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Contingency Constrained Power 
System Security Assessment using 

Cascade Neural Network 

A unified approach to power system security assessment and contingency analysis suitable for 
on-line applications is proposed. The severity of the contingency is measured by two scalar 
Performance Indices (PIs): Voltage-reactive power performance index, PIVQ and line MVA 
performance index, PIMVA. In this paper, a two stage cascade neural network is developed: 
Stage I employs Multi-Layer Perceptron (MLP) neural network trained by back propagation 
algorithm for estimating PIs and Stage II utilizes Kohonen’s Self Organizing Feature Map 
(KSOFM) for contingency screening and ranking. The effectiveness of proposed methodology 
is tested on IEEE 39-bus New England system at different loading conditions corresponding to 
single line outage. The overall accuracy of the test results highlights the suitability of the 
approach for on-line applications to fast and accurate security assessment and contingency 
analysis. 

Keywords: Cascade Neural Network, Contingency Analysis, Multi-Layer Perceptron, Kohonen’s 
Self Organizing Feature Map, Performance Index, Power System Security Assessment. 

1. INTRODUCTION 

Power system security and contingency analysis are important tasks in modern energy 
management systems. The present trend towards deregulation and the need for new 
transmission expansion due to load growth or generation expansion has forced modern 
electric utilities to operate their systems under stressed operating conditions closer to their 
security limits [1]-[2]. The purpose of security assessment is to provide information to the 
system operators about the secure and insecure nature of the operating states in the event of 
any contingency, so that proper control/corrective action can be initiated within the safe 
time limit. Static security analysis identifies violations of the operational constraints by 
solving an AC load flow, described by a set of nonlinear equations for each post-
contingency case. Contingency analysis comprises the simulation of a set of contingencies 
in which the system behavior is observed. Each post-contingency scenario is evaluated in 
order to detect operational problems and the severity of violations. Contingency analysis 
examines the performance of a power system and hence plays an important role in real-time 
power system security evaluation. 

In the last few years, a lot of research has been carried out in this area which consists of 
selection of the critical contingencies by using ranking methods or screening methods. 
Screening methods use approximate network solutions such as distribution factors, DC load 
flow, linearized load flow, one iteration of AC load flow, local solution methods etc. to 
identify cases causing limit violations. The majority of methods are based on the evaluation 
by means of some Performance Index (PI). Ranking methods rank the contingencies in 
approximate order of severity, based on the value of a scalar performance index, which is 
the measure of system stress expressed in terms of network variables and are directly 
evaluated [3]. Many PI based analytical methods suffer from the problem of 
misclassification or/and false alarm. The conventional methods are found to be unsuitable 
for on-line applications because of high computational time requirement.  
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A literature survey on application of Artificial Intelligence (AI) to security assessment 
and contingency analysis indicates that this is a very promising research field. Recently, 
Artificial Neural Networks (ANNs) have shown great promise in power system engineering 
due to their ability to synthesize complex mappings accurately and rapidly as discussed in 
the following literature survey. A three layer perceptron network with back propagation 
learning technique has been used for line flow and voltage contingency screening [1], [2]. 
ANN-based method for on-line security evaluation of power systems utilizing divergence-
based feature selection algorithm has been investigated. A Cascade Neural Network (CNN) 
based approach is proposed for fast line flow contingency screening and ranking. The filter 
module and ranking module are composed of feed-forward neural network [3]-[5]. A real 
power contingency ranking using counter propagation network is investigated in [6]. ANN 
with fuzzy logic is proposed in [7] for contingency analysis and vulnerability assessment of 
the power system. An application of Kohonen self organising neural network to static 
security assessment is proposed in [8],[9]. The use of Radial Basis Function (RBF) network 
to predict the system severity level for a given set of contingencies was proposed in [10]-
[12]. The application of multi-layer perceptron neural network to dynamic security 
contingency screening and ranking has been explored in [13],[14]. A back propagation 
trained multiperceptron for power system contingency screening and static-security 
assessment has been applied in [15]. Voltage contingency ranking using parallel self-
organizing hierarchical neural network is proposed in [16]. Fuzzified multilayer perceptron 
network is developed in [17], [18] for voltage contingency screening and ranking. 
Contingency evaluation and monitoring using multilayer perceptron, radial basis function 
networks and Kohonen’s self-organizing maps is proposed in [19]. 

