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Abstract

Regarding the poor anti-interference and high requirement for input signals of Prony
algorithm, we proposed a method for identification of low-frequency oscillation-mode
parameters in power systems based on Ensemble Empirical Mode Decomposition (EEMD)
and Prony algorithm. First, relying on EEMD's high ability against modal aliasing, we
decomposed the original signals based on the size of frequency range, then identified the IMF
containing the dominant mode by using the weight of signal energy, finally analyzed the IMF
using Prony algorithm and thus obtained the modal parameters of low-frequency oscillation
signals. Compared with the traditional Prony algorithm, this algorithm exhibits high noise
resistance, a smaller number of orders and higher computing speed. The validity and
superiority of this algorithm were validated by applying to modal identification in the noise
signals of four-machine two-area systems and in the analog signals of Sichuan power grids.
Key words: LOW-FREQUENCY OSCILLATION, EEMD, PRONY, SIGNAL ENERGY,
MODAL IDENTIFICATION

1. Introduction

The scales of power systems in China are
expanding along with the rapid development of
power industry, which raises the requirements for
system monitoring and control. Also along with the
expansion of long-distance transmission and weak
networking, the poor-damping low-frequency
oscillation becomes a bottleneck that restricts the

transmission capacity of interconnected power
grids [1]. Rapid accurate monitoring and analysis
of systematic low-frequency oscillation will
facilitate the understanding of systemic dynamic
properties and performance and provide a reference
basis for prevention and monitoring [2].
Wide-Area Measurement System (WAMS)
as a novel stability control technique offers a new
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information technique platform for monitoring,
analysis and control of large-scale power systems.
However, the concern for engineering technical
personnel is which algorithm can be applied into
online identification and rapid accurate alarming of
low-frequency oscillation [3-5]. The existing
WAMS-based algorithms include real-time fast
Fourier transform (FFT), wavelet algorithm, Prony
algorithm, and Hilbert-Huang transform (HHT).
However, FFT cannot process non-stationary
signals or reflect the damping characteristics of
oscillation[6]. Wavelet algorithms[7] can reveal the
time-varying performance of oscillation, but it is
faced with problems of low resolution and
difficulty in selection of wavelet basis [8]. Prony
algorithm applied into modal analysis of low-
frequency oscillation can well identify stationary
signals, but it is noise-sensitive and cannot
adaptively reflect the time-varying performance of
oscillation mode [9]. In response to these
disadvantages, various improved Prony algorithms
[10-13] have been proposed, but they are still faced
with low antinoise performance and difficulty in
model order determination. HHT [14] for analysis
of nonlinear non-stationary signals applied into
modal analysis of low-frequency oscillation can
highlight the instantaneous frequency and well
identify time frequency [15, 16]. However, the
problem faced by Empirical Mode Decomposition
(EMD) is the mode confusion. EMD cannot
effectively separate 2 modes with a frequency
difference within 1-fold [17, 18]. For analysis of
low-frequency oscillation in power systems, this
limitation is serious because the between-mode
frequencies are probably very close. Ensemble
Empirical Mode Decomposition (EEMD) [19] can
effectively solve this problem.

In this paper, we proposed an algorithm for
identification of low-frequency oscillation modal
parameters in power systems combining EEMD

and Prony algorithm. The core ideas are the
pretreatment of actual trajectory using EEMD and
the extraction of dominant modal parameters. First,
EEMD was used to stabilize non-stationary
measured data, thus obtain axisymmetric
component IMFs, and identify the IMF of
dominant mode using signal energy weight criteria.
Then Prony algorithm was used to extract low-
frequency oscillation modal parameters from the
IMF of the dominant mode. The results show that
the pretreatment with EEMD is very rapid and
simple, and can largely improve the mode
identification precision without enhancing the
computation burden.

2. The ensemble empirical mode
decomposition

2.1 Intrinsic mode function (IMF) and
Ensemble Empirical Mode Decomposition
(EEMD)

Location EMD was modified to EEMD to
solve modal aliasing [20]. The principle is that
since Gaussian white noise is homogeneously
distributed, white noise can be added to make
signals continuous at different scales and reduce
modal aliasing. The specific decomposition steps
and principles are as follows [21]:

(1) Repeatedly add white noisen,(t) into
the original signal x(t) (standard deviation [SD] of
white noise is 0.1- to 0.4-fold of that of original
signal) with mean 0 and constant amplitude SD:
X (t) = x(t) +n; (t) 1)
where x; (t) is the Gaussian white noise added at the
i-th time. The size of the added white noise will
directly affect the signal EEMD and avoid modal
aliasing.

