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Power system security poses an important issue in planning and operation stages of a power system. 
Conventional method of security evaluation involves solving full AC load flow equations and transient stability 
analysis by time domain simulation. This technique is highly time consuming and infeasible for real time 
applications. The Pattern Recognition (PR) approach is recognized as an alternative tool for online security 
evaluation. This paper proposes a Support Vector Machine (SVM) based classification for transient security 
assessment. The proposed SVM-PR approach is tested on 9 Bus WSCC, 30 Bus and 57 Bus IEEE standard 
systems and the transient security status of the system is accessed. The performance of the SVM classifier is 
gauged in terms of measures like classification accuracy, execution time and misclassification rate and the 
results are compared with the Multilayer Perceptron (MLP) classifier. The proposed method helps to identify 
the most dominant system dependent features responsible for transient security classification and yields fairly 
high classification accuracy with less computation time. Further, the proposed approach can realistically be 
applied to large scale systems, as the number of input attributes selected for classification is independent of the 
system size.  

Keywords: Transient Security Assessment, Pattern Recognition, Support Vector Machine, Classifier, 
Cross-Validation. 

1. Introduction  

The growth of large interconnected power systems demands a high degree of security 
for normal operation. The current trend towards deregulation and the participation of many 
players in the power market are contributing to the decrease in the security margin [1]. This 
has made the security evaluation more important and demands the investigation of fast and 
reliable techniques to allow on-line transient security assessment (TSA). Security 
assessment is the analysis performed to determine whether, and to what extent, the system 
is reasonably safe from serious interference to its operation. Occurrence of certain severe 
disturbances may cause the system to go to an undesirable emergency state, if the system 
security is not well defined beforehand. Hence, effective control of power systems demands 
a quick security evaluation of their operating states [2].  

Power System Security is defined as the ability of the system to withstand unexpected 
failures and continue to operate without interruption of supply to consumers. A power 
system at any time can never be totally secure. It is always possible to devise a sequence of 
events that will lead to a total or partial collapse of the system. Single contingencies are 
more frequent than multiple contingencies [3]. Security analysis may be broadly classified 
as Static Security Assessment (SSA) and Transient Security Assessment (TSA). Static 
security analysis evaluates the post contingency steady state condition of the system 
neglecting the transient behavior and other time dependent variations. Transient security 
analysis evaluates the performance of the system as it progress after a disturbance. Analysis 
of rotor angle stability is an essential component in TSA. This paper focuses on transient 
security analysis of power system under unforeseen contingencies. 
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Transient security is one of the studied forms of dynamic stability [4]. Large scale 
power system networks are likely to be subjected to transient stability problems. 
Determination of transient stability status is largely dependent on direct method, viz., time 
domain simulation. This involves long computer time and hence inadequate for real time 
applications [5]. Direct methods are treated with suspicion because of the importance of 
control system limit action and other non-linearties in the simulation. A method is, 
therefore, required to access the security status using real time data in a short period [6]. 
Literatures have reported the use of Fuzzy Set theory [7-8] and various Artificial Neural 
Network (ANN) architectures for transient stability assessment [9]. The main shortcomings 
of ANN approach are its inability to deal with critical border line cases effectively and 
increased complexity involved for large scale systems. In recent years, the pattern 
recognition techniques are gaining much importance in this field. The existing pattern 
recognition methods for security evaluation are incapable of quickly predicting the future 
insecure operation because of the nature of pattern vectors used [2]. 

This paper presents the transient security evaluation problem as a two class Pattern 
Recognition (PR) problem. In the sense, a binary logic is used for defining the security 
status, ie., a given operating condition can be deemed to belong to either 
secure(1)/insecure(0) class. The pattern recognition method overcomes the shortcomings of 
traditional method and poses certain attractive features [10]. The main bulk of the 
simulation is done off-line to generate sufficient data for training set. Using the training 
data set, the classification function called security function is designed, from which system 
security can be judged in a very short time.  

As with any other physical system, a power system is described by a set of variables. 
The number and the nature of variables to describe the system will depend on the details 
with which we want to reproduce the system behavior as well as the size of the power 
system [11]. However, a great number of variables are always needed to represent a power 
system. The problem of high dimensionality is directly studied in the design of Pattern 
Recognition system. The final aim in designing the PR system for security evaluation is to 
predict the system security status with a small set of variables, called security indicators. 
The process of dimensionality reduction is performed by feature selection stage in the PR 
system. This paper uses a sequential method called ‘Single Ranking Method’ for selecting 
optimal feature variables useful for classification. 

