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Synchronous Oscillations Using Synchronized
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Abstract—Synchrophasor-based sub-synchronous oscillations
(SSOs) parameter identification is effective for monitoring SSOs,
while its performance is significantly degraded by measurement
noise, posing challenges to reliable parameter identification. This
paper proposes a novel technique using multi-channel enhanced
synchro-reassigning transform (MESRT) for robust and accurate
SSO parameter identification. First, each measurement channel is
transformed using the short-time Fourier transform (STFT) to
construct a global multi-channel time-frequency (TF)
representation. Then, an average modal energy-based strategy is
developed to eliminate noise-induced spurious modes in the STFT
spectrum. Subsequently, a three-step selection rule is applied to
extract TF coefficients representing oscillation modes, from which
the time-domain components are reconstructed. Finally, the
Hilbert transform (HT) method is employed to identify the
oscillation frequency and damping factor of each mode. The
proposed MESRT method effectively improves the noise immunity
and accuracy of conventional SRT by considering inter-channel
correlations and leveraging modal energy to remove spurious
modes. Case studies validate that the proposed method performs
exceptionally well in terms of accuracy and noise robustness,

demonstrating superior performance compared to existing methods.

Index Terms—Sub/super-synchronous oscillations, parameter
identification, multi-channel enhanced synchro-reassigning
transform (MESRT), synchrophasor, noise.

I. INTRODUCTION

n recent years, with the high penetration of renewable
energy, sub-synchronous oscillations (SSOs) are being
increasingly observed [1], [2]. Unlike traditional SSOs

caused by the torsional dynamics of turbine generators,
typically confined to a limited area, SSOs in renewable energy
power systems involves the interactions between converter
control systems and series-compensated transmission lines or
weak AC grids, leading to widespread occurrences of SSOs
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globally [3]. Recently, the reported SSOs incidents were
recorded in the Electric Reliability Council (ERCOT), southern
Texas, USA [4], the Xcel Energy Network, Minnesota, USA [5],
and the Guyam Power System, China [6]. As such oscillations
have the potential to be highly destructive, they pose severe
threats to equipment safety and power system stability.
Therefore, rapid and accurate identification of oscillation
parameters is of great importance to enable timely corrective
actions.

With the widespread deployment of phasor measurement
units (PMUs) and wide area measurement systems (WAMS) in
modern power systems [7], the availability of high-resolution
voltage and current data offers opportunities for SSO parameter
identification. Existing measurement-based approaches can be
broadly divided into frequency-domain, time-domain and time-
frequency domain methods.

Frequency-domain methods are typically based on the
discrete Fourier transform (DFT) and its improved variants,
such as the improved interpolated DFT [8], window-optimized
DFT [9], and iterative Taylor-based DFT [10]. These methods
offer advantages of fast computation and ease of
implementation. However, due to inherent limitations, their
frequency resolution is constrained by the window length and
is prone to spectral leakage and fence effects. Time-domain
methods mainly include model-based parameter identification
and mode decomposition techniques. The former identifies
model parameters constructed from measurement data to
identify oscillation parameters. Representative methods include
the matrix pencil method (MPM) [11], the dynamic mode
decomposition method (DMD) [12], and the Prony algorithm
[13]. The latter decomposes oscillation signals into multiple
modal components across different scales, from which the
oscillation parameters are identified. Typical examples include
variational mode decomposition (VMD) [14] and the fast
independent component analysis (FastICA) [15]. However,
these methods require a priori parameter settings, and their
accuracy is highly sensitive to the selection of these parameters.
Time-frequency domain methods identify parameters by
exploiting both temporal and spectral characteristics of the
signals. Representative methods include the short-time Fourier
transform (STFT) [16] and continuous wavelet transform
(CWT) [17]. However, constrained by the Heisenberg
uncertainty principle, these approaches cannot simultaneously
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achieve high resolution in both the time and frequency domains,
limiting their identification accuracy. To address this issue,
extensive research has been devoted to improving time-
frequency concentration. In [18], the synchroextracting
transform (SET) applies a synchro-extracting operator to
enhance time-frequency energy concentration. In [19], the
Fourier synchrosqueezed transform (FSST) further improves
time-frequency resolution by compressing STFT coefficients
toward their instantaneous frequencies. Based on [19], [20]
further proposed the multisynchrosqueezing transform (MSST),
which iteratively refines the time-frequency representation for
superior concentration. Similarly, the synchrosqueezed wavelet
transform (SWT) [21] further enhances the time-frequency
resolution of the conventional CWT. However, these methods
exhibit poor robustness under noisy conditions and often neglect
couplings between sub- and super-synchronous components,
resulting in inaccurate parameter identification.

Li et al. proposes the synchro-reassigning transform (SRT)
[22], which inherits the advantages of time-frequency
reassignment techniques, enhancing both the concentration and
readability of time-frequency representations. The method
shows excellent performance in analyzing strongly time-
varying and nonstationary signals. Nevertheless, the extraction
of local maxima in SRT is vulnerable to noise, leading to
inaccurate peak identification. Moreover, as a single-channel
approach, SRT fails to account for inter-channel correlations,
which can affect mode identification accuracy. To improve
robustness, the introduction of modal energy, which quantifies
the energy contribution of each frequency band, provides an
effective means to suppress noise and enhance the practical
applicability of SRT.

This paper proposes a multi-channel enhanced SRT
(MESRT)-based method for SSO parameter identification. First,
each measurement channel undergoes STFT, and all
measurements are mapped into a global multi-channel time-
frequency matrix. Then, the average modal energy is calculated
to eliminate noise-induced spurious modes. Subsequently, a
three-step selection rule is applied to extract time-frequency
coefficients representing oscillation modes. Finally, the time-
domain components of each mode are constructed, and the
oscillation frequency and damping factor are identified via the
HT method. The main contributions of this paper are as follows:

(1) Unlike conventional model-based identification
approaches, the proposed method is entirely data-driven and
requires no prior knowledge of the oscillation or system model,
which can adaptively decompose oscillation signals and
accurately extract modal parameters.

(2) A novel multi-channel enhanced synchro-reassignment
transform (MESRT) is proposed by extending the conventional
single-channel SRT to a multi-channel cooperative framework.
By exploiting cross-channel data redundancy and modal
consistency, the proposed method suppresses measurement
noise and enhances the robustness of time-frequency analysis.
Compared with the single-channel SRT, it improves the
reliability and consistency of oscillation mode extraction,
yielding a more stable and concentrated time-frequency

representation.

(3) A modal energy-based spurious mode elimination
strategy is developed to mitigate the intrinsic sensitivity of SRT
to noise-induced local extrema. By introducing average modal
energy and relative modal energy weight to quantify the modal
energy contribution of each frequency band, pseudo mode-
related coefficients are removed from the time-frequency
matrix before local maxima extraction. This ensures the
consistency between the extracted modal trajectories and the
true instantaneous frequency, thereby enhancing oscillation
parameter estimation accuracy even under high-noise conditions.

(4) The effectiveness and robustness of the MESRT method
are verified using synthetic signal, simulated data and actual
measured data. MESRT exhibits superior performance in sub-
/super-synchronous parameter extraction compared to the
existing methods.