The main advantage of the proposed method over the other artificial-intelligence (AI) 
methods reported in the literature is that the approach used in this paper determines power 
system security status, contingency screening and ranking at the same time with very less 
computation time and very high accuracy considering wide range of operating scenarios. In 
this paper, a two stage cascade neural network is developed for fast contingency analysis. 
Post contingent PI values are calculated for each load pattern and corresponding to each 
line outage, by performing full AC load flow. The method determines the appropriate PI to 
measure the system deviation from the normal or steady state by identifying the 
transmission lines that violate the limits. Since power system is dynamic in nature, the 
ranking for both PIs is obtained separately to understand the affect of each for a particular 
contingent case. Stage I employs a four-layered neural network is trained with Levenberg-
Marquardt backpropagation algorithm for input-output mapping for PI calculations. Stage II 
is designed with KSOFM for classification task so that contingencies (PIs) may be 
classified as secure or insecure. Results of the contingency analysis by the proposed method 
are compared with those obtained by the classical performance index method. Once the 
network is trained and evaluated, this method can provide a fast contingency screening and 
requires much less calculations as compared to the traditional method. Results on IEEE-39 
bus New England system are presented to illustrate the effectiveness of the proposed 
method. The success rate is higher than any of the KSOFM based methods proposed earlier. 
The proposed model for contingency analysis is found to be suitable as a decision making 
tool for on-line applications at the Energy Management Systems. 

2. STATIC SECURITY ASSESSMENT 

Static security assessment (SSA) of a power system addresses whether, after a 
disturbance (contingency), the system reaches a steady state operating condition that does 
not violate given system operating constraints. The load flow is solved for various types of 
disturbances and the results are compared with the system constraints. During power 
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systems normal operating conditions the following constraints for generator must be 
satisfied: 

∑ i PGi  = PD + PL                                                                             (1) 

                 ∑ i QGi  = QD + QL 

     where PGi and QGi are the real and reactive powers of generator at bus i ; PD and QD, 
are the total real and reactive load demands; PL and QL, are the real and reactive losses in 
the transmission network. Inequality constraints must always be imposed on the system to 
ensure secure operation. All bus voltages must be bounded, all line currents must not 
exceed the respective thermal limits, and all generator power outputs must be limited. 
These constraints can be expressed as  

 

Vmin < Vj < Vmax            for j =1 to NB 

Sl < S l max                     for l =1 to NL                                  (2) 

Pi,min < Pi < Pi,max         for i =1 to NG 

Qi,min < Qi < Qi,max       for i =1 to NG 

where Vj is the voltage at bus j ; Sl is the apparent power of line l ; NB, NL and NG are the 
number of buses, lines, and generators respectively. Equation(1) corresponds to power 
balance constraints, while (2) corresponds to system operational constraints, represented by 
limits imposed to nodal voltage magnitudes, real and reactive power flows at system 
branches and transformers. The system operating state is classified as secure if constraints 
(1) and (2) are satisfied for a given operating scenario (base case) and also for post-
contingency scenarios else classified as insecure. Constraints (1) and (2), when referred to 
the post-contingency scenarios, are also known as security constraints. The general optimal 
power flow solution is simply economic dispatch problem that can be stated as, minimizing 
the objective function, 

                                  ∑ i Fi (PGi)                                                                                    (3) 

where Fj is the cost function of the ith generating unit subject to constraints (1) and (2). 