Transient security evaluation is a complex non-linear problem, which have non-linear 
separating boundary between secure and insecure classes. To handle the problem of non-
linearity, use of Support Vector Machine is proposed for designing the classifier (decision) 
function in the PR system. SVM is a recently introduced machine learning tool suitable for 
classification and regression problems. The proposed SVM based PR approach is tested in 
WSCC 9 Bus, IEEE 30 Bus and IEEE 57 Bus standard test case systems. The classification 
results obtained by SVM are compared with the results of Multilayer Perceptron (MLP) 
classifier. SVM-PR classifier proved to give better classification accuracy and less 
misclassification rate. The SVM-PR technique, proposed in this paper, is found to be 
suitable for fast on-line security assessment. This is achieved by introducing a wide range 
of transient state variables in the pattern vector, independent of the system size. 

2. Transient Security Assessment 

The main goal in security analysis is to increase the power system’s ability to run safely 
and operate within acceptable economic bounds [12]. Power system security, as discussed, 
falls into two categories: static and transient. Static security (also referred as steady state 
security) is the ability of a power system to reach a new steady state without violating the 
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constraints after a contingency. Static security analysis evaluates the post contingency 
scenario of the system neglecting the transient behavior and other time dependent 
variations. The violations of thermal limits of transmission lines and bus voltage limits are 
the main concerns for static security analysis as given by equations (1) – (2), called as 
Security Constraints. 

max

1

;
GN

Gi D Loss km km
i

P P P S S for every branch k m
=

= + ≤ −∑                (1) 

min max 1, 2....k k k BV V V k N≤ ≤ =                   (2) 
where PGi is the real power generation at bus i, PD is the total system demand, PLoss is the 
total real power loss in the transmission, |Vk| is the voltage magnitude at bus k ; Skm 
represents the MVA flow in branck km ; nG and nB being the number of generators and 
buses respectively. For any given operating condition, security status is classified as ‘Static 
Insecure’ if any of the constraints (1) and/or (2) are violated, else labeled as ‘Static Secure’.  

Transient security is the ability of a power system to operate consistently within the 
limits imposed by the stability phenomena [13]. A set of most probable contingencies needs 
to be first specified for security evaluation. This set may include single line outage, 
generator outage, sudden increase in load, a three phase fault in the system [14]. In this 
paper, the system operating condition is disturbed by changing the load and the static 
security status is evaluated by checking the system variables for violations. Each operating 
condition declared as static secure is then tested for transient security status by applying 
three phase faults on all transmission lines, one at a time and monitoring the rotor 
oscillations using Time Domain Simulation (TDS) as shown in Fig. 1. 

 
Fig. 1 Transient Security Assessment (TSA) Process 

One of the primary requirements of reliable service in an electric power system is to 
retain the synchronous machines running in parallel with adequate capacity to meet the 
load. Transient security assessment consists of determining whether the system oscillations, 
following the occurrence of a fault or a large disturbance from a contingency set, will cause 
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loss of synchronism among the system generators [15]. Transient security assessment is a 
subset of transient stability of the power system. Transient stability pertains to rotor angle 
stability, where the stability phenomena are characterized by the rotor oscillations under a 
severe perturbation. The goal of TSA is to solve non-linear dynamic equations describing 
the transient behavior of the system under a set of credible contingencies. In this paper, 
each machine is represented by a simple classical model and loads are represented as 
constant admittances for studying the rotor dynamics of the system. 

In classical model representation, the motion of the generators is governed by a set of 
non-linear differential equations called ‘Swing Equation’ given by: 
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The expression for Pei is given by: 
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where,   Cij  =Ei Ej Bij  ;  Dij  =Ei Ej Gij ; δij = δi - δj (Ei - Internal Voltage of ith machine) 
There is a similar set of algebraic equations for the faulted system, where the network 
parameters Gii, Cij, Dij have different numerical values, depending on the fault. If the fault is 
cleared at t = tc, then we have 
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where, the subscripts f and pf denote the faulted and post-fault state respectively [16]. 

