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Abstract——Forced oscillation source localization (FOSL) using 
synchrophasor measurements is critical for mitigating forced os‐
cillations (FOs) in power systems. However, the performance of 
the conventional dissipating energy flow (DEF) is significantly 
affected by measurement noise and other irrelevant modal com‐
ponents. To address this challenge, an optimal subspace-en‐
hanced (Os-enhanced) dynamic mode decomposition (DMD)-as‐
sisted DEF-based FOSL is proposed in this paper using synchro‐
phasor measurement. First, Os-enhanced DMD is employed to 
decompose multi-channel measurements into time-domain re‐
sponses of individual modes. Then, the time-domain compo‐
nents associated with FO are distinguished from the decom‐
posed modes based on the rate of change of modal energy, and 
are subsequently used to calculate the DEF at all generator bus‐
es. Furthermore, the rate of forced energy is introduced as an 
indicator of energy flow direction to localize the FO source. The 
performance of the Os-enhanced DMD-assisted DEF is evaluat‐
ed by the simulated data from IEEE 16-machine 5-area system 
and field phasor measurement unit (PMU) measurement data 
from Independent System Operator New England (ISO-NE). 
Comparative results demonstrate that the Os-enhanced DMD-
assisted DEF achieves improved accuracy and robustness for lo‐
calizing FO sources under noisy conditions.

Index Terms——Forced oscillation (FO), oscillation source local‐
ization, dissipating energy flow (DEF), dynamic mode decompo‐
sition (DMD), synchrophasor measurement.

I. INTRODUCTION

IN recent years, forced oscillations (FOs) have emerged as 
a significant threat to the security and stability of modern 

power systems. FOs are typically induced by external period‐
ic disturbances such as cyclic loads or electrical and mechan‐
ical oscillations caused by malfunctioning controllers [1]. 
FOs often occur abruptly and unpredictably, while conven‐
tional controllers are not designed to damp such oscillations. 
When FOs coincide with a natural system mode, they can 
potentially cause catastrophic blackouts. In August 2013, an 
FO with a frequency of 0.9 Hz occurred in the power grid 
operated by New York Independent System Operator (NY‐
ISO), resulting in significant power oscillations across inter‐
connections [2]. In January 2019, an FO with a frequency of 
0.25 Hz occurred in the Eastern Interconnection, USA, prop‐
agating across the entire grid [3]. It is widely acknowledged 
in both industry and academia that effective mitigation of 
FOs relies on accurate identification and isolation of their 
sources. Therefore, developing effective methods for localiz‐
ing FO sources is of paramount importance.

Extensive research efforts have been devoted to localizing 
FO sources. In [4], a hybrid dynamic simulation method is 
proposed to identify the region of the FO source. In [5], a 
mode shape-based method is employed to localize FO sourc‐
es using spatial characteristics. However, with the increasing 
scale and complexity of power systems, acquiring accurate 
system models and parameters becomes increasingly diffi‐
cult. As a result, purely model-based source localization 
methods may suffer from limited practicality and reliability. 
In recent years, the widespread deployment of wide-area 
measurement systems (WAMSs) has provided new opportuni‐
ties for data-based FOSL. In [6], statistical indicators includ‐
ing kurtosis and power spectral density are used to identify 
FO sources using measurement data. In [7] and [8], damping 
torque coefficients derived from measured data are em‐
ployed to localize FO source. However, the torque coeffi‐
cient may vary across different oscillation modes, making 
these methods less effective under certain conditions. Artifi‐
cial intelligence (AI) -based methods have also been pro‐
posed for FOSL by establishing mapping relationships be‐
tween oscillation data and source location. Typically, these 
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methods are trained offline using historical datasets and then 
applied online for real-time source localization [9], [10]. 
However, their performance heavily depends on the represen‐
tativeness of the training data, and retraining is often re‐
quired when system conditions change. In addition, the lack 
of physical interpretability remains a limitation. In [11], a 
practical dissipating energy flow (DEF) calculation method 
using phasor measurement unit (PMU) data is proposed, 
with extensions to the frequency domain [12] and time-fre‐
quency domain [13]. Among the existing methods, the ener‐
gy-based methods stand out and show promising perfor‐
mance in identifying FO sources due to their clear physical 
interpretation.

Although the energy-based methods are effective in identi‐
fying FO sources, their performance strongly depends on the 
accurate extraction of FO components from measurement da‐
ta. To address this issue, variational mode decomposition 
(VMD) and empirical mode decomposition (EMD) are pro‐
posed in [14] and [15], respectively, to extract FO compo‐
nents using intrinsic mode functions. In [16], a band-pass fil‐
ter method is applied to extract FO components. More re‐
cently, time-frequency analysis techniques, including the 
short-time Fourier transform-based synchrosqueezing trans‐
form (FSST) [17] and the synchrosqueezing wavelet trans‐
form (SWT) [18], have been employed to extract FO compo‐
nents, which are then used to calculate DEF. However, the 
aforementioned methods are predominantly designed for sin‐
gle-channel signal analysis, requiring each measurement 
channel to be processed independently. This leads to low 
computation efficiency and inconsistent FO component ex‐
traction due to the neglect of correlations among multiple 
channels. Hence, multi-channel decomposition methods such 
as multivariate EMD (MEMD) [19] and multivariate VMD 
(MVMD) [20] have been proposed. Nevertheless, these meth‐
ods remain susceptible to mode mixing, which may result in 
inaccurate FO extraction, especially in the presence of strong 
noise.

To effectively localizing FO sources under noisy condi‐
tions, this paper proposes optimal subspace-enhanced (Os-en‐
hanced) dynamic mode decomposition (DMD)-assisted DEF. 
First, we employ the Os-enhanced DMD to extract a state-
space matrix from the PMU measurements. Then, eigenvalue 
decomposition is performed on the extracted matrix to ob‐
tain the time-domain responses of individual mode, includ‐
ing active power, reactive power, voltage magnitude, and fre‐
quency of each generator. Subsequently, FO components are 
identified via the rate of change of modal energy (RCME). 
Using the identified FO components, the DEF and its corre‐
sponding rate of forced energy (ROFE) are calculated for all 
generators. The FO source is intuitively identified using nor‐
malized ROFE. The main contributions of this paper are 
summarized as follows.

1) Os-enhanced DMD is employed to decompose multi-
channel measurements into time-domain responses of individ‐
ual modes, enabling simultaneous FO component extraction 
from multiple measurement channels. By fully considering 
the correlations across different channels, the accuracy of 
FO component extraction is improved.