The remainder of this paper is organized as follows. Section
IT introduces the theoretical background of multi-channel
measurements of sub/super-synchronous oscillation and reviews
conventional SRT. Section III presents the proposed MESRT-
based parameter identification scheme. Section IV verifies the
effectiveness of the proposed method through case studies.
Section V concludes this paper.

II. THEORETICAL BACKGROUND

A. Multi-channel Measurements of Sub/super-synchronous
Oscillation in Power Systems

The instantaneous voltage or current signal x(f) in power
systems during SSO can be expressed as [11]:

x(t) = 4, cos(2mfyt + @, )+2K: A e™ cos2nfit + ¢, ) +r(t) (1)
k=1

where Ao, fo, po are the amplitude, frequency and initial phase
of the fundamental component respectively. K is the number of
SSO modes. A, fi, @« are the amplitude, frequency and initial
phase of the £-th SSO component respectively; 7(¢) represents
the noise component.

In power systems, instantaneous voltage and current signals
can be collected from high-speed synchronized data acquisition
devices, such as point-on-wave measurement units. However,
the observability of SSO modes varies significantly among
different measurement channels. For instance, the same mode
may exhibit a strong response in one measurement channel but a
much weaker response in another, especially under high-noise
conditions. Owing to these differences in modal observability
among measurement channels, traditional single-channel
identification methods may result in unreliable or inconsistent
identification results. To address this issue, a multi-channel SSO
analysis model is formulated to enable the simultaneous
extraction of SSO modes from multiple channels. Taking current
measurement signals as an example, the model can be expressed
as:
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where I; denotes the current of branch ; / is the sample number;
m represents the numbers of branches.

Therefore, the objective of SSO parameter identification is to
extract oscillation modes from multi-channel measurements
and determine the number of sub-synchronous modes K, along
with their corresponding modal parameters, i.e., frequency (f),
amplitude (4), damping factor (a) and phase (¢) for each mode.

B. Synchro-reassigning Transform (SRT)
Within a time window u€[¢-Au, +Au], the STFT of a single-
mode signal x(¢) is given as [16]:

Au .
S.(t,0) = L’;u X gu—-0e Oy (3)

where Au denotes half of the window size; g(¢) is the window
function.
The STFT time-frequency matrix is expressed as:

S (t,w) = [Sx (tay) S, (tw,) - S, (o, )]T

(S (6,0) S, (ty,@) S (t, @)
S (t, @) S, (t,,) S (t,,m,)

B : : : 4
S (t,0p) S, () - S.(t,,0)
_Sx(tl,a)n) S.(t,,m,) Sx(tuwn)_

According to the convolution theorem, (3) can be rewritten as:
S (o) =5 (§0) <&@ ) s)
21
where * denotes the convolution operation; %(@) and g(w)
represent the Fourier transforms of x(7) and g(¢) respectively.
Within the window u€[#-Au, t+Au], the single-mode signal x(¢)
can be approximated as x(f) = Acos(w#+¢o), and its Fourier
transform is given by:

(@) = 4 S(w—m,)e!? (6)
where A:; and w; denote the instantaneous amplitude and
frequency at time #; J(+) represents the Dirac function; @ois the
constant phase.

Substituting (6) into (5) yields:
|8, (t,@)| =| 45 (0— ) * &()] /2

=4 g(0-a)|/2
For a general multimode signal, considering the linearity of the
STFT, (7) can be extended as:

n
|8, (o)=Y |4,é@-0,)|2 (8)
i=1
where A:; and w:; represent the amplitude and instantaneous
frequency of the i-th mode at time ¢ respectively.

(7

A 4,,8(0)/2
o | 4,80)/2
E 18 A018(0)/2
= A
/ \ yi -
[(),_] w/_z (&4 {Umz—l w/.n o

Angular frequency (rad/s)
Fig. 1. Illustration of the STFT spectrum at time .

By comparing (7) and (8), |Sx(¢,w)| in (8) can be obtained by
shifting and scaling g(w) along frequency trajectories w; with
corresponding amplitudes 4,/2, as shown in Fig. 1.

According to the above analysis, the signal energy in the time-
frequency domain is concentrated around the modal frequencies
i, while a certain degree of energy dispersion occurs due to
the frequency-smearing effect inherent in STFT. To mitigate
this effect, the local maxima of |S.(f,w)| at each instant are
extracted to identify the instantaneous frequency trajectories.
This process forms the foundation of the SRT, enabling high-
precision time-frequency representation of SSO signals. To
achieve this, a three-step selection rule is applied to determine the
local maxima of |Sx(z,w)|.

First, the first-order partial derivative of |Sx(¢,w)| in (3) with
respect to w is calculated as:

ORe(S,)
1)

oIm(s.,)
s, ()| _ (Re(s")'a”m(s")'m) o)

dw S, (t,0)|
where Re(S,) and Im( S.) denote the real and imaginary parts

of |Sx(¢,w)| respectively.

The derivatives of ORe(S,)/ 0@ and dIm(S,)/ 0w in (9)
are obtained by differentiating (3) with respect to w:
oS, (1,w) ORe(S,) .0Im(S,)

b0 oo ! ow

S w(@,0)=

= [ -iu= 0w gu- ey (10
=Re(S', ,) +jIm(S’, )
where Re(S', ) and Im(S’, ) denote the real and imaginary

parts of §' .
Substituting (10) into (9) gives:

0|8, (t,0) (Re(S,)-Re(S', ) +Im(S,)-Im(S", ,,))
oo S, (1, a))|

To obtain the local maxima of |S.(¢,w)| along the frequency
direction at a given time ¢, the discrete forms of (3), (10) and
(11) are written as:

an

L-1 T
St =Y shgl-v)e "t (12)
=0
S -intt
S o@m =Y ~il-0)shgl-ne " F (13)
=0
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Re(S, (z,7))-Re(S", , (7.17))
als, e\ +Im(S,(z,m) - Im(S", ,(z.7) ) (14)
on S, (z.n)
where 5 denotes the discrete frequency center; L is the window
size; 7 denotes the discrete time index.
Based on (12)-(14), the three-step selection rule is further
defined as follows [22].
First, |Sx(¢,w)| reaches a local maximum at the discrete time-
frequency point (z, 7), satisfying:
S, (2. =] <[S,(z.1)|
|8, (.7 + D] <[S,(z.7)
Second, the first-order derivative of |Sx(¢,)| with respect to
the discrete frequency 7 equals zero:

(1s)

0|8, (z.n)| el
on
oIS, (=) _|2IS,(z.n -1
< 16
on 3-1) (1)
olS. (@.n)| _|o|S.(z.n+1)
on || am+1)

where eca denotes the calculation error, set to 10 in this research.
Third, the second-order derivative is negative, satisfying:

oS, _ 2|8, (z.n-D)|

on om-1 (17
O|S.(z.m)| _ 0|8 (r.n+)
on om+1)

By applying (15)-(17), all local maxima across time centers
can be accurately obtained. Only the coefficients in (4) that are
associated with the instantaneous frequency trajectories are
preserved, while the rest are set to 0, resulting in a sparse time-
frequency matrix SR7x(¢, w) that contains only sub/super-
synchronous oscillation modes, as expressed in (18) and (19).

