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Abstract—Accurate real-time estimation of the four electromechanical oscillation properties, i.e., dominant oscillation modes,
mode shapes, participation factors, and coherent groups, is of great importance to assess and mitigate potential electromechanical
oscillations in interconnected power systems. While eigenvalue analysis can realize such estimation, it requires precise linearized
dynamic models and accurate parameters, which are highly difficult to obtain in practice. Data fusion-based modal estimation
methods can extract the properties of electromechanical oscillations from measurement data without the power system model and
parameters, but most of the time only one or two property assessments can be accomplished each time. To overcome this challenge,
this paper presents a synergistic data analytics solution to characterize the dynamic behaviors of electromechanical oscillations
from real-time measurement data. The proposed method uses optimized variable projection, and it is capable of estimating all four
electromechanical oscillation behavior properties from measured responses. Case studies are performed using the simulated
measurement data of a 16-generator 68-bus test system and the field measurements collected by the PMUs deployed in the Yunnan
Power Grid. The results demonstrate that the proposed synergistic data analytics solution can achieve satisfactory performance in
capturing the properties of electromechanical oscillations from measurement data and exhibit strong robustness against
measurement noise when compared with existing measurement-based methods.
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1. Introduction

Electromechanical oscillation, an intrinsic dynamic characteristic of synchronous power grids, can be a great threat
to the stability of power systems [1], [2]. An undamped electromechanical oscillation mode might intensify and
eventually lead to power system breakups and wide-area blackouts [3], [4]. There are many incidents of adverse
electromechanical oscillation events worldwide, among which one notable event was the Western Electricity
Coordinating Council (WECC) system breakup caused by an undamped inter-area oscillation mode on August 10,
1996 [5]. Sustained low-frequency oscillations were observed during these events and then resulted in power system
instability incidents [1], [3], [5], [6]. Therefore, assessing the power system electromechanical oscillation in real-time
is of great importance.

Mode estimation, which can reveal vital dynamic characteristics of the electromechanical oscillations in power
systems, is essential for assessing and damping the oscillation [3], [4], [6]. Mathematically, the modes are the
eigenvalues of a linear dynamic model [3], [4]. A traditional method to obtain the power system oscillation modes is
conducting eigenvalue analysis (EA) on a linearized power system dynamic model at its given operating point [3], [4].
However, the estimated result of the EA depends on the accuracy of the linearized power system dynamic model.
Maintaining an accurate dynamic model with high precision parameters is a huge challenge, especially in today's bulk
power systems. As demonstrated by the WECC system breakup on August 10, 1996 and the sustained ultralow
frequency oscillation event in the China Southern Power Grid (CSG) on March 28, 2016, the simulated dynamic
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response of the initial formulated power system dynamic models was unable to match the field measurement data, i.e.,
the observed oscillations cannot be reflected and observed through dynamic models [5].

To improve the model-based EA approaches and facilitate the electromechanical oscillation assessment and controls
in interconnected power grids, data-driven mode estimation methods have been extensively applied to extract the
dynamic oscillation properties from the real-time PMU data [6], [7], [8]. The field-measured data collected by PMUs,
which are synchronized with GPS/GLONASS/BDS/Galileo clock and stamped with time labels, typically have a
sampling frequency of at least 25Hz to enable the dynamic features of power systems are fully captured in real-time
[6]. Due to the unique advantages of measurement-based approaches over model-based EA, various data-driven
methods have been developed to estimate the electromechanical oscillation properties from field-measured responses,
which have attracted widespread attention from both academia and industry [7]-[16]. Particularly, organizations and
communities, such as North American SynchroPhasor Initiative (NASPI), WECC Joint Synchronized Information
Subcommittee (WECC-JSIS), etc., have been funded to investigate the applications of data-driven mode estimation
methods in real-world power grids. A large number of PMUSs have been installed and the Wide Area Monitoring System
(WAMS) has been constructed in power grids. In addition, many commercial and open-source tools, such as open-
source phasor data concentrator (OpenPDC), real time dynamics monitoring system (RTDMS), synchroWAVe, etc.,
were also developed to estimate and monitor the dominant oscillation modes through field-measured data collected by
PMUs in the power systems.

