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Abstract 
In view of the huge amount of calculation when the matching pursuit algorithm (MP) is 
applied to power quality detection, a matching pursuit algorithm based on the particle 
swarm optimization algorithm (PSO) is designed in this paper, which greatly reduces the 
computational complexity of the algorithm. In order to further improve the accuracy of 
power quality disturbance detection, the PSO-MP algorithm is optimized. Firstly, use 
Fast Fourier Transform (FFT) and Continuous Wavelet Transform (CWT) to determine 
the frequency, phase and perturbation point of the disturbance signal, and then use the 
PSO-MP algorithm to extract the characteristics of the disturbance signal. The simulation 
experiment results of a single disturbance signal and a composite disturbance signal 
show that the algorithm can adaptively extract the disturbance signal characteristics 
from the over-complete atom library, overcome the defects of the fixed-base signal 
decomposition mode, and is faster and more efficient and precise than the traditional 
MP algorithm. 
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1. Introduction 

In recent years, with the continuous development of science and technology, a large number of power 
electronic devices containing nonlinear and impact loads have been connected to the power grid, 
which has a certain impact on the power quality of the power grid. Therefore, it is very important to 
detect, identify and manage power quality disturbances quickly and accurately, and detection and 
identification are the basis for power quality problems. 

At present, many domestic and foreign scholars have proposed a large number of detection methods 
for the detection of power quality disturbances. Such as Fast Fourier Transform (FFT) [1], Short-time 
Fourier Transform (STFT) [2], Wavelet Transform (WT) [3-6], S Transform [7-8], Hilbert- Huang 
Transform (HHT) [9-11], Local Mean Decomposition (LMD) [12], etc. Compared with traditional 
detection methods, these advanced detection methods have significantly improved the accuracy and 
speed of detecting power quality disturbances. However, due to the complexity of the power quality 
disturbance itself, although the power quality disturbance detection method proposed at present can 
solve some of the problems, it still has shortcomings. The width of the STFT window function is 
fixed and lacks adaptability; although WT solves the problem of the single time-frequency resolution 
of STFT, it is difficult to choose an appropriate wavelet basis and decomposition layer; S transform 
is the inheritance and development of STFT and WT, It has good time-frequency analysis and anti-
interference ability, but its time-frequency resolution is low and the amount of calculation is large; 
HHT and LMD have good adaptability to non-stationary signal decomposition, but there is modal 
aliasing and no noise Robustness. Mallat and Zhang proposed a signal sparse decomposition method 
[13], which mainly uses functions of different waveform characteristics as basis functions to build a 
huge atom library, and then use the matching pursuit (MP) algorithm to select the atom that best 
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matches the signal to be detected from the atom library, so the main information of the original signal 
is accurately represented with the least number of atoms. The matching pursuit algorithm has good 
adaptability, and can also express the complex aliasing signals in the power system well. But it is a 
greedy algorithm that has the problem of a large amount of calculation [14]. 

In order to solve the problems of MP algorithm, this paper combines it with intelligent algorithm, and 
proposes a matching pursuit algorithm based on particle swarm optimization algorithm (PSO-MP) to 
reduce the amount of calculation and improve the calculation efficiency. At the same time, FFT and 
CWT are used to optimize it. FFT determines the frequency and phase of the disturbance signal, and 
CWT locates the disturbance time to narrow the search range of the PSO algorithm, thus further 
improving the efficiency and accuracy of the algorithm. 

2. Match Pursuit Algorithm 

2.1 Match Pursuit Algorithm 

The matching pursuit algorithm (MP) is currently the most commonly used algorithm in atomic sparse 
decomposition, which gradually extracts signal features through iteration [15]. In each iteration, 
search for the atom that best matches the original signal or signal residual in the over-complete library, 
and then project the original signal or signal residual on the searched atom to obtain a new generation 
of residuals. Stop the iteration if the difference is small enough. 

