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Abstract

The increasing proportion of wind power integration in the power systems and the dy-
namic interaction of power electronic equipment lead to frequent subsynchronous os-
cillation, which seriously threatens the safety and stability of the system. Therefore, it is
urgent to develop a high-precision and robust identification method. Traditional standalone
identification methods are vulnerable to wind speed fluctuations and noise, resulting in
unsatisfactory accuracy and robustness. To accurately extract the oscillation parameters
from the active power signal, this paper proposes a hybrid method for identifying sub-
synchronous oscillation in power systems. First, the active power signal is preprocessed
using the wavelet threshold denoising strategy, which effectively filters out noise through
multi-scale decomposition and signal reconstruction. Second, VMD is applied to the pre-
processed signal to decompose it into intrinsic mode functions, thereby achieving effective
separation of different oscillatory characteristics. Finally, the fast Fourier transform is used
to perform spectral analysis on each IMF to accurately capture the dominant frequency
and amplitude of each oscillating component. On the four-machine two-area system with
DFIG, the verification is carried out under the wind speeds of 9 m/s, 10.5m/sand 12 m/s
and the no noise, 60 dB and 40 dB noise conditions. SSO is excited by inserting 20 Hz,
30.5 Hz or 40 Hz subsynchronous oscillation components into the external part of the me-
chanical power input of the generator. The results show that the relative error of frequency
identification of the proposed method is less than 0.0426% under all test conditions. The
relative error of amplitude identification is less than 1.4155%. Compared with different
methods, the proposed method exhibits excellent performance under noise conditions and
has robustness to wind change and noise interference.

Keywords: subsynchronous oscillation; wavelet transform; variational mode decomposition;
fast Fourier transform; power systems stability

1. Introduction

Power systems are developing rapidly. Ultra-high voltage, heavy load and long-
distance grid transmission have become a trend [1]. The increasing probability of subsyn-
chronous oscillation (SSO) poses challenges to power systems’ stability [2]. To suppress the
occurrence of SSO, identifying SSO in power systems is of great significance.

When oscillations emerge in power systems, accurate and prompt identification of
5SSO parameters such as frequency and amplitude is a prerequisite for formulating effective
suppression countermeasures [3,4].
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Traditional frequency-domain methods, which rely on Fourier analysis and its variants,
offer simple implementation and high computational efficiency. The identification method
based on synchronous phasors could effectively extract the frequency and amplitude
of oscillation [5], yet its calculation process introduced inherent system errors. Discrete
Fourier transform (DFT) was prone to spectrum leakage during parameter estimation [6].
To mitigate this issue, reference [7] adopted an improved interpolation DFT based on the
Hanning window to realize SSO identification within a 2 s data window. Nevertheless,
the short window length limited the estimation accuracy. By contrast, the combination of
interpolation DFT and filtering technology [8], as well as an improved interpolation all-
phase FFT method [9], achieved higher identification accuracy. In addition, Prony analysis
was applied for frequency and amplitude estimation [10], but this method was highly
sensitive to noise. Adaptive bandpass filters were also adopted for oscillation parameter
identification [11], but the noise robustness of the algorithm was not fully considered.
Overall, traditional frequency-domain methods perform well under ideal conditions but
degrade significantly in noisy and multi-mode scenarios.

Adaptive decomposition methods, which decompose signals to separate oscillatory
components, exhibit anti-noise capability and mode separation. Reference [12] combined
compressed sensing with ensemble empirical mode decomposition to enhance noise ro-
bustness, but the method suffered from complex computation and long processing time.
Furthermore, an improved multi-synchrosqueezing wavelet transform integrated with
an automatic identification algorithm was proposed in [13]. It raised identification speed
without compromising accuracy, yet its performance relied heavily on threshold selection.
It tended to misclassify modes with similar damping ratios. To make full use of multi-
channel information, multivariate variational mode decomposition was adopted to extract
SSO features from multiple PMU channels simultaneously [14]. This method improved
positioning accuracy and noise immunity, but it increased measurement costs and system
complexity. Moreover, the fixed window function limited its ability to distinguish closely
spaced SSO modes. In addition, the combination of variational mode decomposition (VMD)
and Prony-GSO produced modal aliasing and signal distortion in oscillation identifica-
tion [15]. A beluga whale optimization VMD combined with wavelet threshold denoising
and the Teager-Kaiser energy operator was proposed to suppress modal aliasing [16],
whereas it increased computational complexity. Reference [17] presented a hybrid method
integrating heuristic-optimized VMD and regularized total least squares Prony for doubly
fed induction generator (DFIG) systems. The method reduced estimation errors under low
signal-to-noise ratios at the cost of high computational complexity. Direct integration of
VMD and Prony analysis worked well under low-noise conditions [18], but it was sensi-
tive to the model order. Compressed sensing combined with adaptive VMD was adopted
for wideband multi-modal identification [19], which reduced the computational burden
but introduced reconstruction approximation errors. Reference [20] combined empirical
wavelet transforms based on adaptive Fourier segmentation with the Hilbert transform for
PMU-based SSO recognition. This approach ensured high efficiency but was vulnerable to
spectral segmentation and generated physically ambiguous instantaneous frequencies for
non-smooth modes. In general, the adaptive decomposition method is superior to the tradi-
tional frequency domain method in anti-noise and modal separation, but the computational
complexity of some algorithms is too high.