In the dominant mode estimation, given typical disturbances in real power systems, measurements are usually divided
into two groups: ringdown and ambient. The ringdown data is excited by power system major disturbances such as
HVDC blocking, branch/generator tripping, etc. To detect the dominant modes from the ringdown data, a Prony method
was proposed in [12] and extended in [17]. However, its performance is subject to measurement noise and signal offsets
[18]. To address this issue, Messina et al. [19] employed empirical mode decomposition (EMD) to estimate the
dominant modes, but this approach suffers from the mode mixing problem. Later, a multi-band modal analysis was
proposed in [20] to eliminate the mode mixing. Besides the ringdown data, the ambient data, which is excited by the
random variations of small load changes, is more common in power systems. Different from the high dynamic
information density embedded in the ringdown data, the ambient data only contains finite dynamic information density.
Hence, the Prony and EMD are incapable of extracting the dominant modes from the ambient data. In this context, the
autoregressive (AR) and autoregressive moving average (ARMA), which are estimated by the Yule-Walker [22],
modified Yule-Walker [23], or extended modified Yule-Walker [24], were adopted to detect the dominant oscillation
modes from ambient data. To improve the estimation quality, a bootstrap-based confidence interval mode estimation
was designed by Anderson et al in [25]. To suppress outliers and missing data in the ARMA-based dominant mode
estimation, a robust recursive least square (RRLS) based ARMA model was developed in [26] to detect the dominant
modes from ambient data. Since the RRLS-based ARMA model is unable to deal with the nontypical data in the power
systems, a regularized RRLS (R3LS) based autoregressive moving average exogenous (ARMAX) model was
developed to consider both typical and nontypical measurement data [27]. In addition to the ARMA or ARMAX based
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identification (N4SID) based subspace identification methods were proposed in [28] and [29]. The subspace
identification methods have been confirmed to be robust against signal noise, but they yield high computational
burdens. To improve the computational efficiency of the subspace identification methods in real-time, a recursive
adaptive stochastic subspace identification method was proposed by Nezam et a/ [30].

Similar to the estimated damping and frequency in the dominant oscillation mode, the mode shapes, participation
factors, and coherent groups of generators are also important dynamic properties of electromechanical oscillations in
power systems. They can potentially aid in oscillation mitigation and control decision-making by providing critical
information. For example, the mode shapes could help system operators decide the optimal generator/branch tripping
plan to increase the damping of an oscillation mode. Participation factors can be used to assess the observability and
controllability of each generator associated with a single oscillation mode, and then determine the best placement of
power system stabilizer (PSS) to damp the corresponding oscillation. The coherent groups of generators can be used
to split the entire power grid into several sustainable islands to minimize the spread of blackouts caused by the sustained
electromechanical oscillations with increasing amplitudes.

In the mode shape estimation, the EMD was applied by Messina et a/ [31] to estimate the mode shape properties from
the measured ringdown data. However, the lack of connection between the data-driven analysis and the eigen-solution
of the system obstructs the application of the measurement-based data-driven methods in the mode shape estimation.
Later, this issue was resolved by Trudnowski et al [32], where the theoretical connection between measurable spectral
properties and the system’s eigenvector properties has been derived. After that, many efforts were devoted to estimating
mode shapes from the measurement data. Similar to the measurement-based mode estimation methods, the existing
mode shape estimation methods are classified into two categories: ringdown and ambient. The mode shape estimation
from the measurement data was first applied to the ringdown data by Hauer et a/ via the Prony. Then Hilbert-Huang
Transform was presented by Senroy [33] to track the instantaneous mode shapes using the ringdown data. In [34],
recursive Kalman filtering was proposed by Chaudhuri et a/ to identify the mode shapes from the measurement data
under transient conditions. In [35], wavelet transform was employed by Avdakovi¢ et al to estimate the mode shapes
through analyzing the phase angle difference of generators. In [36], the cross wavelet transform (XWT) was proposed
to estimate the mode shapes from ringdown data and to estimate the mode shapes from the measured ambient data. In
[37] and [38], Autoregressive Exogenous (ARX) and multichannel ARMAX based Transfer Function (TF) methods
were developed to estimate the mode shapes from the measured ambient data, respectively. In [15] and [39], wavelet-
based Spectral methods such as XWT and multichannel CWT were implemented to identify the mode shape. In [40]
and [41], the frequency domain decomposition (FDD) was applied to identify the mode shape. In [42] and [43], channel
matching was proposed to estimate the mode shapes from the ambient data. In [44], [45], and [46], the ERA and N4SID
based subspace identification methods were developed for mode shape identification using ambient data. Further, the
performances of TF, spectral, FDD, channel matching, and subspace identification methods were compared by Dosiek
et al. in [47]. The result showed that the Spectral, FDD, channel matching and TF methods failed in the high damping

