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Abstract— Radial Basis Function Networks (RBFNs) are 

used for contingency ranking of bulk power system. The 

motivation behind this work is to exploit the non-linear 

mapping capabilities of RBFN in estimating line loading 

and bus voltage of a bulk power system in stressed/abnormal 

condition. Unlike most of the available neural networks 

based techniques, the proposed method utilizes the potential 

of RBFN in planning studies. The performance of the RBFN 

is compared with a conventional Newton Raphson load flow 

method in terms of maximum load ability index (Smax) & 

reactive power performance index (PIv). 
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I. INTRODUCTION 

Contingency evaluation is one of the most important tasks 

encountered by planning and operation engineers of bulk 

power systems. In planning, contingency analysis is used to 

examine the performance of a power system and the need 

for new transmission expansion due to load growth or 

generation expansion. In operation, contingency analysis 

assists engineers to operate the power system at a secure 

operating point where equipment are loaded within their 

safe limits and power is delivered to customers with 

acceptable quality standards. In general, the state of a 

system is determined based on its ability to meet the 

expected demand under different contingency levels. In this 

type of analysis the objective is to find overloads or voltage 

violations under such contingencies and the proper measures 

that are needed to alleviate these violations. Finding these 

contingencies and determining the corrective actions often 

involve exhaustive load flow calculations[1-3]. The 

necessity for such a tool is increasingly critical due to the 

emerging complexity of power systems that results from 

network expansions and the fact that power systems are 

pushed to operate at their limits due to financial and 

environmental constrains. There exist many methods for 

contingency evaluation of bulk power systems . 

Among the most accurate methods are AC load 

flow and power supply capacity (PSC) calculations[4-5] . 

The basic concept of the PSC method is to determine the 

maximum amount of power each bus can deliver subject to 

generation capacity, power flow constraints and equipment 

rating. These two approaches involve a huge number of AC 

load flow calculations to determine line flow and bus 

voltage for each contingency. This computation poses a 

challenging task even for today's fast computers and 

efficient algorithms. The analysis and interpretation of these 

calculations present an even harder problem. Another 

deficiency is that contingency analysis always uses fast 

converging load flow algorithms such as fast de-coupled 

Newton Raphson (FDNR) algorithm that has poor 

convergence characteristics when dealing with heavily 

loaded power systems. There are many other techniques that 

simplify contingency analysis. DC load flow is one of the 

most popular methods that are used to reduce the 

computational efforts required by the standard AC power 

flow to an acceptable level[6-7]. However, it can only 

provide a good estimate of the MW flow under each 

contingency. Therefore, voltage violation and line overload 

due to excessive VAR flow can't be detected using this 

method. Another technique uses sensitivity analysis and 

distribution factor ,but it is not guaranteed to provide 

accurate line flow solution since it is based on a linear 

model to approximate the solution especially in highly 

loaded power system where the non-linearity is a significant 

factor. 

II. RADIAL BASIS FUNCTION NEURAL NETWORKS (RBFNS) 

Recently, RBFN has become increasingly popular because 

of its structural simplicity and training efficiency. RBFN 

consists of two fully connected layers namely, hidden and 

output layers as shown in Fig 1. The input nodes are directly 

connected to the hidden layer neurons. The output of the  j
th

  

hidden neuron can be written as: 

hj  =  
 (‖    ‖)

  
           (1) 

where hj is the output of  j
th

 neuron,   is the non 

linear radial basis transfer function, X is the input vector,    

is the neuron's center and     is the center spread parameter. 

The non-linearity of the RBFN is due to its transfer 

function   . The most commonly used type of radial basis 

function is the gausian: 

hj  =  Exp[ 
‖    ‖

 

  
 ]      (2) 

The neurons of the output layer have a linear 

transfer function. It is simply the weighted summation of 

outputs of all hidden neurons connected to that output 

neuron. For the  k
th

 neuron the output yk   is      

yk = ∑     
 
    hj      (3) 

Where     is the synaptic weight connecting 

hidden neuron j to output neuron k and m is the number of 

hidden layer neurons. 
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Wmn is weight matrix of size m*n 

Fig. 1: Structure of Radial Basis Function neural network 

III. APPLICATION OF NEURAL NETWORKS ON CONTINGENCY 

ASSESSMENT 

Recently, artificial neural networks (ANNs) have been 

utilized for contingency screening. However, most of these 

applications use ANNs as a tool to classify the system states 

under contingency to secure or insecure states. This 

approach is used mainly for real time operation at power 

control centers where the objective is to provide the operator 

with an indication about the state of the power system. 

