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Abstract
In this paper, an improved one-against-one support vector machine algorithm is used to classify multiple power
quality disturbances. To solve the problem of parameter selection, an improved particle swarm optimization
algorithm is proposed to optimize the parameters of the support vector machine. By proposing a new inertia
weight expression, the particle swarm optimization algorithm can effectively conduct a global search at the
outset and effectively search locally later in a study, which improves the overall classification accuracy. The
experimental results show that the improved particle swarm optimization method is more accurate than a grid
search algorithm optimization and other improved particle swarm optimizations with regard to its classification
of multiple power quality disturbances. Furthermore, the number of support vectors is reduced.
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1. Introduction
The larger number of loads accessing the power system has caused a variety of problems for the power
grids, resulting in economic losses and having a strong social impact in recent years. This has made the
power providers and their customers more and more concerned about the problems of power quality.
Therefore, the classification of power quality disturbances (PQDs) is required in order to solve power
quality problems [1]. Frequently, a power quality disturbance is not just a single disturbance but is
comprised of a variety of disturbances. In the latter cases, this disturbance is called multiple disturbances
[2]. The classification of multiple PQDs includes extracting feature vectors and optimizing classifiers. At
present, the main methods of classifying multiple power quality disturbances include: neural network [3],
decision tree [4], and support vector machine (SVM) [5,6]. These classification methods are reliable but
the processes of feature extraction and construction of the classifier are complex, there is a long training
time for a neural network classifier and it is easy to fall into the local minimum. Although the decision
tree classifier can be accomplished quickly, the rules are complex and the model is difficult to deal with.
The SVM method is widely used to solve pattern recognition problems.
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SVM overcomes the disadvantages of the artificial neural network, which easily relapses into the local
optimal solution and has a long training time [7], and thus, we used SVM as the classifier in this paper.
However, the SVM classifier has currently not been matched with the best method to optimize the
parameters. Based on this problem, a new method of power quality disturbance classification method is
proposed based on an improved particle swarm optimization (PSO) algorithm for parameter
optimization of the SVM classifier.
The SVM method is used as a classifier to classify the PQDs in this paper. First, we use the wavelet
transformation method to extract and input the features of PQDs into the classifier. After this, the
improved PSO algorithm that we proposed is used to optimize the SVM. Finally, the power quality
disturbances are classified by using SVM classifier. The main difference between our approach and
previous approaches is that we proposed an improved PSO algorithm to optimize the SVM and applied
this improved SVM to classify PQDs to further improve the classifier performance.

2. Support Vector Machine
The SVM-based learning technique is slightly different from pattern-recognition problems in which
the desired output is a discrete value instead of the real value function. The SVM utilizes a linear function
set most problems are nonlinear in practice. The nonlinear separable problem can be mapped to a high
dimensional space by the kernel function, which can be divided into a linear separable problem. The
separation of two classes is performed by the optimal hyper plane [8].
The data set is T =  xi , yi  , xi  R n is the input vector and yi  +1,-1 is the output vector. The fuzzy
one-class SVM searches for a crisp hyperplane that separates the image of the target class from the origin:

f(x) = wT x + b

(1)

where w is weight and b is base [9]. Eq. (1), which is namely the hyperplane, is considered to be optimal
when the separating margin between two classes is at its maximum, which is achieved by computing:

1
2

 ( w)  min ||w||2

(2)

yi ( wT x + b)  1 ， i  1,2,, N

(3)

which is subject to:

Lagrange function method is used to optimize the above problem, which can be expressed as
followings:

L( w,b,a) =

N
1
|| w ||2 - ai [ yi (wT xi +b) -1]
2
i=1

(4)

where ai is a Lagrange multiplier and x i that corresponds to a non-zero ai is known as the support
vector [10]. When the data set is not linearly separable, a slack variable is introduced. Thus, Eq. (2) is
converted to Eq. (5).
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where C and i is the cost factor and slack variable, respectively.
When the data set is not linearly separable, the original data space is transformed into a high
dimensional space by using a conversion method. These transformations are performed by using kernel
functions. Therefore, Eq. (5) can be converted to the following expression:
N