case, while the subspace identification exhibited better performance under different ambient conditions.



In the participation factor estimation, Koopman mode was developed by Susuki and Mezic [48] to estimate the
participation factors from the measured non-stationary data. In [49], a dynamic mode decomposition (DMD) method
was adopted to identify the participation factors of the generators associated with the dominant modes from
measurement data. In our previous works, the CWT [50], ERA [44], and SSI [45] were employed to estimate the
participation factors from measurement data. Other than Koopman, DMD, CWT, ERA, and SSI, little research has
been conducted on using measurement data to estimate participation factors.

In the coherent group estimation, the measurement-based coherency identification methods are roughly classified into
two major categories: clustering [48]-[54] and direction cosine [44], [45], [S5], [56]. In the clustering-based coherency
identification, the critical dynamic characteristics representing coherency property are extracted from the measurement
data using Koopman mode [48], dynamic mode decomposition [49], principal component analysis [51], and
independent component analysis [52]. The hierarchical clustering [53] and spectral clustering [54] are then adopted to
cluster the coherent groups of generators. The clustering methods have been proven to be reliable in the coherent group
cluster using the measurement responses. However, the disadvantage is that the number of coherent groups or the
distance threshold has to be specified in advance. The direction cosine-based coherent group separation methods can
overcome the deficiencies of the clustering-based coherent group identification methods. In [55] and [56], the
connection between coherent generators and the direction cosine was presented. The conclusion is that two generators
are completely coherent if the direction cosine is 1, and they are completely incoherent if the direction cosine is close
to -1 [44], [45], [50]. When using measurement data, the measurement-based direction cosine can be represented by
the correlation coefficient between the measurement data from two different measurement channels, and the coherency
matrix of the generators can be further formed through measurement-based direction cosine. Based on the entries in
the formed coherency matrix, coherent groups of generators can be clustered. Nevertheless, a prior direction cosine
threshold is needed. In addition to clustering and direction cosine, a projection pursuit approach was developed in [57]
to identify the critical coherent group and the dominant coherent groups from measurement data via the optimal
orthogonal projection direction. Also, the theoretical connection between the measurable coherency properties and the
coherency in the Center of Inertia (COI) was provided.

Given the value of dominant modes, mode shapes, participation factors, and coherent groups as well as the intrinsic
connections among the four dynamic properties, estimating these four properties in a systematic way has been
accomplished using the model-based EA, and the results have been used in the electromechanical oscillation
assessments and real-world power system controls [4]. Comparing with the holistic model-based EA, most
measurement-based data-driven methods can only estimate one or two oscillation properties among the four dynamic
properties. Although measurement-based data-driven methods have big advantages as they eliminate the need of
building complex power system dynamic models, existing research that has been dedicated to estimating all of the four
dynamic properties using measurement data in a holistic framework is still limited [39], [49]. In [39], a multichannel
continuous wavelet transform (CWT) approach was proposed to estimate the electromechanical oscillation modes,
mode shapes, and coherent groups from the measurement data. However, the proposed approach was incapable of

estimating the participation factors. In addition, the proposed procedure of coherent group estimation through inversed



CWT is extremely complicated and time-consuming. In [49], A DMD method was proposed to estimate the dominant
modes, mode shapes, participation factors, and coherent groups of generators from the measured responses.
Nevertheless, the proposed DMD method is very sensitive to measurement noise. Moreover, the DMD-based method
requires given initial modes to estimate the dominant modes from measurement data. Given the drawbacks of existing
research, developing a synergistic data analytics framework for estimating the dominant mode, mode shapes,
participation factors, and coherent groups from the power system field measurement data in a holistic way remains an
open issue.