SRT.(1,00) = {Sx (t, m), sati.sfyi.ng (15)-(17) as)
0, notsatisfying (15)—(17)
i 0 0 0
S, 0,) S, (0, ) St @,,)
S (t,0,)  S.(t,0,) S, (1, @,)
SRT,(t,0)= : : : (19)

St 0,)
Sx(tLaa)q)

St 0,0) S.(t,,0,,)
Sx(tlawq) Sx(tzawq)

O 0 e 0
where Si(f1, wp) represents the retained STFT coefficient of
Si(t,w) corresponding to the sub/super-synchronous oscillation

modes at time #; and frequency .

III. MULTI-CHANNEL ENHANCED SRT AND SUB/SUPER-
SYNCHRONOUS OSCILLATION IDENTIFICATION

In practice, measurement signals are often contaminated by
noise, which can introduce spurious modes and generate local
extrema that mislead the three-step selection procedure of SRT,
thereby causing deviations in the extracted modal trajectories.
Moreover, conventional SRT is inherently a single-channel
method and cannot simultaneously extract sub/super-
synchronous components from multi-channel measurements.
To address these limitations, a noise-robust mode removal
scheme is developed for SRT, and as an extension, the MESRT
is proposed to process multi-channel measurements
simultaneously, enabling accurate identification of sub/super-
synchronous oscillation modes.

A. Multi-channel Enhanced SRT (MESRT)

Let the measurement matrix I, comprising current data from
N channels, be expressed as:

T T
I, Ly 1, 1w
I I I e I
7=|"2] = 21 22 2:,L (20)
I, Iy Iy, Iy,

The STFT is applied to each channel individually, producing
time-frequency representation in the form:

S, (o) =[S, (L) S, (Loy) - S, (o, )]
_Sr(tlsa)l) Sr(tZaa)l) Sr(tLaa)l)_
S.(t, ;) S.(t,0,) S, (t,m,)

: s ; @n
1St S, () S.(t; @)
_Sr(tlﬂa)n) Sr(t29wn) Sr(tL’a)n)_

where Si(t1, wn) (=1, 2 ,......, N) denotes the STFT coefficient of
channel I, at time instant # and discrete frequency w,.

Based on (21), a global multi-channel time-frequency matrix
is constructed to capture inter-channel correlations and
facilitate the extraction sub/super-synchronous modes, as [23]:

It 2 2 22
S (1, ) = {{|s, t,0) +[8, (o) ++|Sy (t,0)| }}
Smulti (l, w) _ |:Smu1ti (t,(ol) Smulti (Z,COZ) Smulti (t, w, ):|T

Smulti (tL Lo, ) ]

»
S™ 1y, @0,)

Smulti (tl , a)l) Smulti (tz , 0)1)

Smulti (tl , @, ) Smulti (tz , 602)

Smulti (tl , a)k) Smu[ti (tz , a)k) Smulti (tL , a)k)

_Smu[ti (tl , a)n) Smulti (t2 , a)n) Smu[ti (tL 0, )_
(22)

where S"™(t;, w,) denotes the global STFT coefficient of

measurement matrix 7 at time instant #; and frequency ws.

To eliminate noise-induced spurious modes in (22), the mean
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modal energy (MME) is adopted, as MME is generally higher
for sub/super-synchronous modes than for noise components.
The MME associated with frequency w«is defined as:

1< 4
¥ = zZ:Smuln (t,a)k )2
t=1

where §"“(t, wr) denotes the STFT coefficient of $™(t, ) at
frequency w.
And the relative modal energy weight is calculated by:

uk) =7, 1 Q70
k=1
where u is the relative modal energy weight; # is the number
of rows in §"™(¢, w).

If w(k) is smaller than a predefined threshold o, the
corresponding frequency wi is considered as a noise-induced
spurious mode, and "™ (z, w) in (22) is set to 0. The selection
of uo is critical: a larger o may lead to the omission of dominant
sub/super-synchronous modes, whereas a smaller value may
retain irrelevant noise components. Typically, #0=0.02 is
adopted to ensure accurate mode identification.

(23)

(24)

After eliminating noise components, the refined time-
frequency representation in (22) is expressed as $™ (¢, w):

Smu/l‘i (t, a)):

B gmulti (tlga)l) Swmulti (tzga)l) Smulti (tL,a)l) ]

0 0 0 0

Smulti Smulti Smulti
S"M(t,0,,) S"(t,0,) ™1y, @)

S —_— —
) S0 e S |
S’vmulti (tlﬂa)q—l) S’vmulti (t29wq—1) Svmulti (tLva)q—l)
§n1ulti (tI, a)q) S”multi (tz,wq) S«multi (fL,qu)
0 0 0 0
Qmulti Qmulti Qmulti
| S (,0,) ST, ,) "N, 0,) |
Similar to (3), the TF representation S™(r,w) after
removing spurious modes can be expressed as:
~ . +00 .
S™ (1, @) = j Fw)g(u—t)e 0D dy (26)

where %(¢) denotes the time-domain signal reconstructed by
the inverse STFT of §"/ (¢, ).

Following the SRT procedure described in Section I11.B, a new
sparse TF matrix similar to (19) is obtained:

multi

(t.0) =

Svmulti (tlaa)p) L§w‘multi(l‘2’a)p) Svmulti(tL’ a)p)

Smulti (tl ’a)q) S’“multt (tz,a)q) Smulti (tL ’a)q)

| 0 0 0 |
27

Comparison of (19) and (27) highlights that the MESRT, by
eliminating spurious modes, applying the three-step selection
rule, and considering inter-channel correlations, retains only the
coefficients corresponding to real sub/super-synchronous

modes, significantly enhancing the time-frequency resolution.

B. Mode Component Reconstruction

A multi-mode coupled oscillation signal x,(¢) can generally
be expressed as:

% ()~ Z": 4 (el O )
i=1
where Ai(?), ¢'i(t) and @o,(¢) denote the instantaneous amplitude,
frequency, and locally constant phase term associated with the
time center ¢ of the i-th mode, respectively; n is the number of
modes.
The STFT of x.(?) is given by [24]:

(28)

1L ) (0 Ot
Sxm (I,CU) — EZAI (l‘)g(CO—QD',- (Z))eJ((Pl(t)H(ﬂo,, ) (29)
i=1

According to Section II.LB and III.A, instantaneous
amplitudes and frequencies can be extracted from S™ (¢, )
by locating local maximum. Therefore, the sparse time-

————mul '
frequency matrix SRT Z: ! (t,,(¢)) can be written as:

©=¢'; (1)

> ST (.gi(1) =5, (1)
=l y .
- EZ, 4 (1) (0)e! 10040

Comparing (28) and (30), we can obtain:
- L ulti n
%, (0= x5, (0=) SRTY, " (t.¢',(1)/ (£(0)/2) (31)

i=1 i=1
With the SRT ?:m (t,¢';(t)) of i-th mode expressed as:
SRT™" (1,9, (1))

_ S«multi o multi o multi (32)
- X, (tlia)i) Sxm (t2’a)i) Sxm (tL’a)i)

The SRT Z:m (t,¢';(t)) in (32) represents the subset of time-
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frequency coefficients in (27) associated with mode w;, while
the remaining coefficients are set to 0.