2) The modal energy of the time-domain components ob‐
tained by Os-enhanced DMD is calculated to evaluate the 
contribution of each mode to the overall system oscillation, 
and the FO mode is identified based on the relative RCME 
values and their consistency across all measurement chan‐
nels. By incorporating subspace optimization on the Grass‐
mann manifold, Os-enhanced DMD effectively concentrates 
the FO components, mitigating the noise-induced mode dis‐
tortion and accuracy degradation encountered in convention‐
al DMD.

3) Os-enhanced DMD-assisted DEF is proposed (hereafter 
termed as the proposed DEF) to effectively localize FO 
source. By combining the extracted FO components with the 
conventional DEF, the direction of energy flow injected by 
each generator is determined, and the FO source is then lo‐
calized based on normalized ROFE. The integration of Os-
enhanced DMD enables rapid and accurate FO component 
extraction, significantly improving the accuracy and robust‐
ness of the proposed DEF.

4) Simulation studies, including FOs triggered by excita‐
tion and governor systems under varying disturbance ampli‐
tudes, frequencies, and noise levels, demonstrate the effec‐
tiveness of the proposed DEF and its superior noise robust‐
ness.

The remainder of this paper is organized as follows. Sec‐
tion II presents the problem statement of FO. Section III in‐
troduces the theoretical background. Section IV presents the 
analysis of the proposed DEF. Section V presents the case 
studies. Section VI concludes the paper.

II. PROBLEM STATEMENT OF FO

A periodic forced disturbance can influence generators 
and their associated state variables. The schematic diagram 
of power system with FO sources shown in Fig. 1 illustrates 
various FO sources including generator governor, exciter, cy‐
clic load, and high-voltage direct current (HVDC) converter, 
etc., where V x and θx (xÎ{imjkln}) are the voltage mag‐
nitude and phase angle at bus x, respectively. Each compo‐
nent may potentially serve as an FO source. The impact of 
FOs injected by external sources is analyzed using the fol‐
lowing mathematical model as:

ẋ = f (xyu) (1)

0 = g(xyu) (2)

where xÎRnx is the nx-dimensional state variable vector; 
yÎRny is the ny-dimensional observation variable vector; f (·) 
and g(·) are the nonlinear differential and algebraic equa‐
tions, respectively; and u is the vector of periodic distur‐
bance and is assumed to follow an Ornstein-Uhlenbeck (OU) 
process, which is given by [21]:

u̇ =-Eu +Fejωt (3)

where E is the diagonal matrix whose diagonal elements rep‐
resent the correlation time constants of the disturbances; F is 
the amplitude matrix of the periodic disturbance; t is the 
time step; and ω is the disturbance frequency.

By linearizing (1) and (3) and eliminating y from (1), the 
power system dynamic model under periodic disturbances 
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can be expressed as:
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where fx, fy, and fu are the Jacobian matrices of f (·) with re‐
spect to x, y, and u, respectively; and gx and gy are the Jaco‐

bian matrices of g(·) with respect to x and y, respectively.
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then, (4) can be rewritten as:

ż =Az +W (5)

Equation (5) represents the linearized state-space model 
under a periodic disturbance applied to the generator. The ei‐
genvalues associated with the system oscillation modes can 
be obtained as λr = δr + jωr, where the subscript r denotes the 
r th mode; δr is the damping coefficient of the system oscilla‐
tion mode; and ωr is the angular frequency of the system os‐
cillation mode. Accordingly, the analytical time-domain ex‐
pression of the system state variables is given by:

z(t)=
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FO

Natural  oscillation

 (6)

where vr and ur are the left and right eigenvectors, respec‐
tively; z(0) is the initial state vector; φr is the initial phase; 
and ⊗ is the convolution operator.

In (6), the system response to periodic disturbances con‐
sists of two components: natural oscillation and FO. Since 
power system controllers are typically not designed to damp 
such extrinsic FOs, these oscillations may propagate through‐
out the power grid. Therefore, rapidly and accurately identi‐
fying and localizing FO sources are essential for maintaining 
the security and stability of the power system.

III. THEORETICAL BACKGROUND

A. DEF

During FOs in power systems, the FO source continuous‐
ly injects energy into the grid, which then propagates 
throughout the system. By analyzing the pattern of energy 
dissipation, the FO source can be localized. In [11], an ener‐
gy-based method is proposed to calculate DEF for FOSL us‐
ing measurement data. The DEF flowing from bus i to bus j, 
denoted as W D

ij , is expressed as:

W D
ij = ∫(DPijdDθj +DQijd(Dln Uj )) =

∫(2πDPijDfjdt +DQijd(Dln Uj )) (7)

where DPij and DQij are the variations in active and reactive 
power of branch ij, respectively; Dln Uj is the logarithmic 
variation of the voltage magnitude at bus j; Dθj is the volt‐
age phase variation at bus j; and Dfj is the frequency varia‐
tion at bus j.

In this paper, the direction of DEF flowing into the gener‐
ator is defined as positive. The criteria for FOSL based on 
the trend of W D

ij  using (7) are summarized as follows: if W D
ij  

is negative and the trend is downward, the dynamic compo‐
nent behind bus j continuously injects energy into the grid 
and may serve as an FO source; conversely, if W D

ij  is posi‐
tive and the trend is upward, the dynamic component behind 
bus j continuously absorbs energy, which is an FO sink.

Although the performance of DEF for localizing FO sourc‐
es has been demonstrated, the accuracy can be degraded by 
irrelevant modal components present in the measurements, 
which may mislocalize FO sources. To this end, several sig‐
nal decomposition methods such as MEMD [19] and 
MVMD [20], have been proposed to extract FO components 
from PMU data.

B. DMD

DMD is an effective data-driven dimensionality reduction 
method based on Koopman operator theory. It approximates 
the dynamic behavior of nonlinear systems by constructing a 
finite-dimensional linear representation from measurement 
data.

Let DxK =Dx(tK ) denote the state variable at the K th sam‐
pling instant tK. The snapshot data are formed by a series of 
consecutive state measurements within a moving window.

ì
í
î

Xn =[Dx1 Dx2  Dxn ]

Xn + 1 =[Dx2 Dx3  Dxn + 1 ]
(8)

FO

Governor

Exciter

WG

Cyclic load

n

m

i
j

V m θmÐ

V i θ iÐ
V j θ jÐ

V k θ kÐ

V l θ lÐ

V n θnÐ HVDC
converter

k

l

Fig. 1.　Schematic diagram of power system with FO sources.
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where Xn is the snapshot matrix formed by arranging state 
variables at n consecutive sampling instants as columns; and 
Xn + 1 is the consecutive snapshot matrix lagging one time 
step behind Xn. In practical applications, the discrete form of 
(8) is given as:

Xn + 1 =Ad Xn (9)

where Ad is the high-dimensional state matrix of the system.
To reduce the dimensionality, Ad is projected onto a low-

dimensional approximation state matrix Ād using proper or‐
thogonal decomposition (POD) mode U [22]:

Ad »UĀdU
T (10)

U is obtained from the singular value decomposition of Xn 
using (11).