3. CONTINGENCY ANALYSIS 

In contingency analysis, user specified outage is examined to assess the effect of 
contingencies on the system security and to alert the system operators about the critical 
contingencies that violate the equipment operating limits. The process of identifying these 
critical contingencies is referred to as contingency Selection. Contingency selection 
identifies the critical contingencies among them and ranks them in order of their severity. 
Two popularly used methods for contingency selection are screening methods and ranking 
methods. Screening methods are based on the use of an approximate network solution to 
identify cases causing limit violations. The ranking of insecure contingencies in terms of 
their severity is known as contingency Ranking. Most of the literature on contingency 
ranking based on analytical methods show that the ranking by PI methods are widely 
accepted. The severity of the contingency is indicated by scalar Performance Indices (PIs) 
which measure system stress in terms of load bus voltage violations or transmission line 
overloads. Therefore, two types of PIs are defined here to measure the system security [1]. 
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3.1 Voltage - Reactive Power Performance Index (PIVQ)  

Voltage-reactive power performance index evaluates the severity of a contingency 
derived from the voltage limit violation of a bus or node and the reactive power generation 
limit violation of the generator at a node. System loading conditions greatly influence the 
voltage magnitudes and reactive powers at different buses. Therefore, reactive power 
production of the generating units can provide a good measure of the severity of abnormal 
voltages as long as the generating units remain within their reactive power limits. PIVQ 
corresponding to each load pattern and for each single line outage indicating voltage 
deviation from the scheduled voltage at the load buses and reactive power violations at the 
generator buses, consisting of two summing terms, defined by 
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M
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where  

              ΔVi
Lim    =  Vi -Vi

max  for Vi > Vi
max 

                   = Vi
min –Vi for Vi < Vi

min    

Vi        post contingent voltage at the ith bus,  
Vi

Sp  specified (base case) voltage magnitude at bus i, 
Vi

max      maximum limit of voltage at ith bus,  
Vi

min      minimum limit of voltage at ith bus,  
NB  number of buses in the system, 
WVi        real non-negative weighting factor (=1),  
M (=2n)  order of the exponent for penalty function. 
 
The first summation is a function of only the limit violated buses chosen to quantify 

system deficiency due to out-of limit bus voltages. The second summation, penalizes any 
violations of the reactive power constraints of all the generating units, where 

 
Qi    reactive power produced at bus i, 
Qi

max  maximum limit for reactive power production of a generating unit, 
NG    number of generating units, 
WGi     real non-negative weighting factor (=1).  

3.2 Line MVA Performance Index (PIMVA) 

System loading conditions greatly influence the power flow in different lines, and hence 
performance of the system. Line MVA performance index (PIMVA) indicating the extent of 
line overloads is defined by  

                      PIMVA = 
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where 

Si
post    post-contingent MVA flow of line i, 

Si
max   MVA rating of line i, 

NL    number of lines in the system, 
WLi         real non-negative weighting factor (=1).  
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For the determination of line flow PI as given by (5), the summation is carried out only 
for overloaded lines. Masking and misranking effects can be avoided to some extent by 
using higher order performance indices and optimal selection of weights for performance 
indices. For this study, the value of n is fixed at 2. In order to classify the power system 
static security status, four different security levels have been considered; normal (Class A), 
alert (Class B), emergency1 (Class C, correctable contingencies), emergency2 (Class D, 
non-correctable contingencies). Based on the calculated PIs, the system security status can 
be determined. 

4. NEURAL NETWORK APPROACH 

The proposed cascade NN model is a parallel interconnection of different neural 
network architectures. A brief overview of these is presented below. 

 
4.1 Multi Layer Perceptron (MLP) Neural Network 

A multilayer perceptron is a feed forward artificial neural network model that maps sets 
of input data onto a set of appropriate output. The multi-layered neural network operates in 
two modes: Training and testing. In the training mode, a set of training data is used to 
adjust the weights of the network interconnections so that the network responds in a 
specified manner. In the testing mode, the trained network is evaluated by the test data. The 
back propagation (BP) learning algorithm is the most frequently used method in training 
neural network [20]. Learning occurs in the perceptron by changing connection weights 
after each point of data is processed, based on the amount of error in the output compared 
to the expected result. The error measure error in output node j in the nth data point is ej(n) 
= dj(n) – yj(n) ,where d is the target value and y is the value produced by the perceptron. 
The corrections to the weights of the nodes based on those corrections which minimize the 
error in the entire output, is given by 
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Using gradient descent, change in each weight is  
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where yi is the output of the previous neuron and η is the learning rate, which is selected 
such that the weights converge to a response fast enough, without producing oscillations. 
The derivative to be calculated depends on the induced local field vj (the weighted sum of 
the input synapses), which itself varies. For an output node this derivative can be simplified 
to 
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where Φ’ is the derivative of the activation function described above. The analysis is 
more difficult for the change in weights to a hidden node, but it can be shown that the 
relevant derivative is 
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This depends on the change in weights of the kth nodes, which represent the output layer. 
So to change the hidden layer weights, the weights of the output layer must be changed first 
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according to the derivative of the activation function, this algorithm represents a back 
propagation of the activation function. 