Data-driven methods automatically extract oscillation features and adapt to complex
nonlinear signals. A VMD-CNN-based wideband oscillation recognition method was
presented in [21]. In this method, VMD extracted dominant modes and CNN directly
estimated frequency and amplitude, and it achieved high accuracy for mode-superimposed
signals. However, this approach required a large volume of labeled data, which was
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difficult to acquire in practical engineering. Reference [22] proposed a two-stage SSO
evaluation method for DFIG systems, which adopted deep Q network and Hanning-
window interpolated FFT in sequence. It achieved strong anti-interference capability but
required abundant training data and computational resources. Overall, the data-driven
method has advantages in adaptive feature extraction, but it is dependent on the label data
and has a long calculation time.

To solve the above problems, this paper proposes a hybrid method to identify SSO in
power systems. At the same time, a four-machine two-area system (FMTAS) with DFIG is
built to verify the reliability and robustness of the proposed method. First, the active power
signal of the transmission line is collected, and wavelet transform (WT) is employed for
multi-scale denoising to suppress noise in the acquired data. Then, VMD decomposes the
denoised signal into intrinsic mode functions (IMFs) with diverse oscillatory characteristics,
effectively separating aliased oscillation modes. Finally, fast Fourier transform (FFT) is used
to accurately calculate the frequency and amplitude of each IMF. In terms of innovation,
this paper has the following characteristics:

(1) By comparing the frequency error and calculation time calculated by different
modal numbers in VMD, the optimal K value is selected. There is no need to traverse
optimization and many iterations to optimize the key parameters of VMD.

(2) WT suppresses noise to mitigate VMD mode mixing, while VMD isolates oscillation
components to reduce spectral leakage in FFT analysis. This synergistic cascade enhances
both anti-noise robustness and mode separation capability.

(3) It avoids the high complexity of optimized VMD or deep learning-based ap-
proaches, outperforming traditional frequency-domain and single-stage decomposition
methods in reliability and stability.

The remaining organizational structure is as follows. The Section 2 introduces FMTAS
with the DFIG system and its oscillation mechanism. The Section 3 introduces the identifi-
cation strategy for SSO. The Section 4 evaluates the reliability of this method through the
simulation platform. The Section 5 is the conclusion.

2. System Description and Oscillation Analysis
2.1. System Description

The topology of the FMTAS with DFIG is shown in Figure 1. The system comprises
two similar areas connected by a 220 km interconnection line [23]. Each area contains two
synchronous generators. Area 1 contains generators G1 and G2, while Area 2 contains
generators G3 and G4. Area 1 includes an aggregated wind farm equivalent to 18 wind
turbines. The system load model consists of constant impedance loads L2, L7 and L9, which
are connected to busbar 2, busbar 7 and busbar 9, respectively. Shunt capacitors C7 and C9
are installed on bus 7 and bus 9 to supply reactive power to the system. The two areas are
connected to the main system via transmission lines through busbar 6.

The parameters of synchronous generators G1, G2, G3, and G4 in Area 2 are essen-
tially identical to those in Area 1, the difference being the settings of other equipment
parameters. The inertia coefficients of G1 and G2 are H = 6.5, while those of G3 and G4 are
H = 6.175. The transformer model connected to G1, G2, G3, and G4 has a transformation
ratio of 20/230 kV; the transformer connected after the wind turbine has a transformation
ratio of 575 V /20 kV. The reactive compensation capacitor C7 has a nominal phase-to-
phase voltage of 230 kV, an inductive reactive power QL = 0 and a capacitive reactive
power QC =200 MVar; C9 has a nominal phase-to-phase voltage of 230 kV, QL = 0 MVar
and QC =350 MVar. The parameters of load L7 include an active power P = 967 MW,
QL =100 MVar and QC = 187 MVar; the parameters of heavy load L9 include P = 1767 MW,
with QL and QC set as the same as those of L7. The parameters of load L2 include an active
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power P =100 W, QL = 0 MVar and QC = 0 MVar. This tiny load L2 is adopted to eliminate
numerical singularity and ensure stable operation of the simulation model.
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Figure 1. The topological structure of FMTAS with DFIG.