Suppose the signal to be detected is f and the length of the signal is N. Perform the inner product 
operation on the signal f and the atom gγ in the over-complete library in turn to find the atom gγ0 
with the largest inner product, that is, the atom most similar to the signal f, which can be expressed 
as the formula (1): 

 

0, max ,f g f g                                     (1) 

 

Project the signal f on gγ0 to obtain the residual R1 after projection, so the signal f can be expressed 
as formula (2): 

 
1

0 0,f f g g R                                        (2) 

 

Then continue to decompose the residual signal, and find the most similar basis function to the 
residual R1 in the over-complete library by doing the inner product operation, that is, the best 
matching atom gγ1, then the residual R1 can be expressed as formula (3): 

 
1 1 2

1 2,R R g g R                                       (3) 

 

Among them, R2 is the residual error obtained after 2 iterations. Continue to iterate. After k iterations, 
the signal f can be expressed as formula (4): 
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Among them, R0=f. When the signal length N is limited, the residual Rn will decrease exponentially 
with the increase of the number of iterations. When the residual is less than a certain threshold, the 
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iteration will be stopped, or the number of iterations can be set according to the actual situation. 
Finally, the signal f can be approximately expressed as formula (5): 
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                                       (5)  

 

Among them, (gγ0, gγ1, …, gγn) are the extracted signal features. 

2.2 Over-Complete Atomic Library 

Whether the matching pursuit algorithm can accurately extract the characteristics of the disturbance 
signal is based on whether the atom library is over-complete, so the selection of the over-complete 
atom library is very important. At present, the most widely used atomic libraries in the field of power 
quality signal analysis include sine-weight atomic libraries, short-term sine-weight atomic libraries, 
and attenuated sine-weight atomic libraries, etc. [16]. The over-complete library formed by the 
combination of these atomic libraries can contain most of the power quality disturbance signal 
characteristics. The three types of atomic libraries will be introduced one by one below. 

(1) Sine-weight atom library 

The atom generating function is: 

 

       t Kcos s eg t u t t u t t                                   (6) 

 

The atomic parameter γ= (K, ω, φ, ts, te), where K is the amplitude, ω is the frequency, φ is the phase, 
ts is the initial time, and te is the end time. 

(2) Short-term sine-weight atom library 

The atom generating function is: 

 

     t K s eg u t t u t t                                      (7) 

 

The atomic parameter γ= (K, ts, te), where K is the amplitude, ts is the initial time, and te is the end 
time. 

(3) Attenuated sine-weight atom library 

The atom generating function is: 

 

         t K cosst t
s eg e t u t t u t t

                                (8) 

 

The atomic parameter γ= (K, ρ, ω, φ, ts, te), where K is the amplitude, ρ is the attenuation coefficient, 
ω is the frequency, φ is the phase, ts is the initial time, and te is the end time. 

3. Matching Pursuit Algorithm based on Particle Swarm Optimization 

The MP algorithm is a greedy algorithm. Each iteration requires an inner product operation with each 
atom in the atom library. Assuming that for a signal with a length of 256, when only discretizing it 
into attenuated sine-weight atoms, the number of atom libraries reaches 512,000, and then using the 
MP algorithm to iterate 50 times, 25600000 inner product operations will be performed. The amount 
of calculation is huge, and the calculation speed is difficult to guarantee. In order to solve this problem, 
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a particle swarm optimization algorithm is introduced to simplify the calculation, without 
discretization, directly searching for the atom that best matches the original signal in the continuous 
space, which can greatly improve the efficiency of the algorithm. 

3.1 Particle Swarm Optimization Algorithm 

The particle swarm optimization algorithm (PSO) algorithm is optimized through an iterative process. 
In each iteration, each particle in each generation of the population can find the optimal solution by 
calculating the fitness function, and then update the speed and position of each particle to obtain the 
new generation of population, the iteration stops after reaching the maximum number of iterations, 
and the optimization is completed [17]. 

Assuming that the size of the particle swarm population is n and the space dimension is M, the 
particles fly at a certain speed in the M-dimensional solution space and search for the optimal solution 
in an iterative manner. The velocity and position of each particle in the M-dimensional space can be 
expressed as follows: 

 

 1 2, , ,i i i imv v v v                                     (9) 

 

 1 2, , ,i i i imx x x x                                   (10) 

 

Where vi is the velocity of the i-th particle, vim is the velocity of the i-th particle in the m-th dimension, 
xi is the position of the i-th particle, xim is the position of the i-th particle in the m-th dimension, i∈
[1, n], m∈[1,M]. 

The initial population is randomly generated, and the fitness value of each particle in the population 
is calculated according to the fitness function F(xi). The optimal position Pi of the individual and the 
optimal position Pg of the population can be obtained by comparing the fitness values. 

 

 1 2, , ,i i i imP P P P                                      (11) 

 

 1 2, , ,g g g gmP P P P                                     (12) 

 

Where Pim is the position of the m-th individual extreme point of the i-th particle, and Pgm is the 
position of the m-th global extreme point of the entire particle swarm. 