C. Parameter Identification Using the Hilbert Transform
The Hilbert transform is applied to the mono-frequency

mode xi(¢) obtained by MESRT, which is given by [25]:

+00 X; (T) .

X ()=2P
T -0 -7

(33)

where P denotes the Cauchy principal value.
The analytic signal of x;(¢) is then constructed as:

2,(1) = x,(t) + jx; (1) = 4,(1)e! ") (34)
where Ai(f) and ¢@i(f) are the instantaneous amplitude and

instantaneous phase respectively; The instantaneous frequency
fi(t) is obtained by differentiating @i(¢):
A (1) = x2 () + x2 (1)
St
()= arctanx’—())

i

(35)

1 dg; (1)
2n  dt

If the system has an eigenvalue o, =-1 %jo, , its

Ji@) =

oscillatory response in the time domain can be expressed as:
F(0)= Age ™ cosfit + ) (36)

where A, Ai, i and @io are initial amplitude, damping factor,

oscillation angular frequency and phase angle respectively.

Combining (34) and (36) yields:

{ln A(t)y=—-At+In 4,
@, (1) =2nfit + @,

By applying least-squares fitting to (37), the sub/super-
synchronous oscillation parameters (namely, oscillation
frequency f; and damping factor ;) can be identified from the
multi-channel measurement data.

(37

D. Framework of the Proposed Method

Algorithm 1 Implementation procedure of the MESRT method

1). Input current data I=[I,, I, **+, Iy] collected from PMUs.

2). Apply STFT to each current and obtain STFT coefficient
matrix S, (f,@) (i=1,2,---, N)of each current by (21).

3). Calculate global time-frequency matrix $™" (t,®) by (22).

4). Calculate the relative modal energy weight of each mode by
(23) and (24).

5). Eliminate noise-induced spurious modes and achieve the TF
matrix without spurious modes as (25).

6). Apply the three-step selection rule (15)-(17), and obtain the
sparse TF matrix in (27) containing only the sub/super-
synchronous oscillation modes.

7). Reconstruct the time-domain components of each sub/super-
synchronous oscillation mode using (31).

8). Identify mode parameters, e.g., oscillation frequency f;, and
damping factor 4; associated with the extracted sub/super-
synchronous modes by (37).

Based on the above analysis, the proposed MESRT method

1(t) 5(t) x3(t)

~

z4(t) l

Amplitude(kA)
=)

-5 ! ! !
0 1 2 3 4
Time(s)
Fig. 2. Waveform of the synthetic signal.
TABLE I
PARAMETERS OF THE SYNTHETIC SIGNAL
Mode [ f/Hz p/rad
sub-synchronous ! 0.3 2 w2
2 0.2 29 /3
h 3 0.2 71 -n/4
super-synchronous 4 03 75 N

identifies the oscillation frequency and damping factor of sub-
/super-synchronous oscillation modes from multi-channel
measurements. By incorporating inter-channel correlations,
MESRT ensures synchronous and accurate extraction of modal
parameters. Moreover, the combination of average modal
energy and the three-step selection rule significantly improve
the time-frequency energy concentration. The main steps of the
proposed method are summarized in Algorithm 1.

IV. CASE STUDIES

In this section, the performance of the proposed MESRT
method is evaluated using synthetic signal, simulated signal and
actual measured data from the North China power grid [8].
Comparative analysis with STFT, SET, FSST, conventional
SRT and multi-channel Prony (MProny) methods are also
conducted to validate the superiority of the proposed method.
The identification results are evaluated using the relative error
(RE), defined according to IEEE standard [26] as:

RE = M x100%
p

where p and p denote the theoretical and identified parameters.

(38)

A. Synthetic Signals
The synthetic signal, comprising two sub-synchronous

components, two super-synchronous components, and a
fundamental frequency component, is represented as:
—Ogyp 1t
s;(t) = e " coS(27 fy 1t + Py )
~Qgub 2!
s;(t)=e " coS(27 fiyp ot + Poup2)
(39)

—Qg, X !
s3(0)=e COS(27 fyp 3t + Pup3)

~Ogup, t "
AGET- A COS(277 fyp al + Pap.a)

where (asub, @sub, foub) and (Osup, @sup, fsup) are, respectively,
damping factors, phases and frequencies of the sub-
synchronous and super-synchronous components, with their
parameters listed in Table I. It should be noted that, the
amplitudes of each modal component defined in (39) are
constructed with unit amplitude, since the purpose of this case
is to verify the identification accuracy of oscillation frequency
and damping factor. The amplitude variations observed in the
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Fig. 3. Time-frequency analysis results of X using MESRT.
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Fig. 4. Comparison of reconstructed and original signals for each mode.

multi-channel signals are introduced through the linear mixing
process described in (40).

The constructed multi-channel signal matrix X in (40) is
formulated by coupling sub/super-synchronous components
defined in (39). To simulate a harsher noise environment, the

signal-to-noise ratio (SNR) of the synthetic signal is set to 30dB.

The sampling rate is 1 kHz, and a 4-s data is recorded. The
waveform of the synthetic signal is shown in Fig. 2.
x, (1) 0.8%5,(1)+0.9%s,(t)+1.2%s5,(t) +1.2%5,(2)
X, (1) 0.5%s5,(1)+0.6%5,(t)+0.9%5,(t)+0.7%s,(?)
() | 0.5%5,(6)+0.6%5,(£) +0.8%5,(1) + 0.8 %5, (r)
x4(1) 0.6%5 (1) +0.5%5,(t)+0.6 % 5;(t) +0.9%5,(?)
(40)
1) Case 1: Accuracy verification. Using the proposed
MESRT method, the multi-channel global TF matrix of the
input signal X in (27) is obtained through (21)-(24).
Subsequently, each modal component is reconstructed using
(31), and the corresponding oscillation parameters are extracted
by the HT method. The TF representation obtained by MESRT
is shown in Fig. 3. Fig. 3 demonstrates that the MESRT method
significantly improves the accuracy of sub/super-synchronous
oscillation parameter identification. By leveraging multi-
channel measurement correlations, suppressing noise-induced
spurious modes via mean modal energy, and redistributing TF
coefficients along instantaneous frequency trajectories using

7
1
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Fig. 5. Correlation between reconstructed and original signals for each mode.
TABLE Il
IDENTIFICATION PARAMETERS OF THE SYNTHETIC SIGNAL
Mode Parameter ~ Reference value Identified results RE/%
| [ 0.3 0.3022 0.7333
fIHz 25 24.9922 0.0312
2 o 0.2 0.1991 0.4500
fIHz 29 29.0038 0.0131
3 [ 0.2 0.2014 0.7000
fIlHz 71 70.9987 0.0018
4 o 0.3 0.3028 0.9333
fIHz 75 75.0092 0.0123

the three-step selection rule, the proposed method concentrates
modal energy around the true frequencies (25 Hz, 29 Hz, 50 Hz,
71 Hz, and 75 Hz), thereby mitigating the energy smearing
typically observed in existing time-frequency analysis methods.