(2) Decompose x (t) using EMD to obtain
IMFc; (t) and a remainder termr, (t) . wherec; (t) is
the j-th IMF decomposed after the addition of the
i-th Gaussian white noise.

(3) Repeat steps 1 and 2 N times. Since the
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statistical average of uncorrelated random series is
0, the above corresponding IMFs were used in
EEMD to alleviate the effects of multiple Gaussian
white noise on real IMF, and the IMF after EEMD
is:
1

¢;(t) :Wgcii (2)
where c, (t)is the j-th IMF after the original signal
is decomposed using EEMD. A larger N will make
the sum of IMFs closer to 0. Then the EEMD result
is:

X=X, +r() 3)

where r(t)is the final residual component,
reflecting the average trend of signals. With
EEMD, any signal x(t) can be decomposed into the
sum of several IMFs and a residual component. The
eigenmode component c,(t)(j=12,.....) reflects
the components from high to low frequency, and
each frequency range contains specific frequency
components, which change with the variation of
oscillation signal x(t) .

2.2 Dominant mode recognition using
EEMD

According to Parseval's theorem in signal

spectrum analysis [22-23], we can obtain the
energy of IMF-component signal E, . . :

imf i
Eynr :J:|fi,j(tj)|2 dt:Zm”Xivjr (4)
=

where x; ; (i=number of IMF components; j is the

number of scattered sampling points) is the
amplitude of scattered point of IMF component
f,().

The dominant oscillation mode was
searched for using the energy weights of all IMF

(2) Since the low-frequency oscillation of power
systems is mostly in compound mode, we concern
the dominant mode with the smallest damping ratio
and large oscillation amplitude. In this paper, with
the maximum IMF oscillation energy as the index
for qualitative analysis, we extracted from the
EMD results the IMF with large energy weight as
the dominant mode, while ignored the other
components with low energy. The weight of IMF
energy is expressed as follows:

n; :EiL(i)x100% (6)

IMF

3. The classic Prony analysis

With  Prony algorithm, the linear
combination of p complex exponential functions
with random amplitude, phase, frequency and
attenuation factor was used to fit uniformly-spaced

sampling data x(1)...... X(N):
&(n) = ibi Zin (7)

where b = Ae', z, =e @ 17N A o ., and
are the amplitude, phase, attenuation factor and
frequency; £(n) is the estimated value of x(n), At
is the sampling interval, and p is the number of
orders.

To make the fitted signal utmost approach
the original signal, with the principle of least
square error:

minge = 3 [x(n) - £0)]) (8)

When N>2p, from Eq. (8), we can compute
the amplitude, phase, attenuation factor and
frequency, which is an issue of solving nonlinear
least squares problem. When zis regarded as the
root of a linear constant-coefficient difference
equation, then z, satisfies a characteristic equation:

v(@)=Y a2 =0 ©)

Equation (7) is the homogeneous solution
of a constant-coefficient linear difference equation,

components:
(1) Find the signal energy E, (i) of each
IMF, and also:
Ewe = Z i () (5)
i=1
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which can be deduced from a series of
mathematical transformations:

ﬁ(n):—iaif(n—i)(pSnsN—l) (20)
Equation (10) can be unfolded to the form
of matrix:
Hp) - ¥(0) 1 #(p)

[ Hp+D) (1) a|_| &p+D)

(11)
AN-1) - BN-p-1)ja, AN -1)

From Eq. (11), then we can solve a; by

substituting to Eqg. (8), then we solve z and

substitute it to Eqg. (7), thus identifying the
following parameters:

a; =In|z|/At
f, =arctan[Im(z;)/Re(z;)]/27At 12)
A :|bi|

6, =arctan[Im(b, ) /Re(b, )]

4. ldentification of low-frequency
oscillation mode based on EEMD and Prony

During identification of low-frequency
oscillation mode, though the traditional and
improved Prony algorithms can be used as a filter
[11-13], they are noise-sensitive. When noise is >
40 dB, no accurate results can be obtained [24].
Then scattered Kalman filtering [25] and low pass
filtering [3] pretreatment algorithms were
proposed. However, a system model is needed by
Kalman filtering, while the real inputted signals are
mostly non-stationary and their real characteristics
are largely unknown. To use a low-pass or band-
pass filter, we first need transformation between
time domains or frequency domains, and pre-
determine the filter's cutoff frequency and signal
broadband, which make it difficult to determine the
filter's parameters and the required system model if
only depending on the real inputted signals. EEMD
can effectively isolate the noise from the real
signals, extract the similar low-frequency
oscillation modes, and find the IMF containing the

dominant mode depending on the weights of IMF
energy. Finally, Prony algorithm was used to
extract  low-frequency  oscillation  modal
parameters from the IMF containing the dominant
mode.