Xn =UΣV T (11)

where Σ is the diagonal matrix containing the singular val‐
ues; and V is the right singular vector.

Ād is then obtained by solving the following optimization 
problem:

min
F

= ||Xn + 1 -UĀdΣV T||2
F (12)

Combining (10)-(12), we can obtain:

Ād »Ad =U T Xn + 1VΣ
-1 (13)

C. Os-enhanced DMD

In conventional DMD, the projection subspace is deter‐
mined by a truncated POD basis and remains fixed during de‐
composition. Hence, the conventional DMD is sensitive to 
measurement noise. To overcome this limitation, the Os-en‐
hanced DMD formulates a rank-constrained optimization prob‐
lem on the Grassman manifold, enabling adaptive subspace op‐
timization. The optimization problem is expressed as [23]:

min ||Xn + 1 -Ad Xn||
2 = ||Xn + 1 -LA͂LT Xn||

2 (14)

where L is the low-dimensional subspace matrix, whose di‐
mension is selected via energy criterion of cumulative singu‐
lar value to retain at least 95% of the total energy; and A͂ is 
the low-dimensional approximation state matrix associated 
with L.

For a given L, the optimal low-dimensional approximation 
state matrix A͂* is expressed as [24]:

A͂* =LT Xn + 1 X T
n L(LT Xn X T

n L)-1 (15)

Substituting (15) into (14) yields:

ì
í
î

ïï
ïï

min ||Xn + 1 -LA͂* LT Xn||
2 =min (||Xn + 1||

2 - ||LT Xn + 1 M||2 )

M =X T
n L(LT Xn X T

n L)-1 LT Xn

(16)

Accordingly, the original bi-variable optimization problem 
in (14), involving both A͂ and L, is reduced to a single-vari‐
able optimization problem with respect to L:

ì

í

î

ïïïï

ïïïï

max g(L): = ||LT Xn + 1 M||2

s.t.  M =X T
n L(LT Xn X T

n L)-1 LT Xn

       LT L = I

(17)

where I is the identity matrix; and g(L) is the objective func‐
tion with gradient G.

To solve (17), a conjugate gradient algorithm on the Grass‐

man manifold is employed. The initial gradient G0 and the 
initial low-dimensional subspace matrix L0 are expressed 
as [25]:

ì
í
î

ïï
ïï

G0 = (I -L0 LT
0 )(¶g(L)/¶L)L =L0

H0 =-G0

(18)

During the optimization process, the search direction fol‐
lows the geodesic path on the Grassman manifold. The up‐
dated subspace at the (k + 1)th iteration is expressed as:

ì
í
î

ïïLk + 1 =LkQΓQT +PϒQT

Hk =PΛQT (19)

where Lk and Lk + 1 are the low-dimensional subspace matri‐
ces at the k th and (k + 1)th iterations, respectively; P and Q 
are the left and right singular vectors of the search direction 
matrix Hk; Λ is the singular value matrix of Hk; and Г and 
ϒ are the diagonal matrices containing the cosine and sine 
of the elements in Λ, respectively.

The gradient and search direction are updated iteratively 
[25] as:

ì
í
î

ïï
ïï

Gk + 1 = (I -Lk + 1 LT
k + 1 )(¶g(L)/¶L)L =Lk + 1

Hk + 1 =Gk + 1 +DDk + 1

(20)

where DDk + 1 is the correction term; and Gk + 1 is the projected 
gradient at the (k + 1)th iteration.

DDk + 1 =
Gk + 1 - τ(Gk )Gk + 1

||Gk + 1||
2

τ(Hk ) (21)

where τ is the vector translation operator on the Grassmann 
manifold; and ××  denotes the inner product.

ì
í
î

ïïτ(Gk )=Gk - (LkQϒk +P(I -Γk ))PTGk

τ(Hk )= (-LkQϒk +PΓk )ΛQT (22)

where Γk and ϒk are the diagonal matrices containing the co‐
sines and sines of the singular values at the k th iteration, re‐
spectively.

Based on (20)-(22), L is iteratively updated until the stop‐
ping criterion is satisfied: (g(L k + 1 )- g(Lk ))/g(Lk )< ε, where 
ε is a predefined convergence tolerance. The resulting opti‐
mal subspace matrix L* is substituted into (15) to obtain A͂*.

A͂* = (L* )T Xn + 1 X T
n L* ((L* )T Xn X T

n L* )-1 (23)

Eigenvalue decomposition is then performed on A͂* as:

A͂* =φΠφ-1 (24)

where Π = diag(λi )ÎRn ´ n is the eigenvalue matrix, and λi is 
the ith eigenvalue; and φ is the corresponding right eigenvec‐
tor.

The mode shape matrix ψ i is defined as [23]:

ψ i = λ
-1
i Xn + 1WS-1φi (25)

where W and S are the right singular vector and singular val‐
ue matrix of Xn, respectively; and φi is the right eigenvector 
associated with λi.

The time-domain response of the rth mode, i. e., Dyr (t), is 
reconstructed as [23]:

Dyr (t)= eλrtψ -1
r x(0) (26)
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where ψr is the shape matrix of the r th mode; and x(0) is the 
initial system state vector.

IV. PROPOSED DEF FOR LOCALIZING FO SOURCES

Existing FO component extraction methods are mostly 
based on single-channel analysis, requiring individual decom‐
position for each measurement channel. This often leads to 
asynchronous FO mode identification across different chan‐
nels. Moreover, their limited noise robustness degrades the 
accuracy of localizing the FO sources. To address these is‐
sues, we apply Os-enhanced DMD to jointly decompose os‐
cillation modes from multi-channel measurements of active 
power P, reactive power Q, voltage V, and frequency f col‐
lected at multiple locations, improving the accuracy of the 
proposed DEF.

A. Multi-channel Decomposition Using Os-enhanced DMD

With PMUs installed at critical buses, multiple measure‐
ments can be simultaneously measured at each bus. For the 
g th bus, deviation signal matrix of each quantity μÎ 
{PQUf } are calculated as DXgμ =Xgμ - μ0, where Xgμ is the 
measured signal matrix, and μ0 is the pre-disturbance. DXgμ 
is constructed as in (27), and the subscript n denotes the nth 
sampling point.