3. SVM Based Pattern Recognition Approach to TSA 

3.1 Pattern Recognition Approach 
Pattern recognition is defined as the ‘act of taking in raw data and taking an action 

based on the category of data’. Pattern recognition can be seen as a classification process, 
generally employed to reduce the computational requirements. The classical methodology 
of pattern recognition, shown in Fig. 2, consists of defining a pattern vector X whose 
components contain all significant variables of the system. A process of dimensionality 
reduction is performed to identify the most significant and uncorrelated set of components 
called ‘features’. This process is called feature selection [17]. The final step is to determine 
a security function S(x) called classifier, which does the job of classifying observations, 
relying on the selected features. Once the classifier is obtained, any new sample can be 
classified as secure or insecure very quickly without extensive computation. The terms 
secure and insecure refer to stable and unstable operating conditions respectively.    

 
Fig. 2 Block Diagram of Pattern Recognition (PR) Approach 
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3.2 SVM Based Pattern Recognition Approach to TSA 
The main objective of applying the pattern recognition method in transient security 

assessment is to reduce the computational requirements to a minimum. This is done at the 
expense of an extensive off-line computation. The bulk work done offline in a PR system 
is used to generate a set of characteristic operating points called ‘training set’ necessary to 
design a security function [18]. For any of the security modes, judgment of security 
depends on the two classes to which an operating state belongs: either secure/insecure. If 
the equation governing the surface separating the secure and insecure classes is evaluated 
as a security function, system security can be accessed at any time. This is the basic idea 
behind pattern recognition approach. Hence, we have two-class pattern recognition in the 
problem of security assessment. The sequence of processes carried out in the offline and 
online modes in applying the proposed SVM based Pattern Recognition (SVM-PR) 
approach to transient security evaluation is shown in Fig. 3. 
 

 
Fig. 3 SVM Based PR System for TSA (Offline and Online Mode) 

4. Design of SVM-PR System for TSA Problem 

4.1 Pattern Generation 
The most important task in the application of pattern recognition system is the selection 

of primary variables, forming the components of pattern vector. This vector is evaluated at 
many representative operating conditions to generate a good training set. The training data 
set patterns may be obtained either by off-line simulations or from real-time occurrences. 
In this work, we have generated sufficient train set and test set data samples by off-line 
simulations. Different operating scenarios are considered by varying the system load from 
50% to 200% of base load and the static security status is checked by running the load flow 
program. All static secure states are checked for transient security by simulating three 
phase faults on all transmission lines, one at a time and running the stability program. All 
variables describing an operating state constitute the components of pattern vector 
represented as X = {x1, x2, …, xn}. Evaluating the stability status, each pattern is labeled as 
belonging to one of the two classes – secure/insecure. 
 

The variables pertaining to the system dynamic behavior obtained from transient 
security assessment form the components of pattern vector. The system variables in the 
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pattern vector consist of three groups, A, B and C [19]. Group A corresponds to variables 
at the instant of fault application; Group B corresponds to variables at the instant of fault 
clearing and Group C to variables at the instant of few cycles after fault clearing time. We 
have considered 4 quantities in Group A, 7 quantities in Group B and 14 quantities in 
Group C. The total length of pattern vector is 25, irrespective of system size.  The 
description of the pattern variables included in each group along with their expressions is 
detailed in Table 1. 
 

Table 1 Details of Pattern Variables used for Transient Security Assessment 

 Pattern           Description Expression 
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Pmi    mechanical input power of ith generator  

0

f
eiP    electrical output power of ith generator during fault 

Mi    inertia constant of ith generator  

iδ    relative rotor angle of ith generator  

iω    relative rotor speed of ith generator 

Pi    accelerating power of ith generator 

 nG
   number of generators 

The subscript ‘0’ indicates the quantities calculated at fault application time (ta = 0 secs), subscript 
‘c’ indicates the quantities calculated at fault clearing time (tc = 0.25 sec), subscript ‘c+t1’and ‘c+t2’ 
indicates the quantities calculated at t1 instant (t1=0.03 sec) and t2 instant (t2=0.05 sec) after the fault 
clearing time. 

4.2 Feature Selection 
The number of system variables describing the power system state is quite large. 

Therefore, a need arises to extract few variables from the pattern vector, distinctive for 
each class. The variables extracted are called features, forming the components of feature 
vector represented as Z = {z1, z2, …, zm}. Feature selection is a process of dimensionality 
reduction, so as to use as few variables as possible and get a more concise representation of 
the system [20]. Features may be selected by engineering judgment. But such selections 
will be subjective with the possibility of important variables getting rejected. Hence, we 
use a sequential method called ‘Single Ranking Method’. This method consists of obtaining 
discriminating power of each variable and adding one variable at a time to current feature 
set [5, 8]. An acceptable simple criterion for selecting a variable as a feature is that it 
should provide more useful information for classification than other variables. This 
information content is measured by computing the F value as shown by equation (7). 