After the optimization is completed, update the velocity and position of each particle according to 
equations (13) and (14) to obtain the next generation of particle swarms. 

 

   1 1 1 1 1
1 1 2 2

k k k k k k
id id id id gd idv wv c rand P x c rand P x                           (13) 

 
1k k k

id id idx x v                                         (14) 

 

Where vidk is the d-dimensional velocity of the i-th particle after the K-th iteration, and xidk is the 
d-dimensional position of the i-th particle after the K-th iteration. c1, c2 are learning factors, generally 
c1=c2=2; rand1 and rand2 are two random numbers with a value range of [0, 1]; w is the inertia 
weight coefficient of the particle, w∈ [0, 1]. 
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Set the maximum number of iterations to max. After continuous iteration and update, the optimal 
solution can be obtained. 

3.2 Matching Pursuit Algorithm based on Particle Swarm Optimization 

In order to solve the problem of the huge amount of calculation of the MP algorithm, the PSO 
algorithm is used to replace the original method of traversing the entire atom library to find the 
optimal atom, which can effectively reduce the computational complexity of the original algorithm 
and improve the accuracy. In the PSO algorithm, the parameter γ= (K, ρ, ω, φ, ts, te) in the attenuated 
sine atom library is used as the optimal position of the algorithm. The particle position range is the 
range of atomic parameters. The absolute value of the inner product of the atom corresponding to the 
particle and the signal to be decomposed or the residual is taken as the fitness function of the algorithm. 
The specific steps of the algorithm are as follows: 

(1) Set the value of the inertia weight coefficient w and the learning factors c1, c2, randomly initialize 
a group of particle swarms with a population size of n according to the particle position range, and 
set the maximum number of iterations to max. 

(2) Calculate the fitness value of each particle according to the fitness function, select and save the 
optimal position Pi of the individual and the optimal position Pg of the population. 

(3) Update the speed and position of each particle according to formula (13) and formula (14) to 
obtain a new generation of population. 

(4) Calculate the fitness value of each particle in the new-generation population, and update the 
optimal position Pi of the individual and the optimal position Pg of the population. 

(5) Loop steps 2-4 until the maximum number of iterations is reached, and save the global optimal 
position after the iteration, that is the relevant parameters. 

(6) The matching parameter values based on the frequency, phase, and starting and ending points 
obtained from the search of the attenuated sine atom library are directly used in the calculation of 
sine-weight atoms and short-term sine-weight atoms, and then the three types of atoms corresponding 
to the current matching parameters are obtained. The three kinds of atoms are respectively made inner 
products with the signals to be decomposed or residuals, and then the atom with the largest inner 
product value among the three is taken as the best matching atom. 

(7) Back to the MP algorithm, project the to-be-decomposed signal on the best matching atom to 
obtain the residual error, and loop steps 1-6 until the number of iterations or the energy threshold of 
the MP algorithm is reached. 

3.3 PSO-MP Algorithm Optimization 

In order to further optimize the performance of the algorithm, use Fast Fourier Transform (FFT) and 
Continuous Wavelet Transform (CWT) to determine the frequency, phase and disturbance point of 
the disturbance signal at first, and then use the PSO-MP algorithm to extract the characteristics of the 
disturbance signal, which reduces the search dimension of the PSO algorithm and makes the 
disturbance signal detection more accurate. 

Firstly, use FFT to obtain the frequency ω and phase φ corresponding to the maximum value of the 
frequency spectrum, and set the parameter search range of frequency and phase to ω±5% and φ±5% 
respectively. Then use CWT to obtain the mutation point positions t1, t2,..., tn of the disturbance 
signal, set these moments as the starting and ending moments in turn, multiple optimization subspaces 
[t1, t2],[ t1, t3 ],...,[ t1, tn ],[ t2, t3 ],...,[ tn-1 , tn] can be obtained. Then search for the best matching 
atom in each optimization space in turn. Since the parameters ts and te have been determined, the 
optimization position at this time is composed of four parameters K, ρ, ω, φ. Use the PSO algorithm 
introduced in the previous section to search for the best matching atom, and perform the inner product 
operation on the best matching atom found in each subspace with the original signal or residual, 
compare the results and choose the larger one as the optimization result. Finally, go back to step 6 of 
the previous section and continue the loop iteration. 
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4. Experimental Results and Analysis 

This paper takes 5 common single power quality disturbance signals (voltage oscillation, pulse 
transient, voltage sag, voltage interruption, harmonics and inter-harmonics) and compound 
disturbance signals as examples to verify the algorithm. 