DXgμ =[[DXgP ]     [DXgQ ]     [DXgU ]     [DXgf ]]
T =

é

ë

ê

ê

ê

ê
êê
ê

ê

ê

ê ù

û

ú

ú

ú

ú
úú
ú

ú

ú

úDPg(1) DPg(2)  DPg(n)

DQg(1) DQg(2)  DQg(n)

Dln Ug(1) Dln Ug(2)  Dln Ug(n)

Dfg(1) Dfg(2)  Dfg(n)

(27)

Equation (27) is then decomposed using the Os-enhanced 
DMD. The decomposed DXgμ can be formulated as in (28). 
Each element corresponds to the time-domain response of a 
specific oscillation mode reconstructed via (26). Specifically, 
DygpDP(p), DygpDQ(p), DygpDln U(p), DygpDf (p) are the pth mode com‐
ponents of DP, DQ, Dln U, and Df for the g th bus, respective‐
ly.

Dyg =
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Dyg2DP(2) Dyg2DQ(2) Dyg2Dln U(2) Dyg2Df (2)

   
DygpDP(p) DygpDQ(p) DygpDln U(p) DygpDf (p)

   
DygnDP(n) DygnDQ(n) DygnDln U(n) DygnDf (n)

T

(28)

B. FO Mode Extraction

In (28), Os-enhanced DMD decomposes multi-channel 
measurements into a set of time-domain components associ‐
ated with distinct modes. To accurately localizing FO sourc‐
es, reliable identification and extraction of the FO mode 
from these decomposed modes are crucial. Physically, the 
difference between FO and natural oscillation modes lies in 
their damping characteristics and modal energy evolution. 
Natural oscillation modes are governed by inherent system 
damping and exhibit an exponential decay in modal energy 
once the disturbance subsides. In contrast, FOs are continu‐

ously sustained by external periodic disturbances and there‐
fore exhibit near-zero damping. Based on this physical in‐
sight, RCME is introduced as a dynamic indicator to charac‐
terize the temporal evolution of modal energy. Since FO 
modes are persistently driven, they exhibit consistently high‐
er RCME values across different channels, i. e., DP, DQ, 
Dln U, Df, compared with natural oscillation modes. There‐
fore, RCME provides a physically interpretable and theoreti‐
cally grounded criterion for discriminating FO mode from 
natural oscillation mode.

For the pth mode component in the (Dμ)th channel of DXgμ, 
i.e., DypDμ (t), the corresponding modal energy bpq accumulat‐
ed up to the qth time sample is calculated as [18]:

bpq =∑
t = 1

q

(DypDμ (t))2 (29)

The RCME ηpq is calculated as:

ηpDμ =
|

|

|
||
|
|
| bpq - bpq + 1

bpq + 1

|

|

|
||
|
|
|
´ 100%    pÎ 12n - 1 (30)

Accordingly, the RCME matrix of DXgμ is defined as:
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η1Dfg

η2DPg
η2DQg

η2Dln Ug
η2Dfg

   
ηpDPg

ηpDQg
ηpDln Ug

ηpDfg

   
ηnDPg

ηnDQg
ηnDln Ug

ηnDfg

T

(31)

where ηpDPg
, ηpDQg

, ηpDln Ug
, and ηpDfg

 are the RCME values 

corresponding to the pth mode component of DPg, DQg, 
Dln Ug, and Dfg, respectively.

The FO mode corresponds to the pth column of ηg, charac‐
terized by significantly higher RCME values across all four 
channels. If all elements in the pth column of ηg exceed a 
threshold η0, the corresponding ωp is regard as the FO fre‐
quency. This criterion enables reliable FO mode identifica‐
tion and allows the extraction of its time-domain compo‐
nents from DPg, DQg, Dln Ug, and Dfg. Therefore, the selec‐
tion of η0 is critical: a larger value may miss the dominant 
FO mode, while a smaller value may introduce irrelevant 
mode. In this paper, a typical value of η0 = 0.6 is selected, 
and its effectiveness is verified in Supplementary Material C.

The extracted time-domain components associated with 
the identified FO mode are expressed as:

Dygp =

é

ë

ê

ê

ê

ê
êê
ê

ê

ê

ê ù

û

ú

ú

ú

ú
úú
ú

ú

ú

úDygpDP(1) DygpDQ(1) DygpDln U(1) DygpDf (1)

DygpDP(2) DygpDQ(2) DygpDln U(2) DygpDf (2)

   
DygpDP(n) DygpDQ(n) DygpDln U(n) DygpDf (n)

T

(32)

where Dygp is the time-domain component matrix of the pth 
mode component at the g th bus.

C. Proposed DEF

The time-domain FO components obtained in (32) are 
used as inputs to (7) to calculate the DEF flowing from bus 
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i to bus j for the pth mode component.

W D
ijp = ∫(2πDygpDPDygpDfdt +DygpDQdDygpDln U ) (33)

To characterize the variation trend of DEF, the ROFE is 
introduced and defined as the slope of the DEF curve as:

ROFE D
ijp =

W D
ijp [τ + 1]-W D

ijp [τ]

t[τ + 1]- t[τ]
(34)

where ROFE D
ijp is the rate of change of DEF from bus j to 

bus j for the pth mode component.
Notably, although the absolute value of ROFE D

ijp may vary 
with oscillation amplitude, the relative ROFE values among 
different generators tend to remain constant. Therefore, the 
normalized ROFE, i.e., ROFE D*

ijp, is defined as:

ROFE D*
ijp =

ROFE D
ijp

max{ROFE D
ijp }

(35)

By calculating ROFE D*
ijp for all available PMU buses, the 

variation trend of DEF is quantified and used for localizing 
FO sources. The localization criterion is defined as follows: 
if ROFE D*

ijp = 1, the dynamic mode component behind bus j 
continuously injects energy into the grid, indicating it is an 
FO source; if ROFE D*

ijp < 0, the mode component absorbs os‐
cillation energy and is regarded as an FO sink; and if 0 <
ROFE D*

ijp < 1, a larger value indicates a stronger contribution 
to the FO.

D. Main Steps of Proposed DEF

The main steps of the proposed DEF are outlined as fol‐
lows:

Step 1: a smoothing filter is applied to remove noise and 
steady-state components, while the interpolation handles 
missing or anomalous data. PMU measurements of P, Q, 
ln U, and f are collected, and their corresponding deviations 
are calculated as inputs for the energy analysis of Os-en‐
hanced DMD.