2.2. Oscillation Analysis

In the FMTAS connected to DFIG, the power system stabilizer provides good
damping for low frequency oscillation. However, its control loop may produce undesir-
able components at the subsynchronous torsional vibration frequency of the shafting,
which is transmitted to the excitation winding of the generator and excites the SSO of
the shafting.

When a significant disturbance occurs in the system (such as a short circuit or sudden
load change), electromagnetic torque is applied to the generator rotor, causing the generator
shaft section to bear torque pressure and thus generating SSO. Additionally, the generator
rotor oscillates at a torsional frequency, which leads to a subsynchronous frequency compo-
nent in the armature voltage. When the subsynchronous frequency component approaches
the electrical resonance frequency, the armature current generates a magnetic field that
can produce torque that enhances the oscillation of the generator rotor. This allows the
subsynchronous torque caused by the subsynchronous voltage component to be sustained.
When the phase of the subsynchronous frequency component is the same as the increment
of rotor speed and is equal to or exceeds the inherent mechanical damping torque of the
rotor, the oscillation of the shaft system intensifies.

3. The Proposed Oscillation Identification Method
3.1. The Proposed Oscillation Identification Strategy

The SSO identification consists of four steps: signal acquisition and extraction, prepro-
cessing of noisy signals, decomposition of processed signals, identification of the frequency
and amplitude of characteristic signals. The main steps are shown in Figure 2.

Step 1: Add interference to the input power of each generator in the FMTAS with
DFIG to collect the active power of the transmission line.

Step 2: The active power is decomposed by WT. The noise is filtered out and the signal
is reconstructed.

Step 3: The reconstructed signal is decomposed by VMD to obtain the IMFE.

Step 4: Use FFT to calculate the main IMF frequency and amplitude.
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Figure 2. SSO identification flowchart.

3.2. Signal Preprocessing Based on WT

The WT is used to filter out noise [24]. The mathematical formula of the WT is
as follows:

1 [t t—b
pelab) = 7 [ SO (= Pdia>0) (1)

where a is the scaling factor and b is the translation factor; y(t) is the wavelet basis func-
tion. Daubechies 4-order wavelet (db4) is selected as the mother wavelet. It can ensure
that the signal reconstruction is non-redundant and the tight support feature makes its
computational efficiency high. ¢* denotes the complex conjugate. 5(t) is the active power.

The actual acquisition signal is a discrete sequence S[n]. L = 5 discrete wavelet
decomposition using the Mallat algorithm. A higher number of layers will lead to loss of
details, and a lower number of layers may have residual noise.

5
S[n] = As[n] + ) Di[n] )
=1

As[n] is the approximate coefficient of the fifth layer and D[n] is the detail coefficient
of the [ layer. The soft threshold function is applied to each layer of detail coefficients:

Dyfn] = sgn(Dy[n]) - (|Dy[n]| — A1), |Dyn]| > A o
0 IDif]] < Ay

The threshold A, is a general threshold, o} is the standard deviation estimation of the
noise in the first layer, and the median absolute deviation estimation is commonly used:

A = 074/2In(N) (4)

_ median(|Dy])
M= oemas ©
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The denoised signal is reconstructed by inverse wavelet transform and the length is
still N:

5
S[n) = As[n] + Y Dy[n] (6)

3.3. Signal Feature Extraction Based on VMD

VMD decomposes the data and extracts characteristic signals, which can reflect the
characteristics of each frequency band signal [25]. The principle of this method is to estab-
lish a constraint model and introduce Lagrange multipliers and penalty factors into the
model. Subsequently, the center frequency and bandwidth of each mode are continuously
updated alternately.

The construction of the variational problem: VMD decomposes the denoised signal
into K intrinsic mode functions u(t) and each mode is an amplitude modulation and
frequency modulation signal.

ug(t) = Ag(t) cos(¢x(t)) )

Ay is an instantaneous amplitude; @i (t) is the instantaneous phase. Each sub-signal
has a center frequency; the corresponding variational constraint model is established:

[5G0 ) me ] .

s.t. Z ur = S(t)
wy is the center frequency of mode k. (t) is the Dirac distribution with respect to time

t. * is the convolution, d/dt is the partial derivative of time. The solution to variational
problems: Further construct the augmented Lagrange function:

9 g * U s eIt —Ku 2 S —Ku
o (504 £) o] e ) k<t>2+<A<t>,s<t> v k<t>> )

K 2
L({u} i}, A) =a )
k=

« =2000, which represents the quadratic penalty factor; A represents the Lagrange

2

multiplier. It is used to iteratively update the variables y”” l”“, [kH to find the opti-
mal solution:

S(@) - & 0 w) 3 @)+

An1 _ i=1 i=k+1 10
i ) 1+20<(w—wg)2 10)

An+l d
Wl = Jo”e 2’ “ (11)

I ﬁl’.l“(w)‘ dew

R . . K

A w) = AM(w) +E|S(w) = Y ﬁZ“(w)] (12)

k=1
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An+1
B

fidelity coefficient. When the mode number K = 5, the center frequency of each mode is

(1) is the Wiener filter of the current signal; " is Fourier transform (FT); ¢ is the

stable and does not overlap. The convergence judgment condition is

2
an+1 an
K Mk — Mk ) 6
—2 <e=10 (13)
nn
k=1 |,

Taking the addition of the 40 Hz interference with 40 dB at G1 as an example, the
frequency error and calculation time of different modal numbers are compared to quantita-
tively support the final selection. The results are shown in Table 1.

Table 1. The calculation results of different K values.

K Frequency/Hz Frequency Error Time

3 39.4478 0.5522 2.2403 s
4 38.7979 1.2021 2.3138s
5 39.9978 0.0022 2.4411s
6 41.7977 1.7977 2.7322s

The results in Table 1 show that the frequency error is only 0.0022 Hz when K = 5,
which is less than other values of K. The calculation time of K = 5 is 0.2008 s longer than
that of K = 3 and 0.2911 s less than that of K = 6. It is shown that K = 5 can effectively
avoid the modal aliasing and frequency offset caused by over-decomposition or under-
decomposition and ensure recognition accuracy while considering a certain computational
efficiency. Therefore, K = 5 is the optimal mode number selection.

3.4. Oscillation Identification Based on FFT

FFT is an efficient algorithm for calculating the DFT [26]. Each mode u[n] is sym-
metrically extended and the length after extension is T = 2 N. The extension rules are
as follows:

<m< 3 (14)

The extended sequence x[m] is subjected to discrete Fourier transform:

T—1 7‘2771—
Xlo] = Y xlmle T ,0=0,1,...,T—1 (15)
m=0

For the convenience of frequency analysis, fftshift is used to shift the zero frequency to
the center of the spectrum:

X" o] = fftshift(Xelo)) v = — 5,000

-1 (16)
The dominant frequency corresponds to the position of the maximum spectrum amplitude:
oK) — argmax ’ X,s(hif ‘[v] ’ (17)

0

fs is the sampling frequency. The frequency and amplitude of the kth mode are

(k)

fusd = e f, (8)

https:/ /doi.org/10.3390/ electronics15143055


https://doi.org/10.3390/electronics15143055

Electronics 2026, 15, 3055

8 of 16

2|, shi
Al = 2|6 ol (19)

The mode with the largest energy is selected from the K modes as the output of the
main oscillation mode as the final identification result:

fosc = fo(fc*)r Aosc = A[()I;Z)/ fx = argmlflx(z |xk [m] |2) (20)
m
4. Simulation Results and Analysis
4.1. Simulation Test Platform

In this section, the FMTAS model with DFIG is established using the MATLAB R2018a
version of Simulink; the computer configuration is 11th Gen Intel Core i5-1135G7. The
model is shown in Figure 3. The main parameters are listed in Table 2.

P M
. A a A a A a
il T ly—aa a
: B % £ 8 '
it (o} coi “yg [o] [ Cc c [ o [ — Y
G1 700 MW 20 kV-230 kV 25km Area 1 LL{  10kmArea 1 [ . .
Area 1 A a “_'1 I,
<o Brk1
Insert SSO B —% é b 967 MW
EC DT Y 100 MVAR Line 1a
[ -187 MVAR (10 km)
P 20 kV/230 kv =2
oo "I 'I‘
>V -200MVAR  § b
G1 : Turbine & G2 700 MW A abp— l t
B% {- b Line 1b
—acYg Dép— (110 km)

REQU'E[OI’S
-I Vref e 0.777689
— -« Pref2

Generator G2 : Turbine & Vref2

Vref1 Regulators 100 W (m:) o -
Co} Lo B A
= Wind Turbine
Figure 3. Schematic diagram of FMTAS with DFIG.
Table 2. Main parameters of the power systems.
Parameter Value
DFIG rated power 1.5 MW
DFIG line voltage 575V
Frequency 60 Hz
G1-G4 rated power 700 MW / generator
G1-G4 line voltage 20 kV

According to the main parameters of each generator shown in Table 2, the power
generation model is established by using MATLAB. In the real working conditions of
power systems, SSO also contains non-integer frequency, which is prone to spectrum
leakage. To verify the reliability and robustness of the identification method for non-
integer identification, 20 Hz, 30.5 Hz and 40 Hz periodic disturbances are introduced at the
mechanical power input of different generators. To ensure the robustness of noise, white
noise with signal-to-noise ratio of 60 dB and 40 dB is added to the signal.