4.2 Self Organising Feature Map (SOFM) 
 

A self-organizing feature map (SOFM) is a type of artificial neural network that is 
trained using unsupervised learning to produce a low-dimensional discretized 
representation of the high-dimensional input space of the training data, called a Kohonen 
map. Self-organizing maps are different from other artificial neural networks in the sense 
that they use a neighbourhood function to preserve the topological properties of the input 
space [8],[9]. SOM consists of an array of units (nodes or neurons) arranged in a grid, and 
maps a high dimensional input space to a low dimensional output space. Associated with 
each node is a weight vector of the same dimension as the input data vectors and a position 
in the map space. The mapping of the SOM is done by feature vectors associated with each 
unit j, whose weight matrix, wj = [wj

1 wj
2 …….wj

n], where n is the dimensionality of the 
input data. The feature vectors are structured in a neighbourhood grid. Like most artificial 
neural networks, SOFMs operate in two modes: training and mapping. Training builds the 
map using input data. It is a competitive process, also called vector quantization. Mapping 
automatically classifies a new input vector. At each presentation of input data, x = [x1 x2…xn 
], every neuron of the network calculates a scalar activation function which depends on the 
input and on its own weight vector wj. This function is chosen to represent Euclidean 
distance between the input and the weight vector of the neuron under consideration. The 
winning unit is the one with the largest activation and its weight vector lies closest to the 
input vector. For Kohonen SOFMs, not only the winning unit’s weights, but all the weights 
in a neighbourhood around the winning units are updated. The size of the neighbourhood 
generally decreases after each iteration. 

 
The unsupervised self organization algorithm is as follows: 

(1) Initialize the weight vectors to random values. 

(2) Present a new input vector. 

(3) Compute the Euclidean distance dj between the input and   the weight on each output 
unit j: 
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where xi(t) is the input to the ith input unit at time t and wj(t) is the weight  from the ith 
input unit to the jth output unit. 

(4) Obtain the output unit k with minimum distance defined by 

                                           
)min( jj

dk =                                                                         (11) 

     (5) Update weights of node k and its neighbours 

            ))()()(()()()1( twtxtttwtw jijj −Ω+=+ η                                        (12) 

where η(t) is the learning rate parameter (0 < η (t) < 1) that decreases with time. Ω(t) 
gives the neighbourhood region around the node k at time t. Gaussian function can 
be used as the neighbourhood function defined by 

                        
)

2
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where pj and pk are the positions of the output units j and k respectively, and σ 
reflects the scope of the neighbourhood. 
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(6)  If neighbourhood function ≥ ε go to 2; else, stop. 

5. PROPOSED METHODOLOGY 
5.1  Data Generation 

The flowchart of the proposed method is presented in Figure 1. The steps followed for 
security assessment and contingency analysis are: 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

                     

 

Figure 1.  Data generation for security assessment and contingency analysis 

 
(1) A large number of load patterns are generated by randomly perturbing the real and 

reactive loads on all the buses and real and reactive power generation at the 
generator buses. 

Yes 

Yes 

Yes 

No 

No 

No 

(N-1) Contingency Selection (q=1to n) 

Run Newton Power Flow for each qth contingency 

Calculate Performance Indices (PI ) :  PIVQ & PIMVA 

Save pattern for qth contingency and its 
security status (pth load case) 

Is q = n ? 

Is p = m ? 