s is

s is

m m
F

σ σ
−

=
+                                                                  (7) 

 
where  ms (mis) mean of the variable in secure (insecure) class pattern. 
            σs (σis) standard deviation of the variable in secure (insecure) class pattern.           
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The Single Ranking (SR) method of feature selection begins with the computation of F 
value using equation (7) for all the variables (components) of pattern vectors based on the 
training set. The variable with largest F value is selected as the first feature, Z1 and the 
correlation coefficient between the selected feature and rest of the variables is determined. 
All variables that are highly correlated to Z1 (with correlation coefficient greater than 0.8) 
are discarded.  Now, from the remaining variables, the one with the largest F value is added 
as the second feature Z2 to the feature vector. This procedure is repeated until required 
number of features has been selected for classification task. 

4.3 SVM Based Classifier Design 
After selecting the desired features, the final step is to design a decision or classification 

function called as security function. The classifier represents the boundary between secure 
and insecure classes [21]. The design of the classifier is based on the design (training) set. 
This set is made up of a set of secure operating points S and a set of insecure operating 
points U. There are many training algorithms like least squares, linear programming, etc 
available to build the classifier. These existing algorithms, when tried, although less time 
consuming were found to have poor classification accuracy. The main requirements for a 
security function are ‘high classification accuracy’ and ‘less misclassification rate’. Hence, 
a need arises to devise a more suitable learning algorithm for designing the classifier. This 
led to the idea of applying the recently introduced machine learning tool called support 
vector machine in the classification stage of PR system. This section gives a brief 
introduction to SVM and the procedure to use SVM in the classification task. 

4.3.1 Overview of SVM 
Support Vector Machine (SVM) is a useful machine learning tool suitable for data 

classification. We briefly introduce the basics of SVM necessary for explaining our 
procedure. A classification task usually involves training and testing data, consisting of 
some data instances. Each instance in the training set contains one ‘target value’ (class 
labels) and several ‘attributes’ (features). The goal of SVM is to produce a model which 
predicts target value of data instances in the testing set when only their attributes are given 
[22]. SVMs are often found to provide better classification that other widely used pattern 
recognition methods, such as the maximum likelihood and neural network classifiers.  
 

Consider a supervised binary classification problem with N samples: ( ) ( ), .......... ,1 1x y x yN N  

where nx Ri ∈  belongs to one of classes { }1, 1yi ∈ − + . To classify the samples, SVM first maps 
the input points to a high dimensional feature space and finds a separating hyperplane that 
maximizes the margin between the two classes in this space as illustrated in Fig. 4. The 
hyperplane is determined by an orthogonal vector w and a bias b, which identifies the 
points that satisfies . 0Tw x b+ = . Many hyperplanes could be fitted to separate the two 
classes, but there is only one optimal hyperplane that is expected to generalize better than 
other hyperplanes [23]. Support Vectors needs to be defined to find this optimal separating 
hyperplane. Support vectors are points that lie on the two hyperplanes parallel to the 
optimal and are given by equation (8) 

. 1iw x b+ = ±                     (8)  
In most cases, classes are not linearly separable, and to handle such cases, a cost function is 
formulated to combine maximization of margin and minimization of error criteria, using a 
set of variables called slack variables, ξi. 
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Fig. 4 Illustration of Optimal Hyperplane SVM Classifier 

To construct the optimal hyperplane, SVM solves the following primal problem formulated 
as an optimization problem: 
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The training vectors, xi, are mapped into a higher dimensional feature space by the 
function, φ (·), called kernel function. Then SVM finds a linear separating hyperplane with 
the maximal margin in this higher dimensional space. C > 0 is the penalty parameter of the 
error term and w is the weight vector. Many kernel mapping functions like Linear, 
Polynomial, RBF and Sigmoid Neural kernels are available [24]. In general, the Radial 
Basis Function (RBF) kernel is the first choice of kernel function in most of the SVM 
models. This is because of the fact that RBF kernel takes the form of a Gaussian function, 
making it suitable for nonlinear system identification. In this work, RBF kernel function, 
expressed by equation (11) is chosen for training the SVM model. 
( ) ( )2

, e x p , 0i j i jK x x x xγ γ= − − >                        (11) 

Here γ is the spread parameter of RBF kernel. 

4.3.2 SVM Training Algorithm for Classification Task 
The procedure or steps in applying SVM for the problem of classification is discussed 
herein. 
 