Step 2: Os-enhanced DMD is employed to each deviation 
to obtain the time-domain response of each FO mode. RC‐
ME for each electrical quantity at each bus is then calculat‐
ed using (30), enabling accurate FO mode identification. 
Once identified, the corresponding time-domain FO compo‐
nents are extracted from each signal.

Step 3: using the extracted FO components from Step 2, 
the DEF for each branch is calculated using (33), followed 
by the calculation of ROFE D*

ijp in (35). The FO source is fi‐
nally localized by comparing the values of the ROFE D*

ijp 
across all generator buses.

E. Practical Consideration

1)　Parameter and Setting of Os-enhanced DMD
The key parameters involved in the Os-enhanced DMD 

are summarized as follows.
1) ε for the conjugate-gradient optimization on the Grass‐

mann manifold is set to be 10-6, following common practice 
in optimization-based DMD [26]. This value provides a bal‐
anced trade-off between numerical accuracy and computa‐
tion efficiency, ensuring stable convergence across different 
noise levels and operation conditions.

2) L0 is constructed using the first left singular vector of 

Xn, corresponding to the dominant POD modes. This initial‐
ization captures the principal spatio-temporal structures of 
the data and is widely adopted in both conventional and opti‐
mized DMDs [27], facilitating robust convergence of the sub‐
sequent optimization steps.

3) The maximum number of iterations Nmax. To avoid ex‐
cessive computation or potential stagnation, Nmax is limited 
to 200. This setting is consistent with studies on optimiza‐
tion-based DMD [28] and is found to be sufficient for all 
test systems considered in this paper to achieve stable con‐
vergence without unnecessary computation overhead.
2)　Low-pass Filter Selection

To suppress high-frequency noise while preserving low-
frequency electromechanical oscillations, a fourth-order But‐
terworth low-pass filter is employed due to its flat passband 
and linear phase response. Since the proposed DEF focuses 
on FOs in the low-frequency electromechanical range (typi‐
cally 0.1-2.5 Hz), the cutoff frequency is set to be 3 Hz. In 
the discrete-time implementation, a 2-s filtering window 
(200 samples at a sampling rate of 100 Hz) is applied. This 
configuration provides effective noise attenuation without 
distorting the low-frequency oscillatory components of inter‐
est, thereby accurately extracting FO mode and localizing 
FO sources.
3)　Enhancement of Data Quality

The proposed DEF is fully data-driven, and its perfor‐
mance is inherently influenced by the data quality. In prac‐
tice, PMU data may contain missing samples or anomalous 
measurements, which can degrade localization performance. 
An in-depth treatment of data quality enhancement is be‐
yond the scope of this paper. However, several general rec‐
ommendations are provided. For missing data, established de‐
tection and estimation methods can be applied to restore da‐
ta completeness and accurately localize the FO sources [29]. 
In addition, various outlier detection and replacement meth‐
ods have been extensively investigated and can be applied to 
alleviate the impact of anomalous measurements [30]. Con‐
sidering the scope of this paper, these recommendations are 
not investigated in detail but represent important directions 
for future work to further improve the performance of the 
proposed DEF.
4)　Window Length Determination

Selecting an appropriate window length is essential for 
balancing frequency resolution and the ability to capture 
time-varying oscillatory behavior. In this paper, MATLAB/
Simulink simulations are conducted with a sampling interval 
of Ts = 0.01 s, corresponding to a sampling rate of Fs = 100 
Hz. Since the proposed DEF focuses on low-frequency FOs,  
Df determines the required window length N =Fs /Df. For 
electromechanical oscillations in power systems, a practical 
minimum frequency resolution of Df = 0.05 Hz is generally 
sufficient to distinguish dominant modes, corresponding to a 
window length of 2000 samples (i. e., 20 s). To further en‐
hance frequency discrimination while maintaining reasonable 
temporal resolution, a slightly longer window of 30 s is ad‐
opted, providing adequate frequency resolution for the test 
cases, in which the oscillation modes are not closely spaced. 
It should be noted that for systems containing multiple close‐
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ly spaced low-frequency modes, a smaller Df (and hence a 
longer window) may be required to ensure sufficient frequen‐
cy resolution.

V. CASE STUDIES

In this section, the performance of the proposed DEF is 
evaluated using simulation data from IEEE 16-machine 5-ar‐
ea system and field PMU measurement data from Indepen‐
dent System Operator New England (ISO-NE). In addition, 
comparative analyses with VMD, MEMD, Hankel block-en‐
hanced DMD (HeDMD), and conventional DMD are con‐
ducted to demonstrate the effectiveness and superiority of 
the proposed DEF.

A. IEEE 16-machine 5-area System

The schematic diagram of the IEEE 16-machine 5-area 
system is shown in Supplementary Material A Fig. SA1.  
The detailed system parameters are available in [31].
1)　Case 1: Governor-induced FO

Small-signal stability analysis reveals the presence of an in‐
ter-area oscillation mode at 0.532 Hz. To excite resonance 
with this mode, a sinusoidal disturbance with a frequency of 
0.53 Hz is injected into the governor of generator G1. To mim‐
ic the actual operation conditions, Gaussian white noise is add‐
ed to the simulated data, with a signal-to-noise ratio (SNR) of 
50 dB. The simulation is conducted over a duration of 30 s 
with a time step of 0.01 s. The resulting trajectories of P, Q, 
ln U, and f  are illustrated in Supplementary Material A Fig. 
SA2.

Using the proposed DEF, a multi-channel measurement 
matrix is constructed from DP, DQ, Dln U, and Df . The ma‐
trix is then analyzed to extract the modal parameters and 
compute RCME for each electrical increment in each mode. 
Due to space limitations, only the RCME values for one rep‐
resentative generator from each area are presented in Supple‐
mentary Material A Fig. SA3. It can be observed from Fig. 
SA3 that, Mode 28 exhibits the largest RCME, which ex‐
ceeds η0 and is significantly higher than those of the other 
modes. Following the FO mode extraction described in Sec‐
tion IV-B, Mode 28 is therefore identified as the FO mode. 
Figure 2 presents the extracted time-domain response of DP, 
DQ, Dln U, and Df for all 16 generators (i. e., G1-G16). 
These extracted FO components are then substituted into 
(33) to calculate the DEF (E), with the results shown in Fig. 
3. ROFE D*

ijp for each generator in Case 1, calculated using 
(35), is given in Table I.

