural network is 6. The numbers of 
hidden neurons are varying from 2 to 20 in order to achieve 
the desired result. The neural network will be trained for 
each change in the number of hidden neurons. 

 
Basically, the ANN model consists of three layers of 

neurons which are input neurons, which send data through 
synapses to the second layer of neurons and then through 
other synapses to the third layer of output neurons [8]. In the 
target layer, the neural network has two output vector which 
is either 0 for insecure or 1 for secure but naturally, neural 
network output is a closer analogue value in a range [0, 1]. 
Therefore, the output of neural network more than or equal 
0.9 will be considered as secure condition while output of 
neural network less than or equal 0.1 will be considered as 
insecure condition. 

 
 

4)   Training ANN 
 

The purpose of training process of neural network is to 
identify the topology of neural network and their 
interconnect weights. Training process is important since it 
will ensure the neural network reacts with the fastest speed 
and without losing any important data. The training speed 
depends on the speed factor such as the learning rule, the 
transfer function of neurons or initialization of the network 
[9]. 

 
In the training process of the neural network, a set of 

network inputs and target outputs are required. During 
training, the weights and biases of the network are iteratively 
adjusted to minimize the network performance function. The 
feed forward back propagation neural network can be trained 
with different training algorithms. The faster algorithms of 
training are the variable learning rate back propagation 
(VLRBP), resilient back propagation (RBP), conjugate 
gradient (CG), Quasi-Newton (QN) and Levenberg-
Marquardt (LM). 
 

In this work, LM training technique is used due to its 
faster training and good convergence [10]. Besides that, LM 
algorithm is suitable for medium size neural network and its 
algorithm was designed to approach second-order training 
speed without having to compute the Hessian matrix [10]. 

 
4)   Neural Network Performance 

 
The performance of the feed forward back propagation 

neural network is evaluated by the mean squared error 
(MSE) and percentages of Classification Accuracy (CA) 
[11]. The MSE is the average squared error between the 
network outputs and the target outputs where it is calculated 
by using equation (3). 

 
 
 
 
 
 

Where: 
 

n  = number of sample in the data set. 
 DOk = desired output obtained from off-line 
     simulation. 
 AOk  = actual output obtained from neural 
     network trained classifier. 
 
The percentages of CA for the neural network are 

calculated by using equation (4). The neural network 
configuration which has the lowest value of MSE and 
highest CA will be considered as the best performance of 
neural network configuration.  
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III. RESULT AND DISCUSSION 
 
A. Newton-Raphson Load Flow Analysis 
 

The system is considered in secure condition when the 
bus voltage level in the system is in the limit 0.9 p.u. <Vi 
<1.1 p.u. The system is in insecure condition during the line 
outage of 5-4 because the voltage bus 5 is below the 
minimum range. Meanwhile, when the line outage occurred 
at Line 7-8, Line 8-9, Line 5-7, Line 6-9 and Line 4-6, the 
system is in secure condition which means there is no risk of 
potential cascading collapse or blackout. For load condition 
at 115%, the system is in insecure condition during the line 
outage of 5-7, 5-4 and 4-6 because the voltage bus is below 
the minimum range. 

 

The impedance in the power system will increase, when 
there is an increase in load variation. Therefore, there is 
progressive decrease of voltage in the buses. This is due to 
some of the voltages drop in the impedance of power 
system. Besides that, power which sent to the load is also 
increased when the load is increased. As a result, the number 
of buses exceeds bus voltage limit increases as well. Hence, 
insecure cases are increased in the system when the load is 
increased.  

 
B. Data Collection 
 

The data obtained in Newton-Raphson load flow by 
using the Powerworld Simulator software are used as input 
data for data collection. The data obtained from Newton-
Raphson load flow have a matrix size of 6 x 203. In data 
collection, these input data are divided into two groups 
which are train data and test data. The matrix size of train 
data is 6 x 105 while the matrix size of test data is 6 x 98. 
Table 1 shows the train data at load variation of 100%. 

 
 

TABLE I TRAIN DATA IN LOAD VARIATION 100% 

Load Variation 100% 

Case Base Case C1 C2 C3 C4 C5 C6 

Bus 4 1.02579 1.01591 1.02245 0.99559 1.00471 1.03876 1.02819 

Bus 5 0.99564 0.97363 0.98969 0.93801 0.96779 0.83876 0.99881 

Bus 6 1.01266 0.99938 1.00872 0.97481 0.96387 1.02025 0.94182 

Bus 7 1.02577 1.01917 1.01 1.01703 1.01565 0.98772 1.02226 

Bus 8 1.01589 0.96904 0.97829 1.00097 1.00543 0.98948 1.00625 

Bus 9 1.03236 1.01256 1.03379 1.01889 1.02343 1.02441 1.01671 

 

 
Referring to the table, the number of variables in the 

train data are 6 which consist of 6 buses voltage. The 6 buses 
voltages are Bus 4, Bus 5, Bus 6, Bus 7, Bus 8 and Bus 9. 
The bus voltages of Bus 1, Bus 2 and Bus 3 are not included 
in the train data and test data because they are generator 
buses. They will be controlled by the Automatic Voltage 
Regulator (AVR) system. The advantage of the AVR system 
is power source is not affected by sudden loads change. The 
AVR system will maintain the output voltage within the 
specified limits. 

 
C. Neural Network Performance 
 

The neuron in hidden layer is varied from 2 neurons to 
20 neurons to determine the accuracy of prediction for the 
neural network. Figure 3 shows that, the highest accuracy to 
predict the security status of the system when the number of 
neuron in hidden layer is 2. The accuracy of 2 hidden 
neurons is 98.98%. Therefore, in this work, 2 hidden 
neurons are used to predict the security status of the system. 

 

 
Figure 3.   Percentage Accuracy of Neural Network vs Number of Hidden 

Neuron 
 

MSE performance index for the 2 hidden neurons 
training is shown in Figure 4. The value of MSE is 3.28293 
x 10-10 which is very small. This reflects the right selection 
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of 13 hidden neurons for providing the highest accuracy to 
predict the security level of the system. 
 

The R value of linear regression of 13 hidden neurons is 
1. Good results obtained from MSE and linear regression 
analysis proved that the justification of the selection in 
providing the best performance of the neural network. 

  

 
Figure 4.   Mean Square Error vs Number of Epochs 

 
 

IV. CONCLUSION 
 

The operating of power system in steady state condition 
can be monitored by using neural network approach. The 
ANN method had been implemented in this project by using 
IEEE 9 bus system. The structure of feed forward back 
propagation neural network in this project had performed in 
well condition because it gave a high accuracy of prediction 
to the security level in the power system. The proper 
selection number of hidden neurons is required to ensure the 
high performance of a neural network. This can be used for 
real time application. The outcome of this work can be used 
to monitor the stability of a power system. In addition, this 
analysis assists operator to operate the power system at a 
secure operating condition where the equipment is loaded 
within their safe limits and power is delivered to customers 
with acceptable quality standards. 
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