The time-domain reconstructed signals of the sub/super-
synchronous modes are compared with their original counterparts,
as shown in Fig. 4. For clarity, only the data from 1s and 1.5s is
presented. It is clear that the proposed method accurately
decomposes all four modal components, and the reconstructed
modes closely match their corresponding original modes. To
quantitatively evaluate the reconstruction accuracy, the
correlation coefficient is calculated between each reconstructed
mode and its original counterpart, as shown in Fig. 5. Fig. 5
shows that all four reconstructed modes exhibit correlation
coefficients exceeding 0.99, demonstrating that MESRT
provides highly accurate extraction of SSO signals.

For the four extracted sub/super-synchronous oscillation
components, the corresponding modal parameters (oscillation
frequency fand damping factor «) obtained via the HT method
are summarized in Table II. It is clear that, the frequency
estimation demonstrates very high accuracy for all four modes,
with the maximum relative error of 0.0312% observed in Mode
1. In comparison, the identified damping factors for Modes 1-4
exhibit relative errors of 0.7333%, 0.45%, 0.7%, and 0.9333%,
respectively. The slightly larger deviations observed in the
damping factor estimation are expected due to its higher
sensitivity to mnoise and signal reconstruction accuracy.
Nevertheless, all damping factor errors remain below 1%,
indicating excellent agreement with the theoretical values. These
results confirm that the proposed MESRT method provides
highly accurate and reliable parameter identification of
sub/super-synchronous oscillation.

2) Case 2: Comparison with other methods. In this case study,
the proposed method is compared with STFT-, SET-, FSST- and
conventional SRT-based methods in terms of parameter
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Fig. 6. Comparison of time-frequency analysis results using different methods.
TABLE 11
PARAMETER IDENTIFICATION OF THE SYNTHETIC SIGNAL BY DIFFERENT METHODS
a f
Method 4 ificdvalue  REP  Identified valudHz _ REP%
Theoretical 0.3 - 25 -
Proposed 0.3022 0.7333 24.9922 0.0312
STFT-HT 0.2911 2.9667 24.9906 0.0376
SET-HT 0.3070 2.3333 24.9912 0.0352
FSST-HT 0.3064 2.1333 24.9918 0.0328
SRT-HT 0.3048 1.6000 24.9920 0.0320
MProny 0.3230 7.6667 24.9901 0.0396

identification accuracy. It should be noted that all four
comparative methods are inherently single-channel approaches.
Therefore, the best identification results among all measurement
channels obtained by each single-channel methods are selected
and used for comparison with the proposed method. The time-
frequency analysis results for the measured signal in Fig. 2 are
shown in Fig. 6. In Fig. 6 (a), STFT exhibits poor time-frequency
resolution, resulting in severe energy overlap among oscillation
modes. Fig. 6 (b) shows that the SET method mitigates the energy
dispersion of STFT through a synchrosqueezing operator;
however, noticeable local spreading and significant energy
mixing remain. In particular, leakage occurs between the 25 Hz
and 29 Hz modes, as well as between the higher-frequency 71Hz
and 75 Hz modes, preventing a clean separation of these
oscillatory components. Fig. 6(c) shows that FSST effectively
concentrates energy around the true modal frequencies by
applying a synchrosqueezing operator, but the use of a fixed
window leads to unsmooth time-frequency trajectories. Fig. 6(d)
reveals that although the traditional SRT enhances smoothness
and scale resolution of the TF representation, it does not leverage
multi-channel correlations and remains noise sensitive compared
with the proposed method in Fig. 3. Consequently, energy
diffusion appears in the TFR, hindering the formation of compact
and well-defined frequency concentration regions.

Furthermore, the reconstructed time-domain components are
analyzed, and oscillation parameters are extracted using the HT
method; for brevity, only the best-identified case, namely the 25
Hz mode, is presented. The results are summarized in Table III,
together with those obtained from the multi-channel Prony-based
approach. Analysis of Table III indicates noticeable differences
among the compared methods in both frequency and damping
factor estimation. The multi-channel Prony approach exhibits the
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Fig. 7. Frequency and damping factor errors by the proposed method under
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Fig. 8. Rényi entropy of different methods under various noise levels.

largest estimation errors, with damping factor and frequency
errors reaching 7.6667% and 0.0396% respectively. This
degradation is mainly attributed to its high sensitivity to noise and
model mismatch, which may lead to inaccurate modal fitting
under noisy conditions. For the time-frequency based approaches,
all methods achieve comparable frequency identification, with
the maximum error observed in the STFT method being
approximately 0.0376%. However, for damping factor
identification, the proposed MESRT method yields the smallest
relative error. Specifically, the identification errors of damping
factors obtained by the proposed MESRT, and by the STFT-,
SET-, FSST- and SRT-based methods are 0.7333%, 2.9667%,
2.3333%, 2.1333%, and 1.6000% respectively. The STFT-based
method produces the largest damping factor error, indicating its
relatively poor time-frequency energy concentration capability.
Compared with STFT, the FSST- and SET-based methods reduce
the estimation errors due to their enhanced energy concentration
mechanisms; however, their performance remains affected by
noise contamination. The SRT-based method achieves improved
accuracy compared with STFT, SET, and FSST, but its reliance
on tracking local maxima makes it susceptible to noise-induced
spurious components, which may lead to deviations in modal
trajectory extraction. In contrast, the proposed MESRT method
achieves the smallest estimation error among all compared
approaches. This improvement is mainly attributed to the multi-
channel cooperative framework and the modal energy-based
threshold strategy, which effectively suppress noise-induced
spurious modes and enhance the reliability of oscillation
parameter estimation. These results verify that the proposed
method provides improved accuracy and enhanced robustness
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TABLE IV
MONTE CARLO SIMULATION OF THE SYNTHETIC SIGNAL BY DIFFERENT METHODS
a S
Method
Mean Variance Mean/Hz Variance/Hz?
Proposed 0.3035 4.41x10* 24.9982 1.44x10*
STFT-HT 0.2945 72.25%10% 25.0064 13.16x10*
SET-HT 0.3092 38.44x10* 24.9960 6.25x10*
FSST-HT 0.3085 30.25x10* 24.9976 5.76x104
SRT-HT 0.3067 8.41x10* 24.9979 2.56x10*
MProny 0.3402 121.49x104 25.0111 24x10*

against noise, demonstrating its effectiveness for sub-/super-
synchronous oscillation parameter identification.