The algorithm combining EEMD and
Prony algorithm for analysis of low-frequency

oscillation modes of power systems is showed in

Initial signal

Ensemble Empirical Mode Decomposition
(EEMD)

v

Intrinsic mode function(IMF)

v

Weight of IMF Energy

v

Dominant mode recognition

v

Classic Prony analysis

Extract modal
parameters

Figure 1. Flow chart of mode analysis based on EEMD

Figure 1.

and Prony

5. Simulation study

5.1 Four-machine two-area system

With an 11-node system as example, the
application of EEMD/Prony into identification of
low-frequency oscillation in power systems based
on noise-like signals was validated via simulation.
The system's connection diagram is showed in
Figure 2 and the specific parameters were
introduced in Ref. [1]. A simulation system based
on Matlab platform was built; the terminal of
generator set G1 was added with reactive power
disturbance of 20 Mvar at 0.5 s and relieved after
0.5 s, with reference power of 1000 MW. The
generator's electromagnetic power fluctuated
greatly when the simulation proceeded for more

© Metallurgical and Mining Industry, 2015, No. 6

79



Automatization

than 24 s, leading to increasing oscillation, gradual
loss of synchronization with the system, and finally
to system splitting.

Areal Area2

1 2 4 8 9

10
413MW Gs
—

900MVA 110km 110km

20kV/230kV Gy

G,

Figure 2. Four-machine two-area system wiring

diagram.

To simulate the small-amplitude random
disturbance in a real power system, we randomly
injected at all load sites with small-disturbance
power signals, which were obtained from Gaussian
white noise using a low-pass filter. The active
power curve outputted by G3 is showed in Fig. 3;
the oscillation information was extracted via the
EEMD/Prony algorithm to validate its accuracy
and antinoise performance.
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Figure 3. Active power noise signal of G3 output
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The decomposed results (Fig. 4) show that
the first IMF component displayed the largest
amplitude and highest frequency, and then the
amplitude and frequency both gradually decreased.
Also IMF1 showed that the decomposition with
EEMD could satisfactorily inhibit the noise.

One significant characteristic was that the
major signal components could be extracted via
decomposition with EEMD, because the power
oscillation trajectory was generated via the
interaction of multiple oscillation modes. In a
previous article [17], when IMF1 with the largest
amplitude was compared with the original
oscillation signal (after direct current components
were removed), the consistence between curves
confirmed that IMF1 contained the information
with the most significant oscillation signals, which
unfortunately complicated the identification. In this
paper, the IMF containing the dominant oscillation
mode was identified via comparison of energy
weights, thus achieving similar effects, facilitating
the digitization of results, and avoiding artificial
factors (Table 1).

Table 1. Stat. result of signal energy analysis

Signal | Weight of
IME Energy | IMF Eive
Eimt(i) | Energy(%)
IMF1 | 2.89¢* | 93.59 3.09¢
r 1.98e7 | 6.41 6

Clearly, the energy weight of IMF1 was
93.59%, while the remaining energy weight was
6.41% (Table 1), indicating that IMF1 contained
the dominant oscillation characteristics of real
signals. Thus, it is practical to identify the
dominant oscillation mode via comparison of
energy weights.

The Prony algorithm was analyzed by
inputting the original signal and IMF1 separately

0 2 4 6 8 10
X 10
2
o o N AN AN A A
-2 L L L L
0 2 4 6 8 10
t/s
Figure 4. EEMD decomposition of the active power
noise signal
80
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(Table 2).

Table 2. Results of low frequency oscillation modes

based on noise signal

Table 3. Results of oscillation modes on Hongban Line
based on EEMD/Prony

Mo | Mo

de | de Frequency/ | Dampi
Method ord | Typ | (H2) ng

er e
EEMD/Pr 1 1 0.64 0.11
ony 2 1.3 -0.81

1 0.63 0.18

Prony 129 515 -0.94
Ideal 7 1 0.64 0.11
Value 2 1.3 -0.86

We conclude from Table 2 that: use of
Prony algorithm alone into processing of noise-like
signals resulted in relatively large errors and a
larger number of computation orders, thus
complicating the identification of dominant mode.
In comparison, the use of EEMD/Prony improved
the accuracy in identification of modal parameters
and largely reduced the Prony-induced effect of
non-dominant mode.