The mean square and error RMSE are used to measure the performance of the algorithm, which is 
defined as follows: 

 

 2
1

1
ˆ( ) ( )

N

i

RMSE y i y i
N 

                               (15) 

 

Where y (i) is the original signal without noise, y^ (i) is the reconstructed signal, and N is the signal 
length. 

Suppose the sampling frequency of the signal is 6400Hz and the signal length N=2048. Because the 
power system is affected by the objective environment during the actual operation, the measured data 
often contains noise. In order to simulate the actual situation, Gaussian white noise is added to the 
original signal, so that the signal-to-noise ratio is 25dB, the algorithm population is set to 100, and 
iterates 50 times. Construct the disturbance signal model according to the IEEE1159 standard. 

4.1 Single Signal Disturbance 

(1) Transient oscillation 

The expression of transient oscillation signal is as follows: 
 

     

     

100 0.0342t cos 100 / 3 0.6

0.0342 0.0758 cos 1000

tf t e

u t u t t

 



    

    
                      (16) 

 

Table 1. Atomic decomposition parameters of transient oscillation signal 

Atomic composition k/p.u f/H φ/rad p ts/s te/s 

1 1.0090 50 1.0467 0 0 0.3197 

2 0.6058 500 0 99.8055 0.03422 0.07578 

 

 
Figure 1. Decomposition result of transient oscillation signal 
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The result of decomposing the transient oscillation signal is shown in Figure 1, where f is the original 
signal, u1 is the decomposed fundamental wave component, u2 is the extracted transient oscillation 
disturbance, and ue is the residual signal containing white noise. The atomic decomposition 
parameters of the transient oscillation signal, see Table1, where K is the amplitude, f is the frequency, 
φ is the phase, p is the attenuation index, ts is the start time, and te is the end time. It can be seen that 
the difference between the detected waveform parameters and the simulation setting value is very 
small, the RMSE is 1.36%. The results show that the algorithm accurately extracts the signal features.  

(2) Pulse transient 

The pulse transient signal expression is as follows: 

 

       t =cos 100πt+ / 3 0.5 u t-0.1532 -u t-0.1543f                        (17) 

 

The result of decomposing the pulse transient signal is shown in Figure 2, where u2 is the extracted 
pulse transient disturbance. Table 2 shows the atomic decomposition parameters of the pulse transient 
signal, and the error is very small compared with the true value, the RMSE is 1.12%. The results 
show that the algorithm accurately extracts the signal features. 

 

Table 2. Atomic decomposition parameters of impulsive transient signal 

Atomic composition k/p.u f/Hz φ/rad p ts/s te/s 

1 1.0030 50 1.0475 0 0 0.3197 

2 -0.4987 500 0 0 0.1531 0.1544 

 

 
Figure 2. Decomposition result of impulsive transient signal 

 

(3) Voltage sag 

The voltage sag signal expression is as follows: 

 

        t cos 100 / 3 1 0.2 0.0852 0.1442f t u t u t                     (18) 
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The result of decomposing the voltage sag signal is shown in Figure 3, where u2 is the extracted 
voltage sag disturbance. Table 3 shows the atomic decomposition parameters of the voltage sag signal, 
and the error is very small compared with the true value, the RMSE is 1.2%. The results show that 
the algorithm accurately extracts the signal features. 

 

Table 3. Atomic decomposition parameters of voltage sag signal 

Atomic composition k/p.u f/Hz φ/rad p ts/s te/s 

1 0.9998 50 1.0478 0 0 0.3197 

2 0.2031 50 1.0441 0 0.08531 0.1441 

 

 
Figure 3. Decomposition result of voltage sag signal 

 

(4) Voltage interruption 

The voltage interruption signal expression is as follows: 

 

        t =cos 100πt+ / 3 1-0.945 u t-0.1532 -u t-0.2179f                   (19) 

 

The result of decomposing the voltage interruption signal is shown in Figure 4, where u2 is the 
extracted voltage interruption disturbance. Table 4 shows the atomic decomposition parameters of 
the voltage interruption signal, and the error is very small compared with the true value, the RMSE 
is 0.98%. The results show that the algorithm accurately extracts the signal features. 