As shown in Fig. 3 and Table I, the DEF of G1 is nega‐
tive and exhibits a significant and consistent downward 
trend over the 0-30 s interval with ROFE D*

ijp = 1, while the 
DEFs of the remaining generators exhibit positive or nearly-
zero slopes, corresponding to varying degrees of energy dis‐
sipation. According to the localization criterion in Section IV-
C, G1 is identified as the FO source, which is consistent 
with the actual source. These results confirm that the pro‐
posed DEF can successfully localize the FO source.

To further verify the superiority of the proposed DEF, its 
performance is compared with those of MEMD [19] and 
VMD [15]. 

For VMD, the number of decomposition modes and the 
penalty factor are selected according to [15]. VMD is per‐
formed on the oscillation signals shown in Supplementary 
Material A Fig. SA2, and the RCME values for selected gen‐
erators (G1 and G13-G15) are presented in Supplementary 
Material A Fig. SA4. It can be observed that the FO compo‐
nents extracted from G1 and G15 exhibit noticeable inconsis‐

TABLE Ⅰ
ROFE D*

ij,p IN CASE 1 FOR G1-G16

Generator

G1

G2

G3

G4

G5

G6

G7

G8

G9

G10

G11

G12

G13

G14

G15

G16

ROFE D*
ijp under different methods

Proposed

1.000

-0.390

-0.385

-0.088

-0.657

-0.018

-0.388

-0.297

-0.020

-0.102

-0.216

-0.705

-0.539

-0.043

-0.330

-0.231

VMD

1.000

-0.024

-0.344

-1.481

-1.883

-0.940

-1.491

-1.499

-0.001

-0.012

-0.001

-2.057

-0.009

-0.005

-0.002

-0.001

MEMD

1.000

-1.373

-0.117

-0.959

-1.698

-0.779

-0.539

-1.423

-0.094

-0.090

-0.010

-1.770

-1.529

-0.019

-0.009

-0.001

0 10 20 30
t (s)

G1
-0.2

0.2

-0.1

0

0.1
G2-G16

E 
(p

.u
.)

Fig. 3.　DEF result in Case 1 for G1-G16.
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Fig. 2.　Extracted time-domain response of ΔP, ΔQ, Dln U, and Df for G1-
G16. (a) ΔP. (b) ΔQ. (c) Dln U. (d) Df.
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tency, which can be attributed to the independent single-
channel decomposition of VMD. Such independent process‐
ing makes it challenging to account for inter-channel observ‐
ability, thereby resulting in inconsistent extracted FO fre‐
quencies across different measurement channels.

A further comparison is conducted using MEMD. Both 
MEMD and the proposed DEF operate on multi-channel 
measurements. MEMD is applied to the multi-channel sig‐
nals in Supplementary Material A Fig. SA2 to obtain IMF 
components, and RCME values are then calculated using 
(30), and the results are shown in Supplementary Material A 
Fig. SA5. It can be observed that the RCME value of the 
FO components is not significantly higher than that of other 
components, indicating the presence of mode mixing, which 
degrades the accuracy of FO extraction. In contrast, the pro‐
posed DEF yields FO components with more concentrated en‐
ergy, demonstrating superior performance in extracting FO 
modes.

Then, the FO components extracted using VMD and 
MEMD are used to calculate DEF, as shown in Supplementa‐
ry Material A Fig. SA6. It can be observed that DEFs de‐
rived from MEMD and VMD both show a downward trend 
for G1, correctly pinpointing the FO source at 0.53 Hz. 
However, these trends are less pronounced than those ob‐
tained using the proposed DEF in Fig. 3. Specifically, over 
the 0-30 s time interval, the DEF of G1 decreases by 0.17 p.
u. using the proposed DEF, whereas only decreasing by 0.04 
p.u. and 0.07 p.u. with VMD and MEMD, respectively. This 
discrepancy is primarily attributed to the difficulty of VMD 
in consistently extracting FO components from multi-chan‐
nel measurements. In addition, although MEMD offers im‐
proved mode separation, the presence of redundant compo‐
nents in the extracted FO signals compromises localization 
accuracy.

This paper further investigates the robustness of the pro‐
posed DEF under variations of FO amplitude and frequency, 
with detailed analyses provided in Supplementary Material A 
Figs. SA7 and SA8, as well as Tables SAI and SAII. The re‐
sults demonstrate that the proposed DEF exhibits strong 
adaptability to variations of FO amplitude and frequency, 
and can accurately localize the FO sources over a wide 
range of operation conditions.
2)　Case 2: Exciter-induced FO

The injection of a forced disturbance into the excitation 
system of a synchronous generator makes it difficult to esti‐
mate FO frequency and localize its source using the energy-
based methods. Therefore, a case of exciter-induced FO is 
further tested to demonstrate the effectiveness of the pro‐
posed DEF.

In this case, a sinusoidal disturbance with a frequency of 
0.53 Hz is continuously applied to the excitation system of 
G1, and Gaussian white noise with an SNR of 50 dB is add‐
ed to the resulting time-domain signals. By applying the pro‐
posed DEF, the FO mode at 0.53 Hz is successfully identi‐
fied based on RCME, with the RCME values of DP, DQ, 
Dln U, and Df all equal to 1. The extracted FO components 
of DP, DQ, Dln U, and Df for buses of G1-G16 are shown in 
Supplementary Material A Fig. SA9. Based on these FO 
components, the DEF for each generator bus is calculated. 

The DEF result in Case 2 for G1-G16 is presented in Fig. 4. 
As illustrated in Fig. 4, the DEF of G1 exhibits a noticeable 
downward trend, indicating that G1 injects the largest oscilla‐
tory energy into the grid and is thus correctly identified as 
the FO source. This result is consistent with the simulation 
setup, further confirming that the proposed DEF can accu‐
rately localize the FO sources under excitater-induced distur‐
bance conditions.

3)　Case 3: Single FO Source
In Case 3, the accuracy of the proposed DEF is further 

validated under a single FO source that excites two FO 
modes simultaneously.

1) Mode 1: FO mode at 0.36 Hz.
2) Mode 2: FO mode at 0.53 Hz. 
Specifically, a disturbance signal containing two FO com‐

ponents of modes 1 and 2 is continuously injected into the 
governor of G1. The frequency components of the signal are 
close to the system natural oscillation modes at 0.364 Hz 
and 0.532 Hz, thereby inducing FOs at two distinct frequen‐
cies.