Clearly, this formulation is not sufficient for planning 

purposes where there is a need for more elaborate studies to 

compare alternative expansion plans based on quantitative 

economic and reliability factors. 

In [8], a linear ANN structure was used with non-

linear feedback loop as a tool to solve power flow problems. 

It estimates bus voltage magnitude and angle in a manner 

similar to standard power flow algorithms. The linear ANN 

structure is used to estimate required adjustments in bus 

voltage, magnitude and angle based on power mismatch at 

each bus. This estimated voltage adjustment is then used to 

calculate line flow using power flow equations. Calculated 

flows combined with net bus injections are fed back to the 

ANN and the process keeps repeating until reasonable error 

is reached. However, the use of linear model limits the 

mapping capability of the neural networks. The Hopfield 

model was used to classify the contingency by learning to 

recognize the number and type of limit violations associated 

with each contingency[9]. It uses a linear programming 

technique to optimize the ANN classification accuracy. The 

violation pattern that results from each contingency is 

constructed using a binary matrix in which violations are 

assigned a binary code. The application of Kohonen's self-

organizing feature map provides a fast contingency 

assessment tool for real-time operations . The operating 

point of the system is presented to the ANN as a vector of 

line active and reactive power flows obtained from running 

load flow under different conditions. The state of the system 

can be determined by estimating how far the operating point 

is away from the safe operating boundaries of the system. 

Kohonen's self-organizing map was also used to identify 

similarities in system state variables (line flows and bus 

voltages) under different contingency[10-11]. The network 

is trained to produce a feature map that relates each 

contingency and pre-contingency state parameters to post 

contingency attributes. A modified version of this method is 

presented in [ 12], where a supervised ANN is used to 

provide rough estimates of post contingency line flows and 

bus voltages, and an unsupervised ANN that uses the 

outputs of the supervised ANN to classify contingency. 

Contingencies are classified into different groups based on 

their impact on the system. A separate supervised ANN is 

used for each group of contingencies to provide a more 

accurate estimate of post-contingency voltage and line flow 

patterns. One difficulty with this method is that it requires a 

large number of supervised ANNs. 

Neural networks were also used for security 

assessment of large-scale power systems [13]. The system is 

split into small subsystems and each one is handled 

separately using different ANN. The basic principle of this 

approach is similar to those presented in [9-12], that is to 

apply the pattern recognition Capability of ANNs to classify 

the system. The boundary busses are selected based on 

network sensitivity analysis. With the exception to [8], 

contingency evaluation is used to classify the system to 

either secure or insecure states, which is more useful in real 

time operation. Another important observation on these 

approaches is that ANNs are not trained on the relation 

between the system parameters that affect the power flow 

and bus voltage, such as busload, generation distribution and 

system impedance. They employ ANNs for the mapping of 

a pre-contingency voltage and power flow patterns to a post-

contingency voltage and power flow patterns. This mapping 

is more suitable for on-line contingency analysis where the 

real objective is to provide the operator with a list of critical 

contingencies. 