To bridge the gap between model-based EA and measurement-based methods on power system dynamic property
estimation, this paper develops an integrated framework to estimate the dominant oscillations, mode shapes,
participation factors, and coherent groups from measurement data in a systematic way. In specific, an optimized
variable projection (OptVarPro) based synergistic data analytics solution is developed, which extends the functionality
of the VarPro-based data-driven method from dominant mode estimation to dominant mode, mode shape, participation
factor, and coherent group estimations. The VarPro method has been proven by Borden et a/ [58] to have better
accuracy on mode estimation than linear measurement-based mode estimation methods, such as Prony, ERA, Matrix-
Pencil. However, the performance of VarPro is subject to the initially given modes which are usually difficult to be
obtained. Moreover, even though the VarPro can accurately predicate the dominant modes from measurement data, the
estimations of mode shape, participation factor, and coherent generator group using VarPro are rarely investigated [59].
To solve these two issues, the OptVarPro-based synergistic data analytics solution is used in this work to determine
appropriate given modes and realize the dominant mode, mode shape, participation factor, and coherent group
estimations in a single framework. The accuracy and effectiveness of the proposed OptVarPro-based method are
validated through simulation using a 16-generator 68-bus system and the field-measured PMU data from the Yunnan
Power Grid (YPG) in China. Similar to model-based EA methods, the proposed OptVarPro-based method could obtain
accurate dominant modes, mode shapes, participation factors, and coherent groups in a systematic way. In addition,
the proposed OptVarPro-based data-driven method is robust to measurement noise compared with other measurement-
based data-driven methods. The main contributions of this paper include:

1) The proposed OptVarPro based synergistic data analytics solution realizes the estimation of electromechanical
oscillation modes, mode shapes, participate factors, and coherent groups in one holistic framework.
2) The proposed OptVarPro method overcomes the disadvantages of the VarPro on the initial mode selection and
extends the VarPro-based method to further estimate mode shapes, participation factors, and coherent groups.
3) The proposed OptVarPro is robust against measurement noise on the estimations of mode, mode shape,
participate factor, and coherent group when compared with the existing measurement-based methods.
The rest of this paper is organized as follows. In Section 2, an OptVarPro-based synergistic data analytics solution
is developed to estimate the dominant mode, mode shape, participation factor, and coherent group from multichannel
measurement data. In Section 3, the performance of the proposed OptVarPro method is evaluated in the 16-generator

68-bus as well as the YPG test systems. Finally, section 4 draws conclusions.



2. Optimized Variable Projection

In this section, the VarPro-based mode estimation is briefly introduced. Then an OptVarPro-based method is
developed to obtain more reasonable initial given modes «. Further, the mode shapes, participation factors, and

coherent groups are also estimated using the developed OptVarPro method.

2.1 Variable Projection

The VarPro method was initially developed by Golub et al [60], [61], and [62] to cope with the variable separation
problem in nonlinear least squares. In [58], VarPro is further employed to estimate the oscillation modes from the
measurement responses in the power system. The procedures of the VarPro based mode estimation can be summarized
as follows [59]:

1) Gather the synchrophasor measurements Y=[ y, y,,***, y,]T from PMUs, where y;, y,, ***, y,€R"V are the
measurement responses, m is the number of the measurement channels, and N is the number of measurement samples.

2) Construct basis function matrix fAA)=[e"", ", - &™] where A=[A;, A,, -+, A,] are initial given mode vector.

3) Reconstruct the measurements ¥ as Ye( f(A)F)" using the basis function matrix f{A) and Frobenius matrix F.
4) Solve the Frobenius matrix F by minimizing the residual r satisfying ||r||§ =||Y T - I%”z = "Y T—f (X)B||2 , and the linear

least-squares optimization solution of F is F=f*(A)¥™ where f*(A) is Moore-Penrose pseudo-inverse of f{L).