Q(a)= max  ai i=1

1 N
 ai a j yi y j K ( xi  x j )
2 i, j=1

(6)

subject to:
N

ya

i i

=0

(7)

i=1

0  i  C，i  1,2,, N

(8)

where K ( xi  x j ) is the kernel function. The polynomial function, Gaussian function and radial basis
function (RBF) are the most commonly used kernel functions. We selected the Gaussian kernel function
as the kernel function of SVM, which can be expressed as follows:

K ( x  xi )  exp(

|| x  xi ||2
)
2 2

(9)

where σ is the bandwidth.
Since SVM is originally designed for the binary classification, when we use it to deal with the
multiclass problem, such as the classification of multiple PQDs that results in the observed power signals
containing several disturbance components at the same time, we should use a combination of several
binary classifiers to construct multiple classifiers. There are several methods of combining binary
classifiers in order to construct multiclass classifications. The most commonly used multiclass
classification method include the one-against-one method and the one against all method. This paper
uses the one-against-one method. However, the parameters σ and C have uncertain values in SVM, and
the selection of σ and C has a great impact on the classification results of the SVM method. Therefore,
this paper uses an improved PSO method to optimize the parameters σ and C in the SVM method. The
classification accuracy of power quality disturbances is used as the performance index for optimization.

3. Particle Swarm Optimization Algorithm
The PSO method that was first proposed in 1995. It is motivated by simulating the way in which a
swarm of birds search for food. The PSO method firstly randomly initializes the value of positions and
velocities for each particle, before every particle adjusts its velocity according to its neighbors and flying
experiences. This process can be expressed as the following:

vidt 1  wvidt  c1r1  ( pid  xidt )  c2 r2  ( p gd  xidt )
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x idt +1 = x idt + v idt +1

(11)

where vid , xid , pid and pgd are the velocity of particle, the current position of particle, best position of
single particle and the best position of the population respectively [11]. The parameters w and t are the
inertia weight and current iteration number, respectively. The parameters r1 and r2 are random positive
values that are less than one. The parameters c1 and c2 are constants.
The PSO method is a type of adaptive search optimization algorithm based on a group. The potential
solution of each optimization problem in the algorithm is called a "particle". The objective function
determines the fitness value of each particle. We use the classification accuracy of multiple QPDs as the
fitness value.
The process of particle swarm algorithm is expressed as follows:
1) Initialize all parameter values.
2) Calculate the fitness value of each particle.
3) Compare the fitness value of each particle with the optimal location of the history. The best fitness
value of the particle is used as pid .
4) If the fitness value of every particle is better than the best position of the population. The current
value is set to be pgd .
5) According to Eqs. (10) and (11), update the velocity and position of each particle.
6) If the number of iterations reaches its maximum, stop the algorithm. Otherwise, return to step 2.
Although the standard PSO has many advantages, it is very random and the diversity is poor. In
particular, it is difficult to obtain the global optimum solution for the PSO methods [12,13]. To overcome
this problem, we proposed an improved PSO method.

4. Improved Particle Swarm Optimization Algorithm
The inertia weight is one of the most important parameters for the PSO method, and it controls the
degree of historical factors in the current state. Different inertia weights have different effects on the
efficiency of the PSO. An increased inertia weight value will accelerate the speed of convergence. However
when this value becomes smaller, it will make the convergence efficiency of the PSO more accurate.
Setting the parameters properly can greatly improve the efficiency of the PSO method. Most researchers
use the linearly decreasing method to calculate the inertia weight in order to improve the performance of
the PSO method. These methods have better performance than the methods based on a fixed inertia
weight. Furthermore, it can also adjust the local and global optimization ability of the PSO method.
However, there are some disadvantages to linear transition as it does not truly reflect the particle search
process and the achieved results are not satisfactory. This paper puts forward an exponential decreasing
function in the iterative process.
The basic idea behind this method is described as follows. In the initial stage of the algorithm, particles
have a rapid searching speed. They expand into the global search space and determine the approximate
location of the optimal solution in the shortest time. As the inertia weight gradually decreases, the speed
of particles also slows. As the number of iteration increases, the inertia weight also gradually decreases.
The exponential inertia weight formula is shown as follows:
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k
w  A-1 * exp[(1- ) 2 ]
T