IV. THE PROPOSED APPROACH 

The RBFN has been chosen because of its excellent training 

convergence characteristics, particularly on such a huge 

dimensionality. Another feature that makes the RBFN more 

ideal for this type of problems is its ability to augment new 

training data without the need for retraining. Here, radial 

basis function network is used for contingency analysis in 

planning studies where the goal is to evaluate the ability of a 

power system to support a projected range of peak demand 

under all foreseeable contingencies[14-16]. If a transmission 

expansion is necessary, then it must yield the maximum 

improvement to the system. The use of RBFN in such 

applications has not been sufficiently exploited before. For 

large-scale power system contingency evaluation, extensive 

studies need to be carried out considering the following 

factors: number and type of possible contingencies and their 

combinations, expected range of peak loads with a margin 

for forecasting error, and different generation scenarios 

based on efficiency and availability of generating units. To 

optimize a transmission expansion plan, combinations of 

these factors need to be considered to cover all possible 

operating conditions. This process may produce a huge 

number of cases to be evaluated. A neural network needs to 

be trained on a limited set of cases that covers the operating 

boundary conditions for a given power system. To optimize 

the planned expansion, the trained ANN is used for 

contingency evaluation under other operating conditions that 

were not presented to it before Although one ANN could be 

used to solve this problem. Here input vector of size p*1 

contains set of power generation PG , QG and load demand 

PL,QL for different contingencies. Output Vector of size m*1 

containing the two performance index namely,maximum 

loadability limit (Smax) ,reactive power performance index 

(PIv). The maximum difference between the desired output 

and the real output of the network is used as a stopping 

criterion for the training process, because an average error 

criterion is not adequate for our application. An average 

error may fail to identify a critical outage and thus render 

the whole study invalid. Normally, power systems allow 

about 20% over loading for transmission lines and 10% 

variation on bus voltage. Here extremely stressed condition 

is considered for analysis in which bus voltage variation is 

allowed to 20% minimum and 5% maximum to their base 

case value. For screening, Smax decide the severity level and 
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ranking is done .The contingency that can supply the 

minimum value of Smax  ,is considered most severe.    

V. RESULTS & DISCUSSION 

The analysis is performed on 5 bus  IEEE system. The ANN 

tool is used for the training for 5 bus system in MATLAB 

environment. Input & output data for various loading 

condition are calculated using Newton Raphson method . 

Out of these 70% are used in training the ANN system & 

15% for testing & remaining 15% for validation. Table 1. 

Shows that line outage L2-5 have highest reactive power 

performance index and lowest loadability limit. So it is most 

severe & considered for further analysis. In table 2 & 3 

performance index Smax &PIv is computed with RBF & 

compared with performance index evaluated by N-R 

method.  

Serial 

no. 

Line 

Outage 
Smax PIV Ranking 

1 L2-5 0.937 1.9754 1 

2 L3-4 1.894 1.6416 2 

3 L4-5 2.026 1.1382 3 

4 L1-2 2.279 0.6852 4 

5 L1-3 2.790 1.0928 5 

6 L2-3 2.790 1.1591 5 

7 L2-4 2.790 1.2434 5 

Table 1: Performance Indices and Contingency Ranking 

using RBF ANN for 5-bus system 

Line 

Outage 

No. 

Smax by            

N-R 

Smax by 

RBF 

ANN 

Error 

L2-5 0.93 0.937 0.0070 

L3-4 1.89 1.894 0.0040 

L4-5 2.06 2.026 -0.0340 

L1-2 2.2 2.279 0.0790 

L1-3 2.7 2.790 0.0090 

L2-3 2.7 2.790 0.0090 

L2-4 2.7 2.790 0.0090 

Table 2: Performance Index using N-R method & RBF 

ANN for 5 bus system 

Serial 

No. 

Line 

Outage 

PIV 

by 

N-R 

PIV by 

RBF 

ANN 

Error 

1 L2-5 1.9444 1.9487 0.0043 

2 L3-4 1.8456 1.8959 0.0503 

3 L4-5 1.0362 1.0232 -0.0130 

4 L1-2 0.6362 0.6616 0.0254 

5 L1-3 1.1814 1.0726 -0.1108 

6 L2-3 1.1135 1.0531 -0.0604 

7 L2-4 1.1444 1.1452 0.0008 

Table 3: Reactive Power Performance Index using N-R 

method & RBF ANN for 5 bus system 

VI. CONCLUSION 

Contingency Screening and Ranking is performed using 

RBF network. Conventional method (Newton Raphson) is 

used for training of IEEE 5  system in offline mode .Once 

the network is trained it can be used in online contingency 

screening & ranking. From the above analysis we can see 

line outage L2-5 is most severe for 5 bus system .In this  

cases the system’s loading limit is 93% or 0.93 p.u. of base 

load case. Hence we can say that contingency screening & 

ranking using RBF ANN is more accurate and time 

efficient. But main problem is training of network for large 

& complex power system .So yet, its implementation is 

successful and easier for small system like 5 bus , 14 bus but 

difficult for more complex and large system like 110 ,500 

bus system. 
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