5) Achieve optimal modes A* by solving the following variable projection function

min [ (1)} =min[[¥* P8 =min|[¥" - f(a) f*(@)V"[; (1)

6) Calculate the frequency f; and damping ¢ of the ith achieved optimal mode A;*

Detailed procedures of the mode estimation using VarPro can be found in [58]. Note that solving the variable
projection function (1) may be computational intensive since it is subject to the initially given modes A;s. Although a
good A;s value can significantly accelerate the solution efficiency and improve the accuracy of variable projection
function (1), there is currently no effective method to directly determine what an appropriate A;s is. Moreover, VarPro
is incapable of estimating mode shapes, participation factors, and coherent groups, which also provide critical dynamic
information for grid operators to make decisions. Therefore, an OptVarPro-based mode, mode shape, participation

factor, and coherent group estimations are developed in the following sections.

2.2. OptVarPro based Mode Estimation

As mentioned in Section 2.1, the computational efficiency and accuracy of the VarPro-based mode estimation are
subject to the initially given modes ¢;s in the variable projection function (1). To address this problem, an OptVarPro-
based method proposed in [63] is adopted to estimate the initially given modes ¢;s and improve the computational
efficiency of the variable projection function (1).

Assume the adjacent measured data sequences y,, and y,,+; are generated from a discrete-time linear dynamical system,

then y,, and y,,., satisfy the linear mapping y,,.;+1=0y,.++ ro where O is a time-independent operator matrix capturing



the inherent dynamics of the studied system in this matrix, and r, is the measurement noise. The linear mapping
Ymij1=0p,i110 1s a typical linear approximation, where eigenvalues of O and their corresponding eigenvectors can
represent the features of the dynamic system.
Further, in the noise-free case, the measurements Y=[ y;, y,,***, ,,]T yields the Krylov sequences by using ¥,=[ yi,
V2.0 Yl =L y1, Opryes, O] and Yo=[ 2, y3,02, pu] '=[0p1, O%p1,7++, O"y1]". Hence, the ¥; and Y; satisfy ¥,=0Y,
If the y,, is sampled by following the trapezoidal rule, y,, and y,..; should fulfill

Vit = Vu :Oym+1+ym (2)
tm+1 - Z‘m 2
Hence, Y, and ¥, satisfy
Yz — Yl =0 Yl + Yz (3)
T 2
where T=diag(t,-t,, ... , t,-t,.1) 1S a matrix with m-1 sampling intervals.
Define the matrices R, and R, as
A
2 )
R Yz _ Yl
: T

After taking the singular value decomposition (SVD) of the matrix R, the left singular vector matrix U, singular
value matrix X and right singular vector matrix V are
R =UV" %)
By substituting (5) into (4), the matrix R, can be approximated by
R, ~OULV" (6)
Further, a low order state matrix 4 can be defined as

A=U"0U (7
According to (6) and (7), A can be rewritten as

A=URVE! ®)

Theoretically, the critical oscillation modes embedded in the response measurements are contained in the eigenvalues
of A. Hence, the eigenvalues of 4 are

A, =19, €))
where A; is the eigenvalue of 4, and @; is the eigenvector of A,.

By employing the eigenvalues of 4" as the initially given modes A in (1), the variable projection function (1) can be
solved. Also, the optimal oscillation modes A* embedded in the response measurement, which can reveal the
electromechanical oscillation property of the power systems, are obtained.

Note that to suppress the measurement noise and improve the accuracy of the oscillation mode estimation, additional
trivial modes are intentionally included in the solved optimal oscillation modes A*. Thus, the dominant oscillation
modes are mixed with the trivial modes in the results that are solved by the proposed OptVarPro method. The dominant

modes can reveal some system dynamic features. However, the trivial modes are only utilized to suppress the



measurement noise. To avoid false alarms and separate the dominant modes from the trivial modes, cumulative energy

weights E; . is defined as [59]

k

E =) B 100% (10)

m

i=1 ZE,
i=1

where tE;; is the cumulative energy weight of the ranked Es, E;=||F* i ||2 2 is the energy weight of the i-th mode of

the A*, F* i is the ith row vector of F*,

Give a cumulative energy weight threshold E, if £ is greater than E,, the first £ modes can be considered as the
dominant oscillation modes. Otherwise, more modes should be considered. The E| plays a critical role in the dominant
mode separation. A larger £, may make the separated dominant modes mix with the trivial modes, while a smaller £,
may miss some dominant modes. To ensure the separation accuracy, the value of £ in this work is set to be 85%, and

its performance will be demonstrated in the case studies section.