(12)

where A, T, and k are the amplitude modulation factor, the maximum iteration number, and current
iteration number, respectively.
Fig. 1 shows the inertia weight value with the change in the number of iterations. Where A  3 and
T  100 . It can be seen from Fig. 1 that the improved inertia weight has a rapid decline rate in the initial
stage, which results in the particles having a rapid searching speed and determining the approximate
location of the optimal solution in the shortest time. As the number of iteration increases, the value of
inertia weight gradually decreases which is good for fine search in a local area and improves the
performance of the algorithm.
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Fig. 1. The curve diagram of the change in the inertia weight with the iteration number.
Fig. 2 shows the fitness value with the change in the number of iterations. As shown in Fig. 2, in early
iterations, the fitness value obtained by the PSO method is bigger than our proposed PSO method, but
after 20 iterations, the fitness value obtained by the improved PSO is bigger than the PSO. This means
that the improved PSO method has better performance than the traditional PSO method. This shows that
our proposed PSO algorithm is effective.
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Fig. 2. The curve diagram of the change in the fitness with the iteration number.
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5. Parameters Optimization of SVM based on Improved PSO
The penalty parameter σ and bandwidth parameter C have uncertain values in the SVM classifier.
Therefore, we use the improved PSO method to optimize these parameters to obtain the optimal value.

xi1 and xi 2 are used to express the bandwidth parameter and penalty parameter, respectively. The range
of σ and C is set to [0.1, 100] and [0.1, 100], respectively. Furthermore, we set the maximum number of
iterations as 100 and the number of particles as 20.
The optimization of SVM parameters based on the improved PSO involves the follows:
1) Initialize the speed and position of the particle.
2) The corresponding A and B of each particle at the beginning are used in the SVM classifier.
Calculate the initial fitness value of each particle and the fitness value is the classification accuracy
of the disturbance.
3) Compare the individual fitness value and the historical optimal fitness value of each particle. If
the current fitness value is good, record the current σ and C values and update the system.
Otherwise, the σ and C values are unchanged.
4) Compare the current fitness values and the optimal fitness values of population of each particle.
If the current fitness value is good, record the current σ and C values and update the system.
Otherwise, the σ and C values are unchanged.
5) Update the velocity and position information of each particle according to the velocity and
position formula.
6) If the number of iterations reaches the preset maximum, the algorithm stops and outputs the
global optimal solution and the corresponding global optimal value. Otherwise, return to step (2)
and repeat.

6. Simulation and Analysis
We use 11 types of disturbance as the signals to be classified in this paper [14]. In this paper, the
extracted features of the above-mentioned 11 types of PQDs signals are input into the SVM classifier,
which uses our proposed PSO method to optimize the parameters of the SVM. Finally, the multiple PQDs
are classified by the improved SVM. The process of classification involves the following steps:
1) The normalized processed data is selected as the training sample while the bandwidth parameters
and the penalty parameters are given;
2) Use proposed PSO algorithm to optimize the above mentioned parameters and obtain the optimal
value;
3) Training samples are trained by the SVM model and the classification model is obtained;
4) Finally, the remaining samples are input into the trained classification model as test samples, and
the classification accuracy is obtained.
Table 1 provides the mathematical expression of the 11 types of disturbances. (D1) to (D11) are the
mathematical models of voltage sag, voltage interruption, voltage swell, harmonic, impulsive transient,
transient oscillation, voltage flicker, voltage sag with flicker, voltage swell with flicker, voltage sag with
harmonic and voltage swell with harmonic respectively. In the experiment, we set   100 , t1  0.071 ,
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t2  0.142 and T  2  . In the mathematical model, the u (t ) is a step function, and the parameters B,