5.2 Case study of power grids

Figure 5 shows the active-power time-
domain simulated curves of Hong-Ban Line
(Honggou substation - Bangiao substation) and
Huang-Wan Line (Huangyan substation - Wanzhou
substation) obtained from BPA stability calculation
program at sampling interval of 0.01 s when
transient ground fault occurred at the Jianshan

high-voltage side of Sichuan power grids.

20

10f k

5 H -
Huang-Wan

O - -

-5

P/p.u

0 5 10 15 20
t/s
Figure 5. Active-power curves of Hongban Line and

Huangwan Line

Amplitude/p | Frequenc | Dampin | Energ
u y /Hz g y

3.2 0.31 -0.12 110
1.0 0.14 -0.39 15
0.63 0 -4 0.18
0.35 0.58 -0.14 1.1
Mode order p=31

Table 4. Results of oscillation modes on Huangwan Line
based on EEMD/Prony

Amplitude/p | Frequenc | Dampin | Energ
u y /Hz g y

4.1 0 -0.4 55
2.5 0.31 -0.13 63
2.0 0.1 -0.12 4.4
0.5 0.73 -0.38 24
Mode order p=31

Table 5. Results of oscillation modes on Huangwan Line

based on EEMD/Prony

Amplitude/p | Frequenc | Dampin | Energ
u y /Hz g y

3.8 0.32 -0.13 130
2.7 0 -3.8 3.4
0.89 0.12 -0.13 7.3
0.69 15 -1.1 0.58
Mode order p=41

Clearly, both Hong-Ban Line and Huang-
Wan Line contained oscillation frequency of 0.31
Hz (Tables 3 and 4), indicating that such oscillation
frequency is the regional oscillation mode strongly
associated with Sichuan and Chongging power
grids. The systemic attenuation factors or the real
parts of systemic eigenvalues were all negative,
indicating that the systems were stable then, which
was also reflected from the power oscillation
curves. The joint use of EEMD and Prony in
extraction of dominant mode greatly reduced the
number of computation orders, which helps to
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rapidly determine the dominant mode and
dominant frequency (Table 4 and 5).

6. Conclusion

The combination of EEMD and Prony was
used to identify the low-frequency oscillation mode
of power systems. With this approach, we can
identify a system's low-frequency oscillation
modal parameters directly using the data measured
at the end, without considering the single or
multiple mechanisms generating low-frequency
oscillation. When the system is normal operating or
the disturbance is small, we first used EEMD to
obtain the stable signals containing the dominant
mode, and then used Prony algorithm to obtain the
corresponding low-frequency oscillation modal
parameters. The case study showed that the Prony
algorithm after pretreatment with EEMD reduced
the number of computation orders and more
accurately approached the real oscillation curve.

Along with the wide application of
WAMS, this approach with high operation speed
and high parameter identification precision will
provide new clues and algorithms for study on low-
frequency oscillation of power systems.

References

1. P. Kundur.(1994) Power System Stability
and Control. Mc-Graw-Hill: New York.

2. Chen Shi, Xu Yong, Wang Zhengfeng, et
al. (2010) Power gridreal-time dynamic
monitoring technology and application.
China Water Power Press: Beijing.

3. Ju Ping, Xie Huan, Meng Yuanjin, et al.
(2005) Online identification of low-
frequency oscillations based on wide-area
measurements. Proceedings of the CSEE,
25(22) , p.p.56-60.

4. De La Ree. J, Centeno. V, Thorp. J. S and
Phadke, A. G. (2006) Synchronized Phasor
Measurement  Applications in Power
Systems. IEEE Trans. on Smart Grid, 1(1),

pp. 1930-1937.

5. Korba P, Uhlen K . (2010) Wide-area
monitoring of electromechanical
oscillations in the Nordic power system:
practical experience. IET Generation
Transmission & Distribution,  4(10),
p.p.1116-1126.

6. Lee K C, Poon K P. (1990) Analysis of
power system dynamic oscillations with
beat phenomenon by fourier
transformation. IEEE Trans. on Power
Systems, 5(1), p.p.148-153.

7. Angrisani L, Daponte P, D’Apuzzo M
, et al. (1998) A measurement method
based on the wavelet transform for power
quality analysis . IEEE Trans. on Power
Delivery, 13(4) , p.p.990-998.

8. Zhang Pengfei, Xue Yusheng, Zhang
Qiping (2004) Power system time-varying
oscillation analysis with wavelet ridge
algorithm. Automation of Electric Power
Systems, 28(16), p.p.32-35.

9. HauerJF, Demeure CJ, Scharf L L. (1990)
Initial results in prony analysis of power
system response signals. IEEE Trans. on
Power Systems, 5(1), p.p.80-89.