3) Case 3: Robustness to noise. The robustness of the
proposed method against noise is evaluated by testing the signal
shown in Fig. 2 with the SNR gradually reduced from the initial
30 dB to 25 dB, 20 dB, and 15 dB. The proposed method is then
applied to identify the oscillation parameters, and Fig. 7 presents
the frequency and damping factor errors for the four sub/super-
synchronous oscillation modes. As shown in Fig. 7, both the
frequency and damping factor errors increase as the SNR
decreases. For frequency estimation, Fig. 7(a) shows that the
errors remain extremely small across all noise levels; even under
the strongest noise condition (SNR=15 dB), the maximum
frequency error remains below 0.0372%. In contrast, the
damping factor estimates shown in Fig. 7(b) exhibit higher
sensitivity to noise. When the SNR drops to 15 dB, the maximum
damping factor error reaches 3.05% for the 29 Hz mode, yet this
level of deviation is still acceptable for engineering applications.
Such strong noise robustness mainly benefits from the
introduction of average modal energy, which -effectively
suppresses noise-induced spurious modes, and the incorporation
of the three-step selection rule, which concentrates the time-
frequency energy around the true frequency trajectories, thereby
enhancing overall noise resistance.

Furthermore, Gaussian white noise is added to the signal in
(40) with an SNR varying from 0 to 30 dB in 2 dB increments.
The proposed method is compared with STFT-, SET-, FSST-,
and conventional SRT-based methods in terms of oscillation
parameter identification performance under varying noise
conditions. In addition, the Rényi entropy is employed to
quantitatively evaluate the concentration of time-frequency
energy in the results. A lower Rényi entropy indicates stronger
energy concentration and better accuracy in tracking the true
instantaneous frequencies [27]. The Rényi entropy values by the
five methods under different SNRs are shown in Fig. 8.

As illustrated in Fig. 8, the Rényi entropy of all methods
increases progressively as the noise level increases. Among the
compared methods, STFT exhibits the largest Rényi entropy
across all SNRs, indicating the poorest energy concentration in
its TF representation. The SET estimates instantaneous frequency
via a synchroextracting operator, which mitigates mode mixing
issue but remains sensitive to noise. FSST enhances localization
through synchrosqueezing, thereby improving noise resistance to
a certain degree; however, it may still compress noise
components erroneously. For the traditional SRT, noise-induced
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TABLE V
IDENTIFICATION RESULTS OF THE SIMULATED SIGNAL USING MESRT

Mode  Parameter Reference value Proposed RE/%
1 o 0.2885 0.2897 0.4159
fIHz 21.0357 21.0428 0.0133

) o 0.2356 0.2372 0.6791
fHz 78.9529 78.9591 0.0079

spurious modes may generate false local extrema, leading to
degraded accuracy under low-SNR conditions. In contrast, the
proposed method consistently achieves the lowest Rényi entropy
across all SNRs, with the improvement becoming more
pronounced under high-noise conditions. These results clearly
demonstrate the proposed method exhibits superior robustness
and accuracy in identifying sub/super-synchronous oscillation
parameters even under severe noise conditions.

4) Case 4: Monte Carlo statistical evaluation. To further
statistically evaluate the identification accuracy and robustness of
the proposed method, a Monte Carlo simulation is conducted. In
this study, the synthetic signal described in (39) is used as the test
signal. Gaussian white noise with an SNR of 30 dB is added to
the signal, and independent noise realizations are generated in
each trial to emulate measurement uncertainty. A total of 200
independent trials are conducted. In each trial, the oscillation
parameters, including the oscillation frequency and damping
factor, are estimated using the proposed MESRT method, as well
as the STFT-, SET-, FSST-, multi-channel Prony- and
conventional SRT-based approaches. The mean and standard
deviation of the estimation errors are then calculated to
statistically evaluate the identification performance of each
method.

Table IV summarizes the Monte Carlo results for the 25 Hz
oscillation mode. It can be observed that the proposed MESRT
method achieves the smallest mean estimation errors and the
lowest standard deviations for both the oscillation frequency and
damping factor among the compared methods. These results
indicate that the proposed method provides not only higher
identification accuracy but also improved statistical stability
under noisy measurement conditions.
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TABLE VI
RELATIVE ERRORS OF PARAMETER IDENTIFICATION FOR SIMULATED SIGNALS USING VARIOUS METHODS UNDER DIFFERENT NOISE LEVELS
RE/%
Noise Mode 1 Mode 2
level/dB Proposed  STFT SET FSST SRT  MProny Proposed STFT SET FSST SRT  MProny
30 o 0.6932 2.6690 2.2877 19757 1.6984 10.0173 1.5705 3.8200 3.0560 2.1647 1.7403 10.4652
f 0.0352 0.0894 0.0822 0.0737 0.0551 0.1017 0.0086 0.0331  0.0205 0.0179 0.0095  0.0399
25 o 1.0399 2.8076 2.5997 2.2184 2.0104 13.5529 1.6553 42869 3.6927 2.6316 1.8251 14.5586
f 0.0456 0.0965 0.0898 0.0784 0.0575 0.1117 0.0092 0.0333  0.0247 0.0196 0.0124  0.0454
20 o 1.1438 3.1889 29116 2.4957 2.1837 19.4107 1.7827 4.6689 4.0323 3.7351 2.0798 20.5433
f 0.0461 0.1022 0.0922 0.0822 0.0594  0.1307 0.0096 0.0339 0.0262 0.0214 0.0152  0.0512
15 o 1.3521 3.7088 3.2236 29116 23917 27.3830 1.9525 5.6027 4.6265 4.3718 3.0136 329117
f 0.0479 0.1112 0.0998 0.0865 0.0656  0.1602 0.0100 0.0353 0.0282 0.0236 0.0199  0.0564
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Fig. 11. Identification results of different methods under different SNRs.

B Simulated Oscillation Signals

In this section, the proposed method is validated using
simulated SSO data. A grid-connected doubly fed induction
generator (DFIG)-based wind farm with a series-compensated
transmission line is modeled in MATLAB/Simulink, as shown in
Fig. 9. The equivalent wind farm consists of 66 DFIGs, each rated
at 1.5 MW. Key parameters are provided in the Appendix, and

detailed information of the simulation model can be found in [20].

The initial wind speed is set to 11 m/s, and the series
compensation level is 10%.

In the simulation scenario, the system operates under steady-
state conditions until a SSO is excited when the series
compensation level increases from 10% to 45% at =2 s. The
oscillation is triggered by the electrical resonance between the
transmission-line series capacitor and the inductance of the
remaining system. The three-phase current waveform at the
DFIG terminal are analyzed over a 8-s data window, as shown in
Fig. 10 (a). The data between 2 s and 4 s are used for further
analysis. The windowed Fourier transform (WFT) with a
frequency resolution of 0.5Hz is then applied. The resulting WFT
spectrum in Fig. 10 (b) reveals, in addition to the fundamental
component, a pair of sub- and super-synchronous oscillation
modes at 21.04 Hz and 78.96 Hz respectively.

The proposed MESRT method is applied to the simulated data
between 2s and 4 s, to obtain the parameters of each oscillation
component. Since the true oscillation parameters in the model-
based simulation are unknown, the variational mode
decomposition combined with the HT (VMD-HT) method is
employed as a benchmark [14]. The identification results of both
methods are summarized in Table V. Additionally, the proposed
method is compared with STFT-, SET-, FSST-, and traditional
SRT-based methods, as well as multi-channel Prony method,

(c)Damping factor of Mode 2 (d)Frequency of Mode 2
under different noise levels. The corresponding results are listed
in Table VI and Fig. 11.