1. Data Scaling / Preprocessing 

The input features in train set and test set needs to be scaled properly before applying 
SVM. This is important as the kernel values depend on the inner products of the feature 

class yi =-1 class yi = +1 

Support Vectors 
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( ){ }/ . 0x w x b+ =  
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( ){ }/ . 1x w x b+ = +  

w
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X2 

( ){ }/ . 1x w x b+ = −  
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vectors. Scaling will prevent the domination of any feature over the other because of higher 
numeric values involved and also avoid numerical difficulties during calculation. We 
recommend each attribute to be linearly scaled to the range of [0, 1]. 

 
2. Model Selection  
(a) Choice of Kernel 

The RBF kernel is chosen as a first choice because of its wide known accuracy. Further, 
it is capable of handling non-linear relation existing between the class labels and input 
attributes. The second reason is that RBF kernel, unlike other kernels, has only one kernel 
parameter, thereby reducing the complexity of model selection.  

 
(b) Adjusting the Kernel Parameters 

There are two parameters associated with RBF kernels: C and γ, playing a crucial role in 
SVM performance. The goal is to identify optimal (C, γ) so that the classifier can accurately 
predict the unknown data (test data). This can be achieved by a technique called Cross-
Validation. In a v-fold cross validation, we divide the whole training set into v subsets of 
equal size. Sequentially one subset is tested using the classifier trained on the remaining v-1 
subsets. Thus, each instance of the train set is predicted once and the cross-validation 
accuracy is the percentage of data that are correctly classified [25]. This cross-validation 
procedure can prevent the over-fitting problem. In this study, we used a grid search on C 
and γ using 5-fold cross validation. All pairs of (C, γ) was tried and the one with highest 
cross-validation accuracy was selected. We also realized that trying exponentially growing 
sequences of C and γ is a practical method to identify optimal parameters. We have used 
the sequence C = {2-5, 2-3,…., 215} and γ = {2-15, 2-13,…., 25} in the SVM experiment. 

 
3. Training and Testing the SVM Model 

The SVM model is trained using the chosen RBF kernel with optimal parameter 
determined and scaled input-output data samples. The choice of kernel could be influenced 
by the size of training data. Once the performance of the designed SVM model is found to 
be satisfactory in the training phase, the model is validated using the test data samples 
generated to assess its overall performance. 

5. Performance Evaluation of Classifier 
The performance of SVM classifier model is gauged by calculating the following 

performances measures for training, testing and combined (training and testing) sets. 
 
(1) Mean Squared Error (MSE) 

( )2

1

1 ;
N

k k k k
k

MSE E E DO AO
N =

= = −∑                   (12) 

N No. of samples in the data set 
DOk Desired Output obtained from off-line simulation 
AOk Actual Output obtained from the SVM classifier model 
 

(2) Classification Accuracy (CA) 
It gives a percentage measure of number of samples in a given data set that are 
classified correctly as given by equation (13). 

      
No. of samples classified correctly

Classification Accuracy(%) = x 100
Total no. of samples in the data set

            (13) 
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(3) Misclassification Rate 
The misclassification rate is judged by evaluating the following two error measures. 
 

(i) Secure Misclassifications or False Dismissal (SMC) 
It gives a measure of number of insecure states being wrongly predicted or classified as 
secure states. 

       
No. of 0's classified as 1

SM C(%) = x 100
Total no. of insecure states (0s)

                                        (14) 

(ii) Insecure Misclassifications or False Alarm (ISMC) 
It gives a measure of number of secure states being wrongly predicted or classified as 
insecure states. 

       
N o . o f 1 's classified as 0

IS M C (% ) = x 100
T otal no . o f secure states (1s)

                          (15) 

In power system security evaluation, the false alarms do not bring any harm to power 
system operation. On the other hand, in case of false dismissals, the effect of system 
operation becomes unknown and hence failure of control actions may lead to a severe 
blackout [26]. It is, therefore, important to ensure that the false dismissals are kept at 
minimal. The classification system must be efficiently designed to meet this requirement. 

6. Implementation 
The proposed SVM based Pattern Recognition (SVM-PR) approach for transient 

security classification is implemented in three standard test cases – WSCC 9 bus Anderson 
system [27], IEEE 30 bus and IEEE 57 bus systems [28-29]. The generator data of the test 
cases are given in Appendix. The MVA limit of all transmission lines and transformers in 
each test case is taken as 130% of the base case MVA flow. The security limit for bus 
voltage magnitude is assumed to be in the range of 0.90 pu to 1.10 pu. The SVM classifier 
model is designed and tested using LIBSVM software package [22].  