Figure 3 shows the schematic diagram of the FMTAS with DFIG. The system consists of
four synchronous generators, each with a rated power of 700 MW, wind farms and constant
power loads. The wind farm comprises 18 wind turbines with a rated capacity of 5 MW
each and a rated wind speed of 12 m/s. Before reaching the rated wind speed, the active
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41035

power/ MW

4095

409

power output from G2 gradually decreases with increasing wind speed. The simulation
model introduces SSO disturbance at the mechanical power input of four synchronous
generators in two areas, with an amplitude of 0.2 per unit.

4.2. Active Power Acquisition

The active power signal is collected on the FMTAS transmission line. When the system
runs stably for a period, the disturbance is introduced at 90 s. The continuous oscillation
10 s data is used. Taking the wind speed of 9 m/s as an example, the results are shown in
Figure 4. The addition of interference in (a) and (b) breaks the instantaneous power balance
between the prime mover and the generator, resulting in an unbalanced torque shock on
the rotor shaft and a sudden increase in the amplitude of the active power. With the system
damping and rotor inertia, the amplitude decreases slowly until it enters stable oscillation.
In addition, the SSO of 40 Hz in (b) has stronger electrical negative damping than the SSO
of 20 Hz in (a). The stabilization time will be longer.

> —>< > _ No oscillation, | 40Hz SSO |
No oscillation : ;*-.| 20Hz S50 1098 I ﬂ«. |
) !
| \ . |
: / E I/
= 1/
! \ 54095 | 8
tf 2 ™,
If \ g |
| \ |
| \ |
|
: 5 : - . a0l :
88 90 92 95 89 91 93 95 57
Time (s) Time (s)

(a) Active power containing 20 Hz

(b) Active power containing 40 Hz

Figure 4. Active power waveforms under SSO disturbances.

In Figure 5, the mechanical power at G1 is disturbed at 90 s, and a stable oscillation

occurs after 95 s. In (a), non-attenuated SSO with large amplitude appears in G1 waveform.
G2 has slight coupling fluctuation, and G3 and G4 remain stable.

100395 F :
1.0039
= (i
=,1.00385 M I ”|‘!|‘!I IHHH ‘\ A Il il ‘ i
1.0038 l-”‘-”\ ittt “ [ A
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i
) |
i
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72 = 4

-4 L L L L 1

89 90 91 92 93 94 95
Time (s)
(b) Output active power of the generator
1.003 T T T

T T

L 92 93
Time (s)

(c) Output voltage of generator

94

Figure 5. Generator output 20 Hz oscillation signal waveform.
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In (b), G1 and G2 generate out-of-phase active power oscillation through grid coupling,
forming inter-area oscillation; the G3 and G4 oscillations decay faster.

In (c), the terminal voltage of the G1 machine rises briefly, and the subsynchronous
fluctuation is small, but there is no continuous oscillation, indicating that the disturbance
energy is mainly concentrated in the electromechanical power coupling channel, and the in-
fluence on the voltage control channel is weak. The disturbance excites the subsynchronous
mode of weak damping in the disturbed G1 and is transmitted to G2 through the electrical
coupling between areas, which leads to oscillation across the generator.

4.3. Feature Extraction

To reduce the influence of noise on the result, WT is used to preprocess the active
power. The results after processing are shown in Figure 6.

g 408.2

2

5}

E 408.15

=%

(o]

3

k3]

< 408.1 ‘ ‘

98 98.05 98.1 98.15 98.2 98.25 98.3 98.35 98.4 98.45 98.5
Time (s)

Figure 6. The original signal and the preprocessing signal.

From the waveform of Figure 6, the periodic disturbance of 20 Hz with 40 dB noise
is introduced into G1 and the edge of the active power signal waveform is irregularly
offset. After wavelet denoising, signal burrs are effectively removed, and the waveform
becomes smooth and regular. The oscillation period before and after denoising is completely
consistent and the oscillation amplitude is highly consistent with the phase change trend,
indicating that the adopted wavelet denoising strategy can completely retain the key
characteristics of SSO while suppressing noise.

VMD is used to extract features from the denoised signal. The decomposition result at
9 m/s is shown in Figure 7.