As shown in Table V, the proposed method accurately
identifies two sub/super-synchronous modes at 21.0428 Hz and
78.9591 Hz from the simulated data, which is consistent with the
spectral observations in Fig. 10 (b). The maximum identification
errors in oscillation frequency and damping factor are only
0.0133% and 0.6791% respectively, indicating a high level of
estimation accuracy. Such high identification accuracy is mainly
attributed to the multi-channel cooperative framework and the
modal energy-based threshold strategy, which effectively
suppress noise-induced spurious modes and improve the
reliability of oscillation component extraction. Consequently, the
identified results closely align with the benchmark values, further
confirming the effectiveness of the proposed method in
extracting oscillation parameters.

As summarized in Table VI and Fig. 11, it can be observed that
as the SNR decreases from 30 dB to 15 dB, the identification
accuracy of all methods deteriorates to different extents for both
frequency and damping factor estimation, with damping factor
showing higher sensitivity to noise. In particular, at an SNR of 15
dB, the damping factor errors of mode 2 obtained by the proposed
method, STFT-, SET-, FSST-, SRT-based and multi-channel
Prony methods are 1.9525%, 5.6027%, 4.6265%, 4.3718%,
3.0136% and 32.9117% respectively, indicating that the
proposed method maintains the highest accuracy even under
strong noise conditions. Among the comparative methods, multi-
channel Prony method exhibits the poorest performance, with the
error reaching 32.9117% for Mode 2, reflecting its poor noise
immunity. For the STFT method, the frequency and damping
factor errors are 0.1112% and 3.7088% for mode 1, and 0.0353%
and 5.6027% for mode 2, although it performs better than the
multi-channel Prony method, noticeable errors still exist. The
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improved variants of STFT (SET, FSST, and SRT) show
improved accuracy due to enhanced time-frequency energy
concentration; however, their estimation errors remain larger
than those of the proposed method. Therefore, it can be
concluded that the proposed method achieves precise and noise-
resilient identification of sub/super-synchronous oscillation
parameters.

C Measurement Data from an Actual SSO Event

The proposed method is further validated using measured data
recorded during an actual SSO event occurred in the North China
power grid [8]. The oscillation was triggered by the interaction
between permanent magnet direct-drive wind turbines and a
weak grid, with the detailed system topology described in [8]. Fig.
12 (a) shows the measured A-Phase and C-phase current
waveforms over a 10-s period following the event, sampled at 1
kHz. The data from 4 to 6 s are selected for analysis, and the
corresponding WFT spectrum is presented in Fig. 12 (b). The
spectrum clearly reveals a distinct sub-synchronous component
around 8.3 Hz in addition to the fundamental component.

The proposed MESRT method is applied to the selected
measurement data, and the resulting time-frequency
representation is shown in Fig. 13. It can be observed that the
proposed method accurately tracks the instantaneous frequencies
of the two dominant modes, with strong energy concentrations
near 8.3 Hz and 50 Hz. These results are consistent with the WFT
spectrum in Fig. 12 (b), confirming the validity the extracted
modal parameters.

Subsequently, the time-domain oscillatory components are
reconstructed, the oscillation frequency and damping factor of
each mode are identified using the HT method. The
corresponding identification results are summarized in Table VII
and Fig. 14. For comparison, the results obtained using the STFT-
HT, SET-HT, FSST-HT, SRT-HT and multi-channel Prony
methods are also listed, while the reference values reported in [28]
serve as benchmarks. As shown in Table VII and Fig. 14, the
dominant oscillation mode associated with the actual SSO event
exhibits a frequency of 8.2765 Hz and a damping factor of 0.2287.
The results obtained by the proposed method closely match the
reported values in [28], with corresponding frequency and
damping factor errors of 0.0072% and 0.6559% respectively. In
contrast, the five comparative methods yield larger deviations.
Among them, the multi-channel Prony method produces the
largest identification errors, with the errors of 0.0918% and
16.3096% for frequency and damping factor respectively,
followed by the STFT-HT, SET-HT, FSST-HT and SRT-HT
methods. These results indicate that the proposed method can
accurately identify the SSO signals in an actual power system.

D Comparison of Computational Efficiency

Table VIII summarizes the computation times of different
identification methods, including the proposed method,
conventional SRT-HT, FSST-HT, SET-HT, STFT-HT, and the
multi-channel Prony (MProny) methods. All simulations were
conducted in MATLAB® version 2022b on a computing
platform equipped with an Intel Core i7-13650HX @ 2.60 GHz
processor and 8 GB RAM. As shown in Table VIII, the STFT-
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TABLE VII
PARAMETER IDENTIFICATION RESULTS OF THE MEASURED SIGNAL BY
DIFFERENT METHODS

a S
Method - 40 fiedvalue  RE%  Ildentificd valu/Hz  RE/%
Reported
values [28] 0.2287 - 8.2765 -
Proposed 0.2272 0.6559 8.2759 0.0072
STFT-HT 0.2201 3.7604 8.2694 0.0858
SET-HT 0.2227 2.6235 8.2728 0.0447
FSST-HT 0.2241 2.0114 8.2736 0.0350
SRT-HT 0.2259 1.2243 8.2753 0.0145
MProny 0.1914 16.3096 8.2689 0.0918