6.1 Data Generation 
Data generation for PR system is obtained through off-line simulation by developing 

programs using Matlab 7.0 package. Different operating conditions are considered by 
varying the system active load from 50% to 200%, in steps of 5%, of base case load and 
distributing it among all the load buses according to its base value. Static security status is 
accessed for each feasible operating condition by running the Newton Raphson load flow 
program and evaluating the security constraints (given by equations (1)-(2)). Each static 
secure case is subjected to transient security analysis by simulating a set of transient 
disturbances (3φ faults) on all lines, one at a time, both near sending bus and ending bus. 
The faults are applied at 0 sec and cleared after 15 cycles (with system freq. 60Hz) by 
opening the faulted line. A classical model of constant voltage behind d-axis transient 
reactance is used in the transient stability program and the numerical integration technique 
adopted for solving the system dynamic equations is the 4th order Runge Kutta method. For 
any transient disturbance, if the relative rotor angle of any generator with respect to slack 
generator does not exceed 1800 after the instant of fault clearing, then the corresponding 
data pattern is classified as Transiently Secure (TS), else Transiently Insecure (TI). 

6.2 Design of SVM Model 
The variables pertaining to the system transient behavior, as discussed in section 4.1, 

obtained from transient stability program are recorded, forming the components of pattern 
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vector. The components of the pattern vector having higher discriminating power are 
identified by Single Ranking Method, thereby yielding the feature vector for classifier 
design. The data set in the feature vector is randomly split into two parts - train set and test 
set. The SVM model is built for transient security assessment problem using the training 
data samples. The performance of SVM classifier depends on the type of kernel function 
and its parameters. In this work, Radial Basis Function (RBF), given by equation (11), is 
selected as the kernel function and optimal value of parameters (C,γ) are obtained by the 5-
fold cross validation procedure already described in the SVM algorithm. Quadratic 
Programming (QP) method is used to solve the optimization problem defined by equation 
(9) in the training phase of SVM model. Once the training process is finished, the SVM 
classifier designed is rated for overall performance by subjecting to the randomly generated 
test set samples, whose class labels are not known. 

6.3 Results and Observations 
Table 2 shows the results of data generation obtained by off-line simulation and feature 

selection stage of the pattern recognition system for all the test cases studied. It can be seen 
that for WSCC 9 bus system, out of 31 feasible operating scenarios, 10 are identified as 
Static Secure (SS) and remaining 21 as Static Insecure (SI) states. The transient security 
analysis of the 10 SS states generated 57 Transiently Secure (TS) and 63 Transiently 
Insecure (TI) cases. The total of 120 operating scenarios is randomly split into train set and 
test set samples. The sample size of train set is 104 and that of test set is 16 for WSCC 9 
bus system. Similar explanation holds good for all test cases. The number of features 
selected from the pattern vector, as seen from Table 2, is quite less and is evident from the 
figure of Dimensionality Reduction (defined as the ratio of number of components in the 
feature vector to that in the pattern vector). The list of features selected (by single ranking 
method) in the order of their dominance for classification is also listed in Table 2. This 
reduced optimal feature set serves as an input database for the design of classifier function. 

Table 2 Results of Data Generation and Feature Selection in PR system for TSA 
 

                               Case Study   WSCC 9 Bus IEEE 30 Bus IEEE 57 Bus 
Total Operating Scenarios 31 31 21 
Static Secure (SS) Cases 10 12 11 

SS
A 

Static Insecure (SI) Cases  21 19 10 

Transiently Secure (TS) Cases 57 790 603 

Transiently Insecure (TI) Cases 63 26 783 

 T
SA

 