10. Trudnowski D J, Johnson J M, Hauer J F.
(1999) Making prony analysis more
accurate using multiple signals. IEEE
Trans. on Power Systems, 14(1) , p.p.226-
231.

11. J. Xiao,Y. Han and J. Wu (2004) Dynamic
Tracking of Low- Frequency Oscillations
with Improved Prony Method in Wide-
Area Measurement System. Proc. |IEEE
Power Engineering Society General
Meeting, p.p. 1104 - 11009.

12. PengJCH, Nair N K C. (2009) Adaptive
sampling  scheme  for  monitoring
oscillations using Prony analysis. IET

82

© Metallurgical and Mining Industry, 2015, No. 6


http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=p_Authors:.QT.De%20La%20Ree,%20J..QT.&searchWithin=p_Author_Ids:37281823300&newsearch=true
http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=p_Authors:.QT.Centeno,%20V..QT.&searchWithin=p_Author_Ids:37281640400&newsearch=true
http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=p_Authors:.QT.Thorp,%20J.S..QT.&searchWithin=p_Author_Ids:37269232000&newsearch=true
http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=p_Authors:.QT.Phadke,%20A.G..QT.&searchWithin=p_Author_Ids:37281782000&newsearch=true

Automatization

13.

14.

15.

16.

17.

18.

19.

Generation Transmission & Distribution,
3(12) , p.p.1052-1060.

Sun Xiaoming, Gao Mengping, Liu
Dichen, (2010) Analysis and
processing of electrical fault signals with

et al.

modified adaptive Prony  method.
Proceedings of the CSEE, 30(28) , p.p.80-
87.

Huang N E, Shen Z, Long S R, et al. (1998)
The empirical mode decomposition and
the Hilbert spectrum for nonlinear and
nonstationary time series analysis.
Proceedings of the Royal Society A,
454(1971) , p.p.903-995.

AR.and VittalV. (2006)

non-stationary analysis of

Messina,
Nonlinear,
interarea oscillations via Hilbert spectral
analysis. IEEE Trans. Power Syst., 21(3),
p.p.1234-1241.

Mu Gang, Shi Kunpeng, An Jun, et al.
(2008) Signal energy method based on
EMD and its application to research of low
frequency oscillations. Proceedings of the
CSEE, 28(19), p.p.36-41.

Li Tianyun, Xie Jiaan, Zhang Fangyan, et
al.(2007)  Applicationof HHT  for
extracting model parameters of low
frequencyoscillations in power systems.
Proceedings of the CSEE, 27(28) , p.p.79-
83.

Rilling G, Flandrin P. (2008) One or two
frequencies? The  empirical mode
IEEE Trans on
Signal Processing, 56(1) , p.p. 85-95.

Wu Zhaohua, Huang Norden E.(2009)
Ensemble empirical mode decomposition:

decomposition answers.

20.

21.

22.

23.

24,

25.

a noise-assisted data analysis method.
Advances in Adaptive Data Analysis, 1(1),
p.p.1-41.

Wu Zhaohua, Huang Norden E. (2004) A
study of the characteristics of white nosie
using the empirical mode decomposition
method, Proc R Soc Lond: A, p.p.1579-
1611.

Zhang Chao, Chen Jian-jun (2010)
Contrast Of Ensemble Empirical Mode
Mode
Decomposition in Modal Mixture. Journal
of Vibration and Shock, 29( S) , p.p. 87-90

Decomposition and Empirical

MU Gang, WANG Yu-ting, AN Jun, et al.
(2007)
Identification of Oscillation Mode in
Disturbed
Trajectory. Proceedings of the CSEE,
27(19), p.p.7-11.

JingC, MccCalley J D. (1996) An Energy
approach to

Signal Energy Method for

Power System Based on

analysis of inter-area

oscillation in power systems. I|EEE
Transactions on Power Systems, 11(2) ,
p.p.734-140.

Grund C E, Paserba J J, Hauner J F, et
al.(1993) Comparison of Prony and Eigen-
analysis for Power System Control Design.
IEEE Trans on Power Systems, 8(3),
p.p.964-971.

Johnson M. A, Zarafonitis I. P, Calligaris
M. (2000) Prony analysis and power
system stability—some recent theoretical
and applications research. Proc. of IEEE
Power Engineering Society Summer

Meeting, NJ, USA, p.p. 1918-1923.

© Metallurgical and Mining Industry, 2015, No. 6

83


http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=p_Authors:.QT.Messina,%20A.R..QT.&searchWithin=p_Author_Ids:37284219100&newsearch=true
http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=p_Authors:.QT.Vittal,%20V..QT.&searchWithin=p_Author_Ids:37271795100&newsearch=true