 

Table 4. Atomic decomposition parameters of voltage interruption signal 

Atomic composition k/p.u f/Hz φ/rad p ts/s te/s 

1 1.0000 50 1.0473 0 0 0.3197 

2 0.9512 50 1.0469 0 0.1531 0.2180 
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Figure 4. Decomposition result of voltage interruption signal 

 

(5) Harmonics and inter-harmonics 

The expressions of harmonics and inter-harmonics signal are as follows: 
 

   
   

t =cos 100πt+ / 3 0.1cos(960π / 6)

0.15cos(300π ) [u t-0.0643 -u t-0.1069 ]

f t

t

   


                    (20) 

 

The result of decomposing the harmonics and inter-harmonics signal is shown in Figure 5, where u2 
is the extracted inter-harmonics disturbance, u3 is the extracted harmonics disturbance. Table 5 shows 
the atomic decomposition parameters of the harmonics and inter-harmonics signal, and the error is 
very small compared with the true value, the RMSE is 0.93%. The results show that the algorithm 
accurately extracts the signal features. 
 

Table 5. Atomic decomposition parameters of harmonics and inter-harmonics signal 

Atomic composition k/p.u f/Hz φ/rad p ts/s te/s 

1 1.0000 50 1.0474 0 0 0.3197 

2 0.1012 481.3 0.5230 0 0 0.3197 

3 0.1492 150 0 0 0.06422 0.1069 

 

 
Figure 5. Decomposition result of harmonics and inter-harmonics signal 
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4.2 Composite Signal Disturbance 

The expression of the compound disturbance signal including voltage sag, oscillating transient and 
harmonics is: 

 

 
 100 0.206

( ) (100 / 3) 1 0.2[ ( 0.0542) ( 0.0854)]

0.6 [ ( 0.206) ( 0.32)] (1000 ) 0.15 (300 / 4t

f t cos t u t u t

e u t u t cos t cos t

 

  

       

      ）
       (21) 

 

The decomposition results after 4 iterations are shown in Figure 6. The atomic decomposition 
parameters are shown in Table 6. In combination with Figures 6 and Table 6, it can be seen that u1 is 
the fundamental wave component, u2 is the voltage sag disturbance component, and u3 is the transient 
oscillation disturbance component, u4 is the harmonic component, and ue is the residual signal with 
white noise. Compared with the original parameters in Equation 21, it can be seen that the algorithm 
detects the fundamental wave and various disturbance parameters more accurately, and the RMSE is 
1.15%. 

 

Table 6. Atomic decomposition parameters of composite disturbance signal 

Atomic composition k/p.u f/Hz φ/rad p ts/s te/s 

1 0.9993 50 1.0474 0 0 0.3197 

2 0.2031 50 1.0480 0 0.05406 0.08531 

3 0.5967 500 0 100.499 0.2066 0.3197 

4 0.1522 150 0.7879 0 0 0.3197 

 
Figure 6. Decomposition result of composite disturbance signal 

 

Through the simulation and analysis of the above single and composite power quality disturbances, 
it can be seen that the method proposed in this paper not only has a good inspection effect on a single 
disturbance signal, but also can accurately detect and extract disturbance features for more complex 
composite disturbance signals. The average running time of the iteration is 1.053 seconds. Table 7 
shows the comparison of the decomposition effects of the two algorithms. Under the same software 
and hardware environment, the average running time of the MP algorithm is 37 times that of the 
improved algorithm. At the same time, the detection accuracy of the improved algorithm is increased 
by 15.4%, which proves the rapidity and accuracy of the PSO-MP algorithm. 
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Table 7. Comparison of the decomposition effect of traditional MP algorithm and PSO-MP 
algorithm 

Algorithm Operation hours/s Error/% 

MP 39.261 14.31 

PSO-MP 1.053 1.15 

5. Conclusion 

The matching pursuit algorithm is different from the traditional power quality detection algorithm 
that uses a fixed base to decompose the signal, but by constructing an over-complete set of functions, 
it can adaptively select the most suitable basis function from the function library to express the signal 
according to the signal characteristics. However, due to the huge amount of calculation in the 
algorithm itself, the MP algorithm is improved by using the PSO algorithm combined with FFT and 
CWT. The simulation results show that the PSO-MP algorithm not only greatly improves the 
calculation rate of the algorithm, but also can accurately extract the characteristics of the disturbance 
signal, and has a good performance in the detection of a single disturbance signal and a composite 
disturbance signal. 
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