Total operating scenarios 120 816 1386 

No. of Samples chosen for Train Set 104 796 1362 

No. of Samples chosen for Test Set 16 20 24 

No. of Pattern Variables 25 25 25 

No. of Features Selected 10 12 11 

Feature Variables Selected X15 , X13 , X21 , 
X3 , X24 , X11, 
X7 , X1 , X18 , 

X25 

X3, X21 , X2 , 
X13 , X6 , X24, 
X25, X19 , X12 , 
X4 , X18 , X14 

X22 , X24 , X19 , 
X5 , X7 , X17, 
X25, X23 , X10 , 

X4 , X2 

Dimensionality Reduction 40 % 48 % 44 % 
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Table 3 shows the results of classification in training, testing and combined phases for 
the test case systems studied. The results of SVM classifier are compared with that obtained 
by Multilayer Perceptron (MLP) neural classifier [30]. The MLP network is designed and 
trained using Neural Network toolbox in Matlab 7.0. The design consists of a hidden layer 
with 30 neurons of ‘tansig’ transfer function and an output layer of ‘hardlim’ function 
limiting the classifier’s output to 1/0. The network is trained with Levenberg Marquardt 
algorithm (Learning Rate = 0.05, Performance Goal = 0.001, Epochs = 600). Fig. 5 (a) & 
(b) shows the cross validation plot of the SVM classifier trained with RBF kernel function 
for IEEE 30 Bus and IEEE 57 Bus systems respectively. As seen from Fig.5, the optimal 
values of SVM parameters for a cross-validation accuracy of 100% for IEEE 30 Bus 
system, are Penalty parameter, C = 214

 = 16384 and RBF kernel parameter, γ = 2-1 = 0.5 and 
that for IEEE 57 Bus system, are C = 215

 = 32768 and γ = 2-4 = 0.0625.  
 

Table 3 Performance Evaluation of SVM and MLP Classifiers 

WSCC 9 Bus IEEE 30 Bus IEEE 57 Bus Case Study   

Classifier  SVM MLP SVM  MLP SVM MLP 
CA (%) 98.079 

(102/104) 
85.577 
(89/104) 

99.874 
(795/796) 

98.367 
(783/796) 

100.00 
(1362/1362) 

71.953 
(980/1362) 

MSE 0.0192 0.1442 0.0013 0.0163 0.0000 0.2805 

SMC (%) 3.7736 
(2/53) 

28.3021 
(15/53) 

3.8462 
(1/26) 

50.000 
(13/26) 

0.0000 
(0/764) 

50.000 
(382/764) 

ISMC (%) 0.0000 
(0/51) 

0.0000 
(0/51) 

0.0000 
(0/770) 

0.0000 
(0/770) 

0.0000 
(0/598) 

0.0000 
(0/598) T

ra
in

in
g 

Ph
as

e 

Time (s) 0.0219 9.0313 0.0279 12.0711 0.0493 18.4051 

CA (%) 100.00 
(16/16) 

75.00 
(12/16) 

100.00 
(20/20) 

100.00 
(20/20) 

100.00 
(24/24) 

62.500 
(15/24) 

MSE 0.0000 0.2500 0.0000 0.0833 0.0000 0.3750 

SMC (%) 0.0000 
(0/10) 

40.000 
(4/10) 

0.0000 
(0/0) 

0.0000 
(0/0) 

0.0000 
(0/19) 

47.368 
(9/19) 

ISMC (%) 0.0000 
(0/6) 

0.0000 
(0/6) 

0.0000 
(0/20) 

0.0000 
(0/20) 

0.0000 
(0/5) 

0.0000 
(0/5) T

es
tin

g 
Ph

as
e 

Time (s) 0.0051 0.0227 0.0048 0.0227 0.0051 0.0282 

CA (%) 98.333 
(118/120) 

84.167 
(101/120) 

99.8775 
(815/816) 

98.407 
(803/816) 

100.00 
(1386/1386) 

71.7893 
(995/1386) 

MSE 0.0167 0.1583 0.0021 0.0159 0.0000 0.2821 

SMC (%) 3.1746 
(2/63) 

30.1587 
(19/63) 

3.8462 
(1/26) 

50.000 
(13/26) 

0.0000 
(0/783) 

49.9361 
(391/783) 

ISMC (%) 0.0000 
(0/57) 

0.0000 
(0/57) 

0.0000 
(0/790) 

0.0000 
(0/790) 

0.0000 
(0/603) 

0.0000 
(0/603) 

O
ve

ra
ll 

C
la

ss
ifi

ca
tio

n 

Time 
(secs) 

0.0270 9.0540 0.0327 12.094 0.0543 18.429 

Further study was carried out by evaluating the performance of the classifier trained 
with first two dominant feature variables selected, instead of training with all the feature 
variables. Table 4 shows the performance analysis of SVM and MLP classifiers designed 
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and tested with different number of selected feature variables for a larger test system, viz., 
IEEE 57 system. It is identified that the first two dominant features, giving more 
information for classification, in case of IEEE 57 Bus system are X22 : ω12max  and X24 : 
a12max. The SVM classifier, when trained with these two features alone, proves to give 
higher classification accuracy and less secure misclassification rate, compared to the MLP 
classifier. The performance of the SVM algorithm improves further, as we include more 
input features for the task of classification. In all the cases, it is well seen that the SVM 
classifier gives a satisfactorily good performance in terms of high accuracy and less false 
dismissal rate, even with less number of features. Thus, the proposed SVM-PR system 
proves to satisfy the important requirements of a good classification system. This is evident 
from Table 4. Moreover, the time taken by SVM algorithm is quite less when compared to 
MLP classifier, even for a large size system. This makes the SVM algorithm more suitable 
and reliable for on-line implementation.  