HT method yields the shortest computation time, with reductions
of 70.96%, 66.02% and 69.04% compared with the proposed
method for synthetic signals, simulated oscillation signals and
actual SSO event respectively; however, its identification
accuracy degrades significantly. The improved variants of STFT
(e.g., SET, FSST and SRT) exhibit comparable computation
times. Due to the introduction of time-frequency energy
concentration techniques, their computation times increase
noticeably compared with the conventional STFT, with increase
0f 51.68%, 46.66%, and 48.57% for FSST, 49.31%, 45.47%, and
48.50% for SET, and 46.69%, 40.02%, and 45.86% for SRT, for
synthetic signals, simulated oscillation signals, and the actual
SSO event, respectively. Nevertheless, these three methods still
require less computation time than the proposed method. This is
mainly because the proposed method employs a multi-channel
cooperative framework and an energy-threshold based strategy to
suppress noise-induced spurious modes, thereby significantly
improving identification accuracy at the cost of additional
computation time. Among all comparative methods, the multi-
channel Prony method requires the longest computation time,
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TABLE VIII TABLE Al
COMPARISON OF COMPUTATION TIMES FOR DIFFERENT METHODS SYSTEM PARAMETERS
Synthetic Simulated Oscillation Actual SSO Parameter Value
Method . .
Signals/s Signals/s Event/s System voltage 110 kV
MESRT-HT 1.4374 1.0937 1.2353 Transformer voltage 110 kV/690 V
SRT-HT 0.7830 0.6195 0.7065 .
FSST-HT 0.8639 0.6967 0.7438 Equivalent system reactance, Xsysem 19.98 Q
SET-HT 0.8235 0.6815 0.7427 Transmission line inductance, L 1.32H
STFT-HT 0.4174 0.3716 0.3825 Transmission line resistance, R 5.12Q
MProny 2.3841 1.9496 2.1496 ’
] Series capacitance, C 76.55 uF
reaching 2.3841 s, 1.9496 s, and 2.1496 s for the three cases
respectively, mainly due to the computational burden associated TABLE All
with  high-order matrix construction and eigenvalue GENERATOR PARAMETERS
decomposition inherent in the Prony-based estimation. Parameter Value Dcﬁ?rimeter. 1 Value
Nominal voltage 690 V 1K nomina 1200V
voltage
CONCLUSION Stator resistance 0.023 p.u. Magnetizing reactance 3.1pu.
This paper proposes a multi-channel enhanced synchro- Stator reactance  0.3012 p.u. Inertia constant 0.685
reassignment transform (MESRT) combined with a Hilbert Rotor resistance  0.016 pu Viscous friction 0.01
transform-based identification scheme for extracting sub/super- N goeﬁ;c‘e{‘t .
. . . umoer o1 pole pairs
synchronous oscillation parameters from multiple PMU Rotorreactance  0.2058p.u. poep 3
measurements. By extending the conventional single-channel
SRT to a multi-channel cooperative framework, MESRT TABLE AlII
. . . DFIG CONTROLLER PARAMETERS
exploits spatial measurement correlations and mean modal Paramoter Value
energy to suppress noise-induced spurious modes. The three- Proportional gain of DC-link voltage )23
step selection rule further enhances energy aggregation along controller, K, 4 '
instantaneous frequency trajectories, alleviating the scale- Integral %?)ﬁﬁ)ﬁl?rc}?nk voltage 280.29
. . . . . . 5 Nide
blurring issue inherent in conventional time-frequency Proportional gain of RSC current ol
representations. Case studies using synthetic, simulated and real controller, K, rsc :
measured data demonstrate that the proposed method Integral gain OfRIEC current controller, 8.11
. . . . . . i,RSC
consistently achieves improved parameter identification Proportional gain of GSC current
accuracy and maintains stable performance under low-SNR controller, K, sc 901
conditions compared with the STFT-, SET-, FSST- and Integral gain of GSC current controller, 603.36

conventional SRT-based approaches. In addition, relative to
conventional multi-channel Prony approach, the proposed
method provides more robust and consistent identification
results for sub-/super-synchronous oscillations, particularly
under noisy measurement conditions.

The proposed framework offers an effective solution for sub-
/super-synchronous oscillation monitoring, where noise-
contaminated PMU measurements pose significant challenges.
By enabling reliable multi-channel parameter extraction with
enhanced robustness against measurement noise, this work
provides technical support for wide-area oscillation monitoring,
early warning, and stability assessment in modern power
systems.

APPENDIX A

The parameters of the simulated DFIG-based wind farm
system in Section IV.B are adopted from the benchmark model
reported in [20]. The detailed values are listed in Tables Al, AIl
and AIIL.

APPENDIX B

This appendix discusses the rationale for selecting the relative
modal energy weight threshold xo in this paper, based on three
types of data considered in Section IV, including synthetic
signals, simulated oscillation signals and actual measurement

Kigsc

data. The values of uo are chosen as 0.01, 0.02 and 0.03 for the
three respective case studies.

1. Synthetic Signals

The synthetic signal consists of two pairs of sub- and super-
synchronous oscillation modes with frequencies of 25 Hz, 29 Hz,
71 Hz, and 75 Hz, along with the fundamental frequency
component. To emulate a relatively severe noise environment,
additive Gaussian white noise with an SNR of 15 dB is
introduced. Under such conditions, (i) additional noise-induced
spurious modes may appear, and (ii) these spurious modes may
occupy relatively large modal energy weights. Therefore, the
determination of xo is illustrated under the SNR of 15 dB. The
synthetic signal is first processed using STFT for each
measurement channel, and the resulting time-frequency matrices
are combined to form a global multi-channel time-frequency
matrix. The relative modal energy weights at each frequency are
then calculated, the corresponding results are shown in Fig. B1.

For synthetic signals, it can be clearly observed from Fig. B1
that with a threshold of 0.01, the relative modal energy weights
at the inherent sub- and super-synchronous oscillation
frequencies exceed threshold wo. However, the energy weights
corresponding to spurious modes (e.g., spurious mode 2 and
spurious mode 4) also exceed threshold w0 and are thus incorrectly
retained. This is attributed to the relatively small threshold o,
which is insufficient to effectively suppress noise-induced
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Fig.B3 Relative modal energy weights at each frequency of the actual SSO event.

components. When o is set to 0.02, only the four true sub- and
super-synchronous oscillation modes are preserved, which is
consistent with the actual oscillation frequencies of the synthetic
signal. When o is further increased to 0.03, the relative energy
weights corresponding to the sub-synchronous oscillation
frequencies of 25 Hz and 29 Hz become smaller than x4 and are
thus incorrectly eliminated, which is caused by an excessively
large threshold .

2. Simulated Oscillation Signals

As described in Section IV.B, the simulated sub-/super-
synchronous oscillation signal contains oscillation modes at
21.04 Hz and 78.96 Hz, along with the 50 Hz fundamental
component. Additionally, Gaussian white noise with an SNR of
15 dB is added to the oscillation signal. The STFT is applied to
the simulated signals, and the multi-channel joint time-

frequency matrix is constructed. The relative modal energy
weights of each frequency band are then calculated, with the
results shown in Fig. B2.

It is clear that, for the simulated signals, when the threshold zo
is set to 0.01, the relative mode energy weights of the spurious
mode 1 and spurious mode 4 exceed threshold o, preventing its
effective removal. This is likely due to the excessively small
threshold w0, which causes noise-induced spurious modes to be
incorrectly retained as real oscillation modes. When wo is set to
0.02, the sub-synchronous mode at 21.04 Hz and the super-
synchronous mode at 78.96 Hz are accurately preserved.
However, when o is set to 0.03, the relative mode energy weight
of'the super-synchronous mode at 78.96 Hz becomes smaller than
threshold wo, leading to its incorrect removal. This issue is
attributed to the relatively large threshold .

3. Measurement Data from an Actual SSO Event

An actual SSO event with a frequency of 8.3 Hz occurred in
the North China power grid. The STFT is applied to the
measurement signal of each channel to obtain the corresponding
time-frequency coefficient matrices, and a global multi-channel
time-frequency matrix is constructed. The relative modal energy
weight at each frequency band is then calculated, and the results
are shown in Fig. B3. It is evident that, for all threshold values
of o (0.01, 0.02 and 0.03), the sub-synchronous oscillation
mode at 8.3 Hz is consistently preserved, without introducing
additional noise-induced spurious modes. This result aligns
with the actual system behavior.

Based on the results shown in Figs B1-B3, it can be concluded
that a relatively small threshold xo may lead to the retention of
noise-induced spurious modes from the measurements, whereas
an excessively large 1o may result in the loss of true sub-/super-
synchronous oscillation modes. Therefore, by setting uo to 0.02
across all cases, the proposed method can effectively preserve the
dominant sub-/super-synchronous oscillation modes without
introducing irrelevant noise-induced spurious components.
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