2.3. Mode Shape Estimation

Mode shape is another important dynamic feature that can provide additional information for electromechanical
oscillation mitigations. In this work, the mode shapes of the i-th dominant mode estimated by the proposed OptVarPro

can be achieved from the solved F* in (1).

F7
6=
|

i

(In

2

where ¢; is the mode shape vector of the i-th dominant oscillation mode.

2.4. Participation Factor Estimation

The participation factors can be used to quantitatively evaluate the degrees of generators participating in the
oscillation, locate the most energetic generators associated with the focused oscillation, and select the placement of

PSS to damp the oscillation. It is defined as

p|F"

o (%) (12)

where p=[pi1 pi2 ... pi]T is the participation factor vector of the generators associated with the i-th dominant oscillation

mode, and pj, is the participation factor of kth generator associated with the i-th dominant oscillation mode.

2.5. Coherent Groups Separation

The estimated mode shapes in subsection 2.3 can identify two relative oscillation coherent groups among the whole
generators in the power system under one of the dominant oscillation modes. However, they are unable to separate the
coherent groups of generators subjected to the joint multiple oscillation modes. To solve this problem, a graph cut-
based coherent group separation is developed in this work. Following the general graph cut method in [64], a virtual
undirected graph G, which can represent the coherency among the whole generators, is defined. In the defined virtual

undirected graph, the vertex of G'is defined as V={1,2,- - -,n}, where n is the number of generators. The edge is defined



as EcVxV, where e(i, j)e E indicates the coherency degree between generators 7 and j. Further, the vertex-weight and
edge-weight are represented as follows

Vertex-Weights: the weight of the vertex i in G is defined as

w,; =1 (13)
Edge-Weights: the weight of the edge e(i, j), i#/, is defined as
"0, <0

where r;; is the direction cosine between generators i and j and is calculated as

S (0, -5 )0, - 7))
r — k=1 (15)

v m m
\/Z(¢7m‘ _EJ[)ZZ((/J/(] _(’?j)z
k=1

k=1

By employing the defined vertex weight and edge weight, the unnormalized Laplacian matrix L of G can be formed,
and element ;; in L is equal to
d —w.,i=]
L, j)=1 " " 16
() {—Wwﬁf (16)

where d; is the weighting factor of the vertex i, and is defined as
d;= X w; 17)

According to the formulated unnormalized Laplacian matrix L, the normalized Laplacian matrix Ly of G is
L, =DV LD (18)
where D is a diagonal matrix, and it can be represented as D=diag|d,, d>, -+, d,,].

For the formulated normalized Laplacian matrix Ly, the graph-cut problem of the G' can be solved by spectral
clustering, and the coherent groups can be clustered. The detailed spectral clustering-based graph-cut solution can be
found in [64]. Note that in the spectral clustering-based graph-cut method, the number of the coherent groups should
be predetermined. Various criteria have been used to select the number of the coherent groups, e.g., the largest eigengap,
maximum relative eigengap. In this paper, the largest eigengap of Ly is adopted to determine the number of coherent

groups and to separate the coherent groups from measurement data.

2.6. Procedures of the Developed OptVarPro Solution
In this section, the flowchart of using the proposed OptVarPro method to extract electromechanical oscillation modes,

mode shapes, participation factors, and coherent groups from measurement responses is shown in Fig.1. The major
steps are summarized as follows:

1) Gather the response measurements from PMU, and form the measurement matrix Y=[ y,, y2,***, y.]*.

2) Extract matrices ¥, and ¥, from ¥, and calculate matrices R; and R, via (4).

3) Take the SVD of R, to obtain matrices U, X, and Vin (5).