3 , 5 ,  7 ,  and  are randomly generated from the specified ranges that are given in (D1) to (D11),
respectively.
In this paper, 11 types of PQDs that are constructed according to the above mentioned model are used
as the source signals to test the performance of the proposed classification method. The grid search
algorithm [15] and the improved PSO algorithm [16,17] are compared against the multiple power quality
disturbances classifications. We mainly focus on PSO algorithm so we did not compare the other swarm
intelligence algorithms [18–21] that can also be used to optimize the SVM and classify quality
disturbances.
Table 1. Mathematical models of power quality disturbance
Disturbance type

Mathematical model

Voltage swell

X ( t )  (1  B [ u ( t 2 )  u ( t1 )]) sin  t , T  t 2  t1  9 T , 0 .1  B  0 . 8

(D1)

Voltage sag

X ( t )  (1  B [ u ( t 2 )  u ( t1 )]) sin  t , T  t 2  t1  9T , 0.1  B  0 . 8

(D2)

Voltage interruption

X ( t )  (1  B [ u ( t 2 )  u ( t1 )]) sin  t , T  t 2  t1  9T , 0.9  B  1

(D3)

X (t )  sin  t   3 sin(3 t )   5 sin(5 t )   7 sin(7 t )

Harmonic

0.05   3  0.15, 0.02   5  0.1, 0.02   7  0.1

Impulsive transient

1  B  3,1ms  t 2  t1  3ms

Transient oscillation
Voltage flicker
Voltage
swell+harmonic
Voltage
sag+harmonic

X (t )  sin  t  B[u (t  t1 )  u (t  t 2 )]

X (t )  sin t  Be

10(t2  t1 )

sin10t[u (t2 )  u (t1 )]

0.5T  t2  t1  3T ,0.1  B  0.8
X (t )  [1   sin(  t )]sin  t , 0.05    0.1,0.1    0.3
X (t )  (1  B[u (t 2 )  u (t1 )])sin  t  sin( t )   3 sin(3 t )   5 sin(5 t )   7 sin(7 t )
0.1  B  0.8, T  t 2  t1  9T ,0.05   3  0.15,0.02   5  0.1,0.02   7  0.1
X (t )  (1  B[u (t 2 )  u (t1 )]) sin  t  sin( t )   3 sin(3 t )   5 sin(5 t )   7 sin(7 t )
0.1  B  0 .8, T  t 2  t1  9T , 0.05   3  0.15, 0.02   5  0.1, 0.02   7  0.1

(D4)

(D5)

(D6)
(D7)
(D8)

(D9)

Voltage swell+flicker

X ( t )  (1  B [ u ( t 2 )  u ( t1 )]) sin  t  [1   sin(   t )]sin  t
T  t 2  t1  9T , 0.05    0.1,0.1  B  0 . 8, 0.1    0.3

(D10)

Voltage sag+flicker

X (t )  (1  B[u (t 2 )  u (t1 )])sin  t  [1   sin(  t )]sin  t
T  t 2  t1  9T ,0.05    0.1,0.1  B  0 .8,0.1    0.3

(D11)

Table 2 provides the comparison of average accuracy and the total number of support vectors of
multiple PQDs using the original PSO and improved PSO with different amplitude modulation factors
A. The A is a parameter of inertia weight as shown in Eq. (12). There were 80 training samples for each
disturbance and 120 test samples.
From Table 2, we can see that the average classification accuracy of method based on the original PSO
is 93.9394% and the total number of support vectors is 478. However, for the method based on the
improved PSO method, when A=2.9 , the average classification accuracy is 94.3182% and the total
number of support vectors is 369. Furthermore, when A=3.0 , the average accuracy of the method based
on the improved PSO method is 94.7727% and the total number of support vectors is 325. When A=3.1 ,
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the average classification accuracy of the improved PSO method is 94.4697% and the total number of
support vectors is 386. When A=3.2 , the average classification accuracy of the improved PSO method is
94.3939% and the total number of support vectors is 406. Although the classification accuracy of the
method based on the improved PSO method and the number of support vector vary with different A
values, all accuracy values were higher for our PSO method compared to the method based on the original
PSO method while the number of support vectors is less than the original method. This shows that the
performance of classification method based on the improved PSO is better than the original PSO in terms
of accuracy and running time.
Table 2. Comparison results of different A values
Algorithm