End 

p=p+1 

q=q+1 

count=count+1 

Random load variation (100% to 160% of Base Case),  p=1 to m 
Run Optimal Power Flow. Set operating state variables PG, QG 

Is count=z?  

For the same load case, run each contingency for 
count up to z. Set count=1 

Power System Test Case 
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(2) During simulation, the system load has been changed from 1.0 (base case) per unit 
to 1.6 per unit of base case in steps of 0.025. Optimal power flow (OPF) for each 
load case is solved to obtain the operating state defined by the variables PG, QG. 
Here,  m = 1.6 

(3) A contingency set consisting of all credible contingencies are considered. For each 
operating condition, a contingency is simulated. N-1 contingency is the most 
common event in power systems and therefore, only single-line outages are 
considered here, with n=46 (number of transmission lines). 

(4) Single line outages corresponding to each load pattern are simulated by full AC 
load flow (Newton Power Flow) and the violations of operating limits of various 
components are checked. Keep the load level constant and simulate each 
contingency several times to obtain a wide range of operating scenarios. Here, 
z=10. 

(5) The post-contingency state of the system is obtained for each contingency to 
calculate the performance indices (PIVQ and PIMVA). The obtained values are 
normalized between 0.1 and 0.9 for each contingent case.  

(6) The system state, contingency type, and the corresponding PI values are stored for 
every operating point and for all the contingencies of a credible contingency set. 

5.2 Feature Selection  

The performance of any neural network mainly depends upon the good selection of input 
features for training. It is essential to reduce the number of inputs to a neural network and 
to select the optimum number of inputs, which are able to clearly define the input-output 
mapping. For large-scale power systems, the number of input variables may be extremely 
large, making the training process infeasible. It is observed that in the event of line outage 
in a power system, line-flows changes drastically on a number of lines. Therefore, post-
outage real power flow of all the transmission lines and the line outage number of the 
system are considered as input features and PIs are taken as an output feature. The input 
variables chosen are usually available as measurements and may be processed in real-time 
using the state estimator results or even raw measurements.  

5.3  Training and Testing Patterns 

Off-line power flow calculation results corresponding to each contingent case are used 
to construct the training patterns. The load patterns were generated by randomly changing 
the load at each bus and generation at PV buses accordingly. Single line outage 
contingencies are considered in this paper for on-line ranking, as they are the most frequent 
in occurrence. The PI values will be used as target values for ANN of Stage I for training. 
PI values are normalized between 0.1 for non-critical and 0.9 for most critical case for each 
load pattern. For some line outages, load flow solution failed to converge at some loading 
condition. Such line outages are placed at the top of the ranking list with PI value as 0.91. 

5.4 Cascade Neural Network 

The block diagram of the proposed cascade neural network is shown in Figure 2. The 
network consists of two stages as: 

(1) Stage-I: Estimation of Performance Indices 

This stage employs multi-layer perceptron network with three hidden layers trained with 
Levenberg–Marquardt back propagation algorithm to obtain performance indices (PIs): 
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PIVQ and PIMVA. A four-layer feed forward artificial neural network is trained to estimate the 
performance indices (PIs).The off-line results of full AC load flow are used to obtain the 
normalized input data (Pflow, post contingent real power flow of all the lines) along with 
normalized PIVQ and PIMVA value corresponding to the contingent line are used for training 
of the MLP network. Once the training of the neural network is successfully accomplished, 
the estimation of PIs for unknown load patterns is almost instantaneous. For each case, 
PIVQ and PIMVA are generated in an off-line mode by using the full AC load flow 
calculations. Each input vector [yi] is of the following form: 

             [yi] = [ Pflow1,……….Pflow(N-1), LO]                                         (14) 

where, Pflow is Post-contingent real power flow of all the lines/branches for 1 to N-1 
lines, LO is Contingent line number, N is Number of branches/lines in the system. The 
output vector [yo] of the proposed ANN (Stage I) that contains two elements, PIVQ and 
PIMVA, is of the following form: 

                      [yo ] = [PIVQ, PIMVA]                                                       (15) 