0944 : : : = N, <
24094, PN - 2 40 o
o ~ ~ ’/. L - . - T~ .
00 1500 zobo 2500 3000 3500 4000 0% 1000 1500 2000 2500 3000 3500 4000
e 005 i T m !!IIII‘F“‘\ I w T YT T TTm ~ 1 - \/ N 7_7'__/_,-
E }""'Mlllﬂli"l' "‘u"j‘“y"”‘l‘\\"f‘ﬂ‘",nu”“‘H""“;M"'JH| "l"|I'H'|J"|'|1"H'hII'IJL" = —?1\'* /\/
—0.0 T ] AT L | = ot ) \ ) )
0.0 300 1500 20002500 3000 3500 4000 o030 1000 13002000 2300 3000 3500 4000
& 001 o A AR W”'ﬂ"' mnm |u mim M||||| 1
E 0 1lH|iﬂ|||¢I!“|||J||H|||1\W|||i‘| T e ) ‘M N i A
oo hmmnnl||m(mnlmniumn|||nu\mi\\u»||||\i|m|ﬂ||||\ﬁmmmlr||||umummu!ml\|\\mi\u\slm\nn|||\luntmnnumnmmn 2 )01 i " T T——
500 1500 2000 2500 3000 3500 4000 0 500 1000 1500 2000 2500 3000 3500 4000

(a) The decomposition result with 20 Hz oscillation

sampling points sampling points

(b) The decomposition result with 20 Hz oscillation and 40 dB noise

Figure 7. The decomposition diagrams of the SSO signal.

In Figure 7, VMD can effectively decompose the denoised signal into IMF components
and each IMF component dominates near its center frequency. In contrast, the IMF com-
ponent mode aliasing of 20 Hz oscillation decomposition with 40 dB noise in (b) is more
serious. The no noise signal in (a) is well separated.
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4.4. Result Analysis

For the active power signal of the transmission line, the theoretical amplitude is
calculated by using the eigenvalue. The theoretical amplitude directly depends on the
amplitude of the periodic disturbance superimposed on the mechanical power input of the
generator. The IMF components are analyzed by using FFT to calculate the amplitude and

frequency of the main oscillation. Figure 8 presents the theoretical amplitude, identified
values and relative errors (ERs) of G1 and G2 in Area 1 at a wind speed of 9 m/s, with

the corresponding results for

G3 and G4 in Area 2 listed in Table 3. Figure 9 illustrates the

results at 10.5 m/s for G1 and G2, while Table 4 provides the relevant data for G3 and G4

under the same wind speed.
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Similarly, Figure 10 and Table 5 show the results of G1 to G4
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Figure 8. Different noise SSO results in Area 1 (9 m/s).

Table 3. The SSO identification results in Area 2 at 9 m/s.

Oscillation Type Working Condition =~ Amplitude/MW ER (%) Frequency/Hz ER (%)
No noise 408.24 0 19.9979 0.0105
G3/20 Hz/408.24 MW 60 dB 408.81 0.1396 20.0021 0.0105
40 dB 414 1.4109 20.0062 0.031
No noise 408.32 0 30.5 0
G3/30.5 Hz/408.32 MW 60 dB 408.89 0.1396 30.5065 0.0213
40 dB 414.09 1.4131 30.513 0.0426
No noise 408.33 0 40 0
G3/40 Hz/408.33 MW 60 dB 408.91 0.142 40.0072 0.018
40 dB 414.11 1.4155 40.0145 0.0363
No noise 408.35 0 19.9996 0.002
G4/20 Hz/408.35 MW 60 dB 408.93 0.142 20.0037 0.0185
40 dB 414.13 1.4155 20.0078 0.039
No noise 408.32 0 30.4974 0.0085
G4/30.5 Hz/408.3 2 MW 60 dB 408.89 0.1396 30.5039 0.0128
40 dB 414.09 1.4131 30.5103 0.0338
No noise 408.42 0 39.9942 0.0145
G4/40 Hz/408.42 MW 60 dB 409 0.142 40.0054 0.0135
40 dB 414.2 1.4152 40.0087 0.0218
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(a) The SSO identification result on G1 (b) The SSO identification result on G2
Figure 9. Different noise SSO results in Area 1 (10.5 m/s).
Table 4. The SSO identification results in Area 2 at 10.5 m/s.
Oscillation Type Working Condition = Amplitude/MW ER (%) Frequency/Hz ER (%)
No noise 416.76 0 20 0
G3/20 Hz/416.76 MW 60 dB 417.35 0.1416 20.0025 0.0125
40 dB 422.64 1.4109 20.0037 0.0185
No noise 416.44 0 30.4982 0.0059
G3/30.5 Hz/416.44 MW 60 dB 417.02 0.1393 30.5028 0.0092
40 dB 422.32 1.412 30.5051 0.0167
No noise 416.05 0 39.9997 0.0008
G3/40 Hz/416.05 MW 60 dB 416.64 0.1418 40.0058 0.0145
40 dB 421.93 1.4133 40.0089 0.0223
No noise 416.71 0 19.9999 0.0003
G4/20Hz/416.71 MW 60 dB 417.3 0.1416 20.0024 0.012
40 dB 422.59 1.4111 20.0036 0.018
No noise 416.45 0 30.4986 0.0046
G4/30.5 Hz/416.45 MW 60 dB 417.03 0.1393 30.5032 0.0105
40 dB 422.33 1.4119 30.5055 0.018
No noise 416.06 0 39.9979 0.0053
G4/40 Hz/416.06 MW 60 dB 416.65 0.1418 40.004 0.01
40 dB 421.93 1.4109 40.007 0.0175