Following the same procedure as in the previous cases, 
the RCME values of all generators are calculated for each 
mode, and the results are shown in Supplementary Material 
A Fig. SA10. In Fig. SA10, Mode 36 and Mode 39 are iden‐
tified as FO modes, as the RCME values of DP, DQ, Dln U, 
and Df at the two frequencies all exceed η0. Subsequently, 
the corresponding FO components are extracted, and the re‐
sults are presented in Supplementary Material A Fig. SA11. 
Using the extracted FO components, the DEF for each gener‐
ator under the two modes is calculated. The DEF result in 
Case 3 under two modes for G1-G16 is shown in Fig. 5. It 
is evident that, for both modes, only the DEF of G1 is nega‐
tive and exhibits a clear downward trend, indicating continu‐
ous injection of energy into the grid. Therefore, G1 is identi‐
fied as the FO source for both modes. This result is fully 
consistent with the preset simulation conditions, further dem‐
onstrating the accuracy of the proposed DEF in multi-mode 
resonance scenarios.
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Fig. 5.　DEF result in Case 3 under two modes for G1-G16. (a) Under 
mode 1. (b) Under mode 2.
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Fig. 4.　DEF result in Case 2 for G1-G16.
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4) Case 4: Double FO Sources
To evaluate the capacity of the proposed DEF in localiz‐

ing multiple FO sources, a case with two independent distur‐
bance sources is considered. Specifically, two sinusoidal sig‐
nals at 0.36 Hz and 0.53 Hz are continuously injected into 
the governor of G15 and G13, respectively, thereby trigger‐
ing FO modes at 0.36 Hz (mode 1) and 0.53 Hz (mode 2).

Similarly, a multi-channel measurement matrix is con‐
structed and analyzed using the proposed DEF to extract os‐
cillation parameters and compute RCME values for each 
quantity in each mode. The RCME values for representative 
generators are shown in Supplementary Material A Fig. 
SA12. Notably, pronounced peaks appear around Mode 53 
(0.36 Hz) and Mode 57 (0.53 Hz) across various electrical 
quantities, and the corresponding RCME values exceed η0, 
confirming the presence of two modes at these two frequen‐
cies.

The FO components of modes 1 and 2 are extracted using 
the proposed DEF, and the results are shown in Supplementa‐
ry Material A Fig. SA13. Finally, based on the extracted 
components, the DEF of all generators of both modes is cal‐
culated, and the DEF result of two modes in Case 4 for G1-
G16 is illustrated in Fig. 6. It is observed that under mode 
1, G15 exhibits a noticeable downward trend in DEF. Consis‐
tently, ROFE D*

ijp also attains a value of 1 for G15. Thus, G15 
is identified as the FO source under mode 1, which agrees 
with the simulation setup. Similarly, under mode 1, G13 
shows the most significant DEF decrease, with ROFE D*

ijp = 1, 
identifying it as the FO source for mode 2.

5) Case 5: Robustness to Measurement Noise
To test the robustness of the proposed DEF against mea‐

surement noise, Gaussian white noise with SNRs of 45 dB, 
40 dB, 35 dB, and 30 dB is added to Cases 1 and 4. For 
comparison, MEMD, VMD, HeDMD [22], and conventional 
DMD are also employed to calculate DEF. ROFE D*

ijp in Case 
1 and Case 4 under different SNRs are summarized in Table 
II and Table III, respectively. In addition, Supplementary Ma‐
terial A Fig. SA14 compares the DEFs obtained using the 
five methods in Case 1 under SNRs of 45 dB and 30 dB.

From Table II, it can be observed that with an SNR of 45 
dB, all five methods can successfully localize the FO source, 
with the proposed DEF exhibiting a more pronounced declin‐
ing trend. Specific details can be observed in Supplementary 
Material A Fig. SA14. When the SNR decreases to 30 dB, 
the proposed DEF still accurately localizes the FO sources. 
In contrast, MEMD and conventional DMD incorrectly local‐
ize G11 and G8 as the FO sources, respectively. Meanwhile, 
VMD and HeDMD completely fail to localize the FO sourc‐
es, as all generators display upward DEF trends. 

Furthermore, as shown in Table III, the proposed DEF 
consistently localizes FO sources for both modes in Case 4 
under different SNRs. By comparison, the other methods ex‐
hibit varying degrees of localization errors or fail to localize 
one or both FO sources as the SNR increases. These results 
clearly demonstrate that the proposed DEF exhibits superior 
robustness to measurement noise and is reliable for localiz‐
ing FO sources.

B. Field PMU Measurement from ISO-NE

To further evaluate the performance of the proposed DEF 
on field PMU measurement data, two real FO events oc‐
curred in ISO-NE [32] are studied in this paper. The partial 
map of the studied system is shown in Supplementary Mate‐
rial B Fig. SB1. The study area includes three generators: 
G1 at substation 6, G2 at substation 7, and G1 at substation 
8, and it is connected to two external areas, referred to as ar‐
ea 2 and area 3. In addition, two boundary buses, i.e., bus 7 
at substation 3 and bus 21 at substation 9, are employed to 
represent the aggregated connections to the external areas. 
The two real FO events occurred in ISO-NE are investigated 
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Fig. 6.　DEF result under two modes in Case 4 for G1-G16. (a) Under 
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TABLE Ⅱ
ROFE D*

ijp IN CASE 1 UNDER DIFFERENT SNRS

Method

MEMD

Conventional 
DMD

VMD

HeDMD

Proposed

ROFE D*
ijp under different SNRs

45 dB

1 (G1)

1 (G1)

1 (G1)

1 (G1)

1 (G1)

40 dB

1 (G1)

1 (G1)

1 (G1)

1 (G1)

1 (G1)

35 dB

1 (G1)

1 (G8), 
-0.253 (G1)

1 (G1)

1 (G1)

30 dB

1 (G11), -0.298 (G1)

1 (G8), -0.438 (G1)

1 (G1)

TABLE Ⅲ
ROFE D*

ijp IN CASE 4 UNDER DIFFERENT SNRS

Method

MEMD

Conventional 
DMD

VMD

HeDMD

Proposed

Mode

1

2

1

2

1

2

1

2

1

2

ROFE D*
ijp under different SNRs

45 dB

1 
(G15)

1 
(G13)

1 
(G15)

1 
(G13)

1 
(G15)

1 
(G13)

1 
(G15)

1 
(G13)

1 
(G15)

1 
(G13)

40 dB

1 
(G15)

1 
(G13)

1 
(G15)

1 
(G13)

1 
(G15)

1 
(G13)

1 
(G15)

1 
(G13)

1 
(G15)

1 
(G13)

35 dB

1 (G15)

1 (G13)

1 (G14), -0.368 
(G15)

1 (G11), -0.145 
(G13)

1 (G16), -0.134 
(G15)

1 (G2), -0.329 
(G13)

1 (G15)

1 (G13)

1 (G15)

1 (G13)

30 dB

1 (G14), 
-0.496 (G15)

1 (G12), 
-0.268 (G13)

1 (G14), 
-0.518 (G15)

1 (G11), 
-0.302 (G13)

1 (G16), 
-0.153 (G15)

1 (G2), 
-0.518 (G13)

1 (G13)

1 (G15)

1 (G13)
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to validate the applicability of the proposed DEF in practical 
power systems.