 
Figure 2. Proposed Cascade Neural Network for Contingency Analysis 

 

 (2) Stage-II: Security Assessment and Contingency Analysis 

This stage employs SOFM for classification task (screening), so that contingencies (PIs) 
may be classified either as secure or insecure. The outputs of Stage-I are passed as the 
inputs for this stage, that is, PIVQ to SOM-1 and PIMVA to SOM-2.The output determines 
whether a pattern (contingency) belongs to a particular Class: A,B,C,D. Thus contingency 
analysis and security assessment are performed simultaneously. Since for the same 
contingency, some cases may be critical from PIVQ point of view, but non-critical if only 
PIMVA is used to assess security and similarly for some other cases security margin is found 
to critical from PIMVA point of view and non-critical from index PIVQ. Therefore, separate 
ranking is obtained for PIVQ and PIMVA. Only 2 SOFM’s (2x2-neuron map) have been used 
to correctly map the whole data set composed of 10000 samples. The neural classifiers are 
able to select potentially critical contingencies that lead to system operational problems. 

6. SIMULATION RESULTS 

The proposed strategy is tested on the IEEE-39 bus New England system [21]. The 
system has 10 generators, 12 transformers, 46 transmission lines. For line contingency 
screening and ranking, 11,500 patterns were generated from 25 system topologies by 
varying the loads at all the buses and generation randomly in the range of 100–160% of 
their base case values (in steps of 2.5%).For each system topology, corresponding to 46 
single line outages are simulated 10 times, 460 (46x10) to obtain different operating 
conditions resulting in total 11,500 (460x25) patterns. Contingency analysis has been 
performed by utilizing the post-contingency data and the line performance indices for each 
load scenario and each outage at a time. Out of 11,500 patterns, 905 patterns correspond to 
the cases where Newton Raphson (NR) failed to converge, and, therefore, these cases have 

Class (PIVQ) 
LO No.     

PIVQ  

PIMVA   

Stage II Stage I 

Pflow 
(All lines)  MLP 

(PI Calculation) 

Class (PIMVA) SOM-2

SOM- 1 
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been excluded from the training data. A total of 10,000 patterns have been taken to analyze 
the performance (training and testing) of the proposed model.  

The test results of the proposed cascade neural network for contingency analysis is 
shown in Table I to III. It is observed from Table I that the normalized values of PIs 
obtained by Stage I of the proposed network are close to desired values obtained from the 
NR method. The results of Stage II indicates that the column corresponding to the security 
status/contingency ranking obtained by cascade NN for different loading conditions is 
almost the same as that obtained by the NR method. SOM effectively clusters the patterns 
as a function of their severity for each contingency as indicated in Table II. For each 
contingency, trained SOM (a 2x2-neuron map), carries out a very clear pattern 
classification in correlation with its PI. After training and testing the above 10,000 patterns 
the four clusters formed by Kohonen self organising feature map are indicated in Table II. 

               Table I: PI Calculations and Contingency Analysis Results 
Case 
( In % 
of Base 
Case) 

 
Pattern 
No. 

 
Line 
No. 

              STAGE I 
           PIVQ                         PIMVA 
   NR               MLP           NR           MLP  

    STAGE II :Rank 
     PIVQ            PIMVA 
 NR  SOM1  NR SOM2 

152.5% 83 25-37 0.2995 0.3006 0.2890 0.2974 C C C C 
157.5% 6074 21-22 0.2150 0.2015 0.7879 0.7019 B B D D 
145% 277 19-33 0.2548 0.2581 0.2707 0.2695    C C C C 
155% 1046 19-33 0.3888 0.3861 0.3454 0.3497 C C C C 
155% 6928 21-22 0.2067 0.1799 0.6987 0.6645  B B D D 
160% 1603 16-19 0.3932 0.3198 0.3504 0.3320    C C C C 
107.5% 2034 23-36 0.1034 0.1018 0.1065 0.1010    A A A A 
152.5% 7518 21-22 0.1860 0.1710 0.6580 0.6426    B B D D 
157.5% 3050 21-22 0.2335 0.2122 0.7828 0.7006 B B D D 
155% 3527 19-33 0.6373 0.6323 0.3981 0.4008 D D D D 
BC 9913 16-17 0.1003 0.0995 0.1000 0.1033 A A A A 
160% 2189 20-34 0.4564 0.4701 0.4006 0.3976 D D D D 
147.5% 1077 21-22 0.1584 0.1528 0.5637 0.5757 B B D D 
130% 102 23-24 0.1070 0.1077 0.2177 0.2175 A A B B 
152.5 5095 22-35 0.6243 0.6259 0.3728 0.3728 D D D D 