Average classification accuracy (%)

Total number of support vectors

Original PSO

93.9394

478

A = 2.9

94.3182

369

A = 3.0

94.7727

325

A = 3.1

94.4697

386

A = 3.2

94.3939

406

Improved PSO

When the value of A is greater than 3 or less than 3, the classification accuracy will be reduced and the
number of support vectors will increase. This is because the value of A becomes larger and the maximum
and minimum values of the inertia weight will be larger. However, literature has shown that the optimal
value of the inertia weight is between 0.4 and 0.9 so the value of A was chosen to be 3 in this paper.
Table 3. Classification accuracy of various disturbance signals
Classification accuracy (%)
Disturbance type

Voltage sag

Original PSO

Grid search

Others
improved
PSO [16]

Others
improved
PSO [17]

Improved
PSO

100

100

100

100

100

Voltage swell

88.3333

90.8333

89.1667

89.1667

90.8333

Voltage interruption

86.6667

85.8333

88.3333

86.6667

88.3333

Harmonic

100

100

100

100

100

Impulsive transient

97.5

98.3333

97.5

97.5

98.3333

Transient oscillation

99.1667

99.1667

100

100

100

Voltage flicker

95

92.5

95

94.1667

94.1667

Voltage sag+harmonic

90

91.6667

90.8333

90.8333

91.6667

Voltage swell+harmonic

90

90

91.6667

91.6667

91.6667

Voltage sag+flicker

90

90.8333

89.1667

90

92.5

Voltage swell+flicker

96.6667

96.6667

94.1667

95

95

Average classification
accuracy

93.9394

94.1667

94.1667

94.0909

94.7727
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The classification accuracy of power quality disturbances based on different methods is shown in Table
3. There were 80 training samples of each disturbance and 120 test samples. As shown in Table 3, the
accuracies of voltage sag and harmonic disturbance are the same for different methods. For the voltage
swell disturbance, impulsive transient disturbance, voltage sag+harmonic, the proposed method has the
same accuracy as the grid search method, which is higher than others. For the voltage interruption
disturbance, the proposed method has the same accuracy of 88.3333% as the SVM method based on the
improved PSO [16] method, which is higher than others. For the transient oscillation disturbance and
voltage swell+harmonic, the proposed method has the same accuracy as the SVM methods based on the
improved PSO [16] and improved PSO [17] method, which is higher than others. For the voltage
sag+flicker, the proposed method has higher accuracy than the others. For the voltage flicker and voltage
swell+flicker, the proposed method has lower accuracy than other methods. Although our method has
lower accuracy for two types of disturbance signals, our method has the same or higher accuracy for the
other nine types of disturbance signals and the average classification accuracy of our method is 94.7727%.
This is higher than the accuracy of other methods, which is 93.9394%, 94.1667%, 94.1667% and 94.0909%,
respectively. This shows that our method has better performance.

7. Conclusion
In this paper, an improved PSO method is proposed and used to optimize the parameters of the SVM
to improve the performance of the power quality disturbances classification. The improved PSO
algorithm utilizes a new exponential function formula for determining inertia weight. In the initial stage
of the algorithm, a particle has a rapid searching speed. With a gradual decrease in the inertia weight, the
speed of the particles will be reduced and in the later stage, the rate of inertia weight gradually decreases.
This is advantageous in allowing for a continuous search of a local area and improving the performance
of the algorithm. The parameters of the SVM are optimized by the improved PSO algorithm before the
multiple power quality disturbances are classified. Compared with other improved PSO algorithms and
grid search algorithms, the average classification accuracy is enhanced by using the improved PSO
method. In addition, the total number of support vectors is also reduced.
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