    
                  (a) IEEE 30 Bus System                                                          (b) IEEE 57 Bus System 

Fig. 5 Selection of Optimal values of SVM Parameters (C,γ)  

Table 4 Performance of SVM and MLP Classifiers with Reduced Features - IEEE 57 Bus System 

7. Conclusion 
In this paper, SVM based Pattern Recognition (SVM-PR) approach for on-line transient 

security assessment of power systems is presented. The security system designed based on 
the proposed SVM classifier proves to meet all the requirements of a complete security 

 Features   
 

m = 2   
(F1= [X22 , X24] ) 

m = 4   
( F1 ; F2 = [X19 , X5] ) 

m = 8  
(F1, F2 ; F3 = [X7 , 

X17, X25, X23] )  

m = 11 (all)  
(F1,  F2,  F3; F4 = [X10 

, X4 , X2] ) 

 Classifier   SVM MLP SVM MLP SVM MLP SVM MLP 
CA (%) 95.815 67.244 98.629 66.234 99.928 69.119 100.00 71.789 
MSE 0.0418 0.3280 0.0317 0.3380 0.0007 0.3090 0.0000 0.2820 
SMC (%) 6.2580 57.982 0.6386 59.770 0.0000 54.662 0.0000 49.936 
ISMC (%) 1.4975 0.0000 2.3217 0.0000 0.1658 0.0000 0.0000 0.0000 
Time (secs) 0.7450 9.1226 0.2512 15.857 0.0561 10.436 0.0540 18.429 
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assessment system. The proposed SVM-PR model is tested on WSCC 9 Bus, IEEE 30 Bus 
and IEEE 57 Bus standard test cases. Simulation results clearly show that high accuracy 
classifiers are realizable with SVM algorithm. The CPU time consumed during training 
and testing phases of SVM model is very less, making it feasible for on-line 
implementation. Further, the SVM classifier gives less misclassification rate compared to 
MLP or any other equivalent algorithms, thereby reducing the chances of failure of control 
actions. The results of SVM classifier provide around 100% accuracy, even while trained 
with few numbers of input features. Thus the proposed method is suitable for real time 
transient security assessment of large scale systems. The future work will focus on the 
application of SVM technique for on-line dynamic security assessment and classification.   
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Appendix 

 
Test Case 1: WSCC 9 Bus Anderson System 
Generator Data: 

Gen No. Bus No. Pmin (MW) Pmax (MW) Ra (p.u.) Xd’ (p.u.) H (sec) 
1 1 10 250 0.000 0.0608 23.64 
2 2 10 300 0.000 0.1198   6.40 
3 3 10 270 0.000 0.1813   3.01 

 
Test Case 2: IEEE 30 Bus System 
Generator Data: 

Gen No. Bus No. Pmin (MW) Pmax (MW) Ra (p.u.) Xd’ (p.u.) H (sec) 
1 1 0 360 0.003 0.180 3.50 
2 2 0 140 0.003 0.200 2.70 
3 5 0 100 0.003 0.180 3.01 
4 8 0 100 0.003 0.180 3.50 
5 11 0 100 0.002 0.240 3.20 
6 13 0 100 0.003 0.190 3.00 

 
Test Case 3: IEEE 57 Bus System 
Generator Data: 

Gen No. Bus No. Pmin (MW) Pmax (MW) Ra (p.u.) Xd’ (p.u.) H (sec) 
1 1 0 575.88 0.0000 0.250 4.00 
2 2 0 100.00 0.0000 0.200 3.00 
3 3 0 140.00 0.0000 0.200 3.00 
4 6 0 100.00 0.0000 0.250 5.00 
5 8 0 550.00 0.0000 0.200 2.50 
6 9 0 100.00 0.0000 0.200 3.00 
7 12 0 410.00 0.0000 0.250 5.00 

 
 