4) Estimate the dynamic matrix 4 through (8) by using the matrices R,, U, X, and V.



5) Achieve the optimal modes A* and F* by solving variable projection function (1) with the eigenvalues of 4
used as initially given modes A.

6) Distinguish the dominant oscillation modes from the achieved optimal modes A* via the cumulative energy

Gather multichannel synchrophasor
measurements ¥ from PMUs

v
Extract Y, and ¥, from Y and calculate
the matrices R, and R, via (4)
v

Obtain matrices U, X and V'in (5) by
implementing SVD on R,

v

Estimate matrix 4 via (8) by using
matrices R,, U, X' and V'

v
Achieve A* and F* by solving (1) with
eigenvalues of 4 as initial modes.

v

Distinguish dominant modes from
optimal modes A* via Ejj in (10)

weights in (10).

Participation factor estimation

Estimate participation factors via (12) E
using ¢ and Fi*. ;

Obtain Lyof G via (13) to (17) using
estimated mode shapes @.

using solved F*.
dominant mode A,*

Achieve coherent clusters by solving
graph-cut problem of G

Calculate mode shapes @ via (11) by

Estimate frequency and damping of kth

Precccccccccccccccgeccnne

Lececs Fe=e

End
Fig. 1 Flowchart of the proposed OptVarPro Solution.

7) Calculate the mode shapes associated with the distinguished dominant oscillation modes through (11).

8) Estimate the participation factors associated with the distinguished dominant oscillation modes via (12).

9) Calculate the direction cosine 7;; between the generators i and j via (15) by using the estimated mode shapes.

10) Form the unnormalized Laplacian matrix L of the virtual undirected graph G via (16) by using the defined
vertex-weights and edge-weights.

11) Normalize the Laplacian matrix L to obtain the normalized Laplacian matrix Lyvia (18).



12) Solve the graph-cut problem of the G with the normalized Ly by using the spectral clustering method.

13) Achieve coherent clusters.

3. Case studies

In this section, the performance of the proposed OptVarPro-based solution in estimating the dominant oscillation
modes, mode shapes, participation factors, and coherent groups is evaluated through the simulated measurements of a

16-generator 68-bus test system and the real measurements from the PMUs in Yunnan Power Grid (YPG).
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Fig. 2 Swing rotor angles and speed of generators in the 16-generator 68-bus test system.

3.1. 16-generator 68-bus Test System

In the 16-generator 68-bus test system, generators G1-G9, G10-G13, G14, G15, and G16 are located in five different
areas, respectively. Detailed parameters of the system are available in [4]. To mimic the response collected from PMUs,
a 3-phase fault that occurred at the end of branch 46-49 is added. Then branch 46-49 is tripped after 0.12s to clear this

fault. The swing rotor angles and speed of the generators during the disturbance are illustrated in Fig.2.

3.1.1 Electromechanical oscillation properties estimated by EA
Although there are 15 natural oscillation modes in this test system, the previous works have demonstrated that four



dominant modes whose oscillation frequencies are around 0.30Hz, 1.15Hz, 1.60Hz, and 2.10Hz, may be excited by the
branch 46-49 tripping [39], [59]. To fully evaluate the performance of the proposed OptVarPro-based data analytics
solution, the results of EA are used as the baseline in this work. Table 1 lists these four dominant modes, and the
corresponding mode shapes, participation factors, and coherent groups estimated by EA in detail. The estimated mode

shapes, participation factors, and coherent groups are also plotted in Figs. 3, 4, and 5.

Table 1 Modes, mode shapes, participation factors, and coherent groups estimated by EA

Mode 1 Mode 2 Mode 3 Mode 4
1=0.29Hz, {=19.49% f=1.14Hz, =3.51% f=1.59Hz, (=2.52% f=2.10Hz, (=1.90%
Mode shape Mode shape Mode shape Mode shape