® Amplitude/MW = Amplitude/ER (%00) ® Frequency/Hz ® Frequency/ER (%oo0) ® Amplitude/MW = Amplitude/ER (%00) ® Frequency/Hz ® Frequency/ER (%o0)
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(a) The SSO identification result on G1 (b) The SSO identification result on G2

Figure 10. Different noise SSO results in Area 1 (12 m/s).
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Table 5. The SSO identification results in Area 2 at 12 m/s.

Oscillation Type Working Condition = Amplitude/MW ER (%) Frequency/Hz ER (%)
No noise 427.77 0 19.9989 0.0055

G3/20 Hz/427.77 MW 60 dB 428.36 0.1379 20.0015 0.0075
40 dB 433.78 1.405 20.0021 0.0105

No noise 425.96 0 30.4973 0.0089

G3/30.5 Hz/425.96 MW 60 dB 426.55 0.1385 30.5037 0.0121
40 dB 431.96 1.4086 30.504 0.0131

No noise 427.17 0 39.9996 0.001

G3/40 Hz/427.17 MW 60 dB 427.77 0.1405 40.0033 0.0083
40 dB 433.19 1.4093 40.007 0.0175

No noise 427.97 0 20 0

G4/20 Hz/427.97 MW 60 dB 428.54 0.1332 20.0016 0.008
40 dB 433.97 1.402 20.0032 0.016

No noise 425.96 0 30.4973 0.0089

G4/30.5 Hz/425.96 MW 60 dB 426.55 0.1385 30.5007 0.0023
40 dB 431.96 1.4086 30.504 0.0131

No noise 427.42 0 39.9996 0.001

G4/40 Hz/427.42 MW 60 dB 428.02 0.1404 40.0033 0.0083
40 dB 433.45 1.4108 40.0069 0.0173

The amplitude and frequency of the active power are identified under no noise, 60 dB
and 40 dB conditions. In Figure 8, when the wind speed is 9 m/s, the calculation results
of Area 1 are G1 in (a) and G2 in (b). In the absence of noise, the oscillation frequency
identification ER of G1 and G2 is controlled within 1.48 %o0. The amplitude identification
ER is 0. Under conditions of noise, the frequency identification ER is controlled within
3.9 %00 and the amplitude identification ER is controlled within 141.18 %co.

In the wind speed of 10.5 m/s, Figure 9 shows the SSO identification results of G1
and G2 under three conditions of no noise, 60 dB and 40 dB. Under the condition of no
noise, the frequency identification ER of the two generators is controlled within 0.52%0
and the amplitude identification ER is 0. After the introduction of noise, the frequency
identification ER is still less than 2.23%0 and the amplitude identification ER is not more
than 141.11%e0. This shows that the identification method can stably output high-precision
results under different noise levels and show robustness under the condition of 10.5m/s
wind speed.

Figure 10 shows the SSO identification results of G1 and G2 in no noise, 60 dB and
40 dB noise environments at 12 m/s wind speed. The results show that the frequency
identification ER of the two generators is controlled within 0.4%0 under the condition of no
noise, and the frequency ER does not exceed 1.97%o0 even under the noise interference of
40 dB. In terms of amplitude identification, the maximum ER under all operating conditions
is 140.87 %o0. The SSO identification method can still maintain stable and high-precision
identification capabilities.

Table 3 shows the error results of SSO parameter identification under 9 m/s wind
speed. With the increase in noise, the relative error of amplitude increases gradually.
Under the condition of 40 dB noise, the amplitude ER ranges from 1.4109% to 1.4155%. The
relative frequency ER is less than 0.05% under all working conditions; the maximum is
only 0.0426%. This shows that the identification method has high accuracy in frequency
estimation and is less affected by noise, but noise enhancement will reduce the accuracy of
amplitude identification.

In Table 4, at the wind speed of 10.5 m/s, the amplitude ER ranges from 0 to 1.4133%.
The relative frequency ER is less than 0.03% under all working conditions; the maximum is
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only 0.0223%. This shows that the identification method still maintains a high accuracy of
frequency at high wind speed, and the influence on wind speed and noise is reduced.