 
               

  Table II: Mapping Obtained by SOFM for PIVQ and PIMVA 
Total Operating States (10000) 

 SOM1 (PIVQ)  SOM2 (PIMVA) 
Learning Set Test Set Learning Set Test Set 

4000 6000 4000 6000 
Static Security Mapping:                                         PIVQ                                                                            PIMVA                                           
Class A (Normal) < 0.1276 < 0.1603 
Class B (Alert) 0.1276-0.2351 0.1603-0.2492 
Class C (Emergency 1) 0.2351-0.4450 0.2492- 0.3797 
Class D (Emergency 2) > 0.4450 > 0.3797 
Number of Cases: PIVQ  
 

                     CLASS                                                                         (A)           
(B)            (C)             (D) 

NR 8321         1404           224             51 
SOFM 8269         1473           203             55 
Number of Cases: PIMVA  
 

                     CLASS                                                                         (A)           
(B)            (C)             (D) 

NR 4687         3046           1878           389 
SOFM 4714         3035           1858           393 
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The performance of the model is evaluated using the Success Rate (SR) which is defined 
as the ratio of successfully classified operating points to the number of operating points 
tested, the False Alarms (FA) rate which is the ratio of secure operating points classified as 
insecure to the number of secure operating points, and the Missed Alarms (MA) rate which 
is the ratio of insecure operating points classified as secure to the number of insecure 
operating points. Table III gives the performance evaluation of proposed cascade neural 
network. The results show that the output of the proposed network presented excellent 
performance, with very few occurrences of false alarms or missed contingencies.  

      Table III: Performance Evaluation of the Cascade Neural Network 
STAGE I : MLP 

Total operating scenarios 10000 
Number of training samples 4000 
Number of testing samples 6000 
Number of features selected 
Number of hidden layers 
Number of hidden neurons 
Momentum factor 
Learning  rate 

46 
03 

32-20-1 
0.90 
0.07 

Regression (Training Data) 0.9981 
Regression (Validation Data) 0.9956 
Regression (Test Data) 0.9968 
Computation time(s) for testing 27.8404 

STAGE II : SOFM 
Total operating scenarios 10000 
Number of training samples 4000 
Number of testing samples 6000 

SOM1 (PIVQ) SOM2 (PIMVA) NR       
Secure Insecure 

NR         
Secure Insecure 

8321(Secure) 8269 121 4687(Secure) 4714 72 
1679(Insecure) 70 1731 5313(Insecure) 99 5286 
Classification Performance Evaluation:      PIVQ                                        PIMVA                                

Success Rate(SR)     98.09% (9809/10,000)        98.29% (9829/10,000) 
False Alarms (FA)    1.45%   (121/8321)              1.53%   (72/4687) 
Missed Alarms(MA)    4.16%   (70/1679)                1.86%   (99/5313) 

 
7. CONCLUSIONS 

This paper proposes a fast and accurate cascade ANN approach for on-line application to 
power system security assessment and contingency analysis. The proposed approach has 
been tested on the IEEE-39 bus New England system, considering different operating 
scenarios. The contingency analysis results indicates ability of the methodology to screen 
all the critical contingencies with respect to static security and at the same time ability to 
rank/classify them correctly according to their severity, except for the cases having 
marginal values of PI. Thus system operator can determine the set of conditions under 
which a line-outage is critical along with its severity from the test results. The proposed 
network is capable of contingency ranking under uncertain loading conditions and is 
capable of performing similarly on even larger systems and can handle multiple 
contingency cases as well. 
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