1) Event 1: the first FO event occurred on January 29th, 
2018. Post-event analysis reported that the oscillation had a 
frequency of 1.57 Hz and was originated from G2 at substa‐
tion 7. The PMU recordings of P, Q, U, and f during the 
event are shown in Supplementary Material B Fig. SB2.

Using the proposed DEF, the FO mode is first identified 
based on the RCME values, and the corresponding time-do‐
main components of each measurement are extracted. Using 
these FO components, the DEF of each generator is calculat‐
ed, as shown in Fig. 7. It can be observed that G2 exhibits a 
negative DEF with a significant downward trend, indicating 
continuous energy injection into the grid and confirming its 
role as the FO source. In contrast, the generators connected 
to transmission lines L15 and L16 show upward or nearly 
flat DEF trends, signifying their behavior as FO sinks. This 
localization result is consistent with the actual event records, 
thereby validating the accuracy of the proposed DEF. In ad‐
dition, Fig. 7 compares the DEF results calculated by the 
proposed DEF with those derived from conventional DEF, 
VMD, MEMD, HeDMD, and conventional DMD. It is ob‐
served that the comparison methods produce downward 
trends for both G2 and L15, which may lead to the mislocal‐
ization of L15 as the FO source. In contrast, the DEF trends 
with MEMD, VMD, and HeDMD correctly exhibit a down‐
ward tendency only for G2. However, the declining trends 
are less pronounced than those obtained using the proposed 
DEF.

2) Event 2: the second event occurred on June 20th, 2019. 
The event was observed in substation 1, where four transmis‐
sion lines (L1 to L4) connected to the substation exhibited 
oscillations with significant amplitudes. Post-event analysis 
indicated that the oscillation was caused by L2, with an FO 
frequency of approximately 0.14 Hz. The PMU measure‐

ments of P, Q, U, and f for L1 to L4 during the event are 
shown in Supplementary Material B Fig. SB3.

Similarly, the DEF results calculated by different methods 
in Event 2 are shown in Fig. 8. The conventional DEF indi‐
cates that, in addition to L2, the generator connected to L4 
also exhibits a downward DEF trend, which may mislead 
system operators and result in incorrect control actions of 
FO source. By contrast, the other four comparison methods 
correctly show a negative and decreasing DEF trend only for 
L2, successfully localizing the FO source. Nevertheless, the 
downward DEF trends obtained using these methods are no‐
ticeably weaker than those achieved by the proposed DEF. 
Overall, the results confirm that the proposed DEF can accu‐
rately localizing FO sources using field PMU measurements, 
effectively validating its applicability in practical power sys‐
tems.

C. Comparison of Computation Efficiency

Table IV summarizes the computation time of different 
methods. All simulations were conducted in MATLAB ver‐
sion 2021a on a computing platform equipped with an AMD 
Ryzen 7-4800H @ 2.90 GHz processor and 8 GB RAM. 
Note that all methods are implemented under a sequential ex‐
ecution framework to ensure a fair comparison of computa‐
tion performance. The results indicate that the proposed  
DEF achieves competitive computation efficiency. Although 
the conventional DEF yields the shortest computation time 
with a 34.98% and 26.48% improvement over the proposed 
DEF for Case 1 of IEEE 16-machine 5-area system and 
Event 1 of ISO-NE, respectively, it suffers from inferior lo‐
calization accuracy. Similarly, conventional DMD reduces 
computation time by 24.34% and 16.92% for Case 1 of 
IEEE 16-machine 5-area system and Event 1 of ISO-NE, 
while HeDMD achieves corresponding reductions of 14.76% 
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and 9.49%. However, both methods are less robust to mea‐
surement noise and exhibit degraded accuracy for localizing 
FO sources compared with the proposed DEF. In contrast, 
VMD and MEMD require significantly high computation 
costs due to the iterative decomposition nature. As shown in 
Table IV, both methods are considerably slower than the pro‐
posed DEF. Specifically, VMD requires 32.235-s and 44.324-s 
computation time for Case 1 of the IEEE 16-machine 5-area 
system and Event 1 of ISO-NE, respectively. This high com‐
putation cost arises from its iterative optimization based on 
the alternating direction method of multipliers, which involves 
repeated updates of mode spectra and center frequencies until 
convergence. MEMD requires 18.384-s and 32.254-s compu‐
tation time for Case 1 of IEEE 16-machine 5-area system 
and Event 1 of ISO-NE, as it involves multi-directional pro‐
jections, iterative sifting for multi-channel mode alignment, 
and high-dimensional signal operation.

VI. CONCLUSION

To accurately localizing the FO sources, this paper propos‐
es an Os-enhanced DMD-assisted DEF using synchrophasor 
measurement. The Os-enhanced DMD is employed to per‐
form modal decomposition on the multi-channel measure‐
ments, significantly enhancing noise-handling capability. The 
FO mode is identified based on RCME, which enables accu‐
rate extraction of the corresponding FO components and pro‐
vides a reliable foundation for subsequent energy flow-based 
analysis. Using the extracted FO components, the DEF and 
the corresponding forced energy rate are calculated to local‐
ize the FO source. Simulation results on the IEEE 16-ma‐
chine 5-area system, as well as field PMU measurement on 
ISO-NE, demonstrate that the proposed DEF can accurately 
localize FO sources under various operation conditions. 
Comparative studies with existing methods under different 
SNRs further confirm that the proposed DEF exhibits superi‐
or capability in extracting FO components under high-noise 
conditions. In addition, compared with VMD and MEMD, 
the proposed DEF effectively mitigates mode mixing, there‐
by enhancing the localization accuracy of FO sources.

Although the proposed DEF has shown effective perfor‐
mance, its capability could be further improved through inte‐
gration with advanced DEF such as the complex DEF 
(CDEF). Owing to its complex-domain formulation, CDEF 
has the potential to enable more compact and efficient ener‐
gy flow computation. Future work will focus on investigat‐
ing such integration to further improve the robustness, com‐

putation efficiency, and applicability of the proposed DEF in 
challenging FOs where conventional methods may fail.
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