In Table 5, under the wind speed of 12 m/s, the ER of the amplitude of each working
condition is the smallest, the minimum value is 0, and the maximum value reaches 1.4108%,
which is lower than the error level at 9 m/s and 10.5 m/s. The relative frequency ER is less
than 0.02%, but the frequency ER reaches 0.0175% at 40 dB noise at G3/40 Hz. In general,
at higher wind speeds, the amplitude recognition accuracy of the method increases slightly
and maintains a high accuracy.

The results show that the scheme proposed in this study has high accuracy for the
signal identification results without noise. The change in wind speed and noise will lead to
a decrease in the accuracy of the identification results, but the error rate of the identification
results is still within the acceptable range. It further shows that the method used in this
paper has certain robustness to the change in wind speed and noise.

To intuitively show the influence of wind speed and noise, this paper compares the ER
of the average amplitude under different conditions. Figure 11 shows the variation trend of
ER with wind speed under the conditions of no noise, 60 dB and 40 dB.

15 1.4113 1.4087 1.4062
M ol o 014 o 0.1388 o 0.138
S .
=S~ 0
;§ < No 60dB 40dB No 60dB 40dB No 60dB 40dB
) noise noise noise
<

9m/s 10.5m/s 12m/s

Figure 11. Average amplitude ER under different wind speeds and noise.

Figure 11 presents the average amplitude ER under different wind speeds and noise
conditions. The average amplitude ER is 0 across all working conditions in the absence
of noise. When noise is inserted, the average amplitude ER increases significantly with
rising noise levels, reaching above 1.4% at 40 dB noise. This trend remains consistent
across different wind speeds, indicating that noise intensity is the dominant factor affecting
amplitude estimation error, while wind speed exhibits no significant impact under the
tested conditions.

4.5. Comparative Analysis

To verify the necessity of preprocessing and decomposition, only FFT is employed for
5SSO parameter identification. Empirical mode decomposition (EMD) enables automatic
modal separation but suffers from severe mode mixing. In contrast, VMD can eliminate
such modal aliasing and improve oscillation identification accuracy. Meanwhile, the Prony
algorithm and Hilbert-Huang transform (HHT) are adopted as post-processing identifica-
tion methods, and their precision of SSO parameter identification is compared with that of
FFT. The results are shown in Table 6.

Table 6. Identification results of different methods.

Method Oscillation Type Working Condition Run Time Frequency/Hz ER (%)

FFT 1.00 ms 30.5268 0.0879

WT + EMD + FFT 637.77 ms 30.5186 0.0610
WT + VMD + Prony G3/30.5Hz 40dB 1258.36 ms 30.5393 0.1289
WT + VMD + HHT 1270.76 ms 30.5497 0.1630
WT + VMD + FFT 522.56 ms 30.5130 0.0426
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In the EMD, the standard deviation threshold is set to 0.05, the residual energy to
1 x 108, and the maximum number of IMFs to 10. HHT shares the same EMD parameter
setup. For the Prony analysis, the model order is chosen as 8, with the relative singular
value threshold fixed at 1 x 10710, All other algorithm parameters in Table 6 are consistent
with this paper.

In Table 6, the frequency identification ER of the WT + VMD + FFT method is only
0.0426% at a wind speed of 9 m/s, which is the highest accuracy among all comparison
methods. In contrast, the ERs of FFT and WT + EMD + FFT are 0.0879% and 0.0610%,
respectively. The identified frequencies of WT + VMD + Prony and WT + VMD + HHT
are 30.5393 Hz and 30.5497 Hz, respectively. Meanwhile, the run time of this method is
only 522.56 ms. Its speed is second only to traditional FFT, with some differences. The
slowest method, WT + VMD + HHT, takes 1270.76 ms. These results demonstrate that
the proposed method achieves high accuracy while maintaining a reasonable level of
computational efficiency.

5. Conclusions

This paper focuses on the SSO problem in the FMTAS with DFIG. It proposes a hybrid
identification method that combines WT, VMD and FFT.

Wavelet denoising reduces modal aliasing caused by noise in VMD. The VMD sepa-
rates oscillation components to reduce the spectral leakage in the FFT, thereby achieving
accurate frequency and amplitude estimation under noisy conditions. The simulation re-
sults on the FMTAS with DFIG show that the frequency estimation error of the proposed
method is less than 0.0426% and the amplitude error is within 1.4155% under most operat-
ing conditions. Under noisy conditions, it is significantly better than the traditional FFT,
Prony and HHT-based methods. Compared with other methods, this method also achieves
high computational efficiency.

Looking ahead, the next research focus is to locate and suppress the SSO of the
power systems.
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