Mag. Ang./° BE Mag. Ang./° Ph Mag. Ang./° PF Mag. Ang./° BE
G2 0.06 174.12 0.00 0.22 179.92 0.03 0.11 -179.90 0.01 0.93 0.00 0.07
G3 0.07 173.26 0.00 0.39 -179.81 0.09 0.11 -179.91 0.01 0.93 0.00 0.07
G4 0.12 171.86 0.01 0.17 -179.99 0.02 0.10 -179.92 0.01 0.94 0.00 0.07
G5 0.14 171.85 0.01 0.21 179.98 0.02 0.08 -179.94 0.01 0.93 0.00 0.07
G6 0.13 171.82 0.01 0.22 179.98 0.03 0.09 -179.93 0.01 0.93 0.00 0.07
G7 0.13 171.83 0.01 0.21 179.98 0.03 0.09 -179.93 0.01 0.93 0.00 0.07
G8 0.03 172.31 0.00 0.26 -0.11 0.04 0.16 -179.89 0.02 1.00 0.00 0.08
G9 0.11 171.36 0.00 0.31 -180.00 0.05 0.09 -179.94 0.01 0.94 0.00 0.07
G10 0.11 -8.69 0.00 1.00 0.00 0.56 0.32 -179.87 0.08 0.93 0.00 0.07
Gl11 0.14 -8.25 0.01 0.08 0.61 0.00 1.00 0.00 0.80 0.95 0.00 0.07
G12 0.08 -19.57 0.00 0.36 -178.85 0.07 0.14 -179.71 0.02 0.92 0.00 0.06
G13 0.07 -42.11 0.00 0.20 178.78 0.02 0.11 179.18 0.01 0.92 0.00 0.06
Gl4 0.69 -2.74 0.20 0.18 -180.00 0.02 0.09 -179.93 0.01 0.92 0.00 0.06
G15 0.86 -1.35 0.32 0.16 -179.93 0.01 0.08 -179.94 0.01 0.92 0.00 0.06
Gl16 1.00 0.00 0.43 0.17 179.94 0.02 0.08 179.99 0.01 0.92 0.00 0.06

Coherent groups C1={G2. G3. G4. G5. G6. G7. GY9}, C2={G8. G10. Gl1},C3={G12. GI3. Gl4. GI5. Gl6}

In Table 1, four dominant modes, which are 0.29Hz with 19.49% damping, 1.14Hz with 3.51% damping, 1.59Hz
with 2.52% damping, and 2.10Hz with 1.90% damping, are estimated. From the mode shapes in Table 1 and Fig. 3, it
could be seen that mode 1 is an inter-area oscillation mode, i.e., generators G2-G9 in area 1 swinging against generators
G10-G16 in the rest areas, and generators G14, G15, and G16 have the highest degree of observability in this oscillation.
Mode 2 is representative of generators G8, G10, and G11 swinging against generators G2, G3, G4, G5, G6, G7, G9,
G12, G13, G14, G15, and G16. This mode has strong observability at generator G10. Similarly, Table 1 and Fig. 3(c)
show generator G11 oscillates against the rest generators in mode 3, and generators G10 and G11 have significant
observability in this single mode. Lastly, Table 1 and Fig. 3(d) illustrate mode 4 has a unique shape with generators
G2-G16 swinging against generator G1.
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Table 1 and Fig.4 further show the estimated participation factors of generators estimated by EA. It is observed that
generators G14, G15, and G16 have relatively higher participation factors in mode 1, and the largest participation
factors of modes 2, 3, and 4 are associated with G10, G11, and G8, respectively.

Coerent group 1 15°*
N
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Coerent group 2
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Fig.5 Coherent groups of generators separated by EA
From the estimated mode shapes in Table 1 and Fig.3, the coherent groups of the generators are separated by using

the proposed spectral clustering-based graph-cut solution discussed in section 2.5. The results are listed in Table 1 and

clustered in Fig. 5. Three coherent groups, including C1={G2. G3. G4. G5. G6. G7. G9}, C2={G8. G10. G11}
and C3={G12. G13. G14. G15. G16}, are separated by EA.

Table 2 Estimated modes and corresponding energy

Mode f/Hz % E; E, /%
Mode 1 0.30 19.58 0.019 54.92
Mode 2 1.14 3.54 0.006 72.24
Mode 3 1.60 2.51 0.002 79.17
Mode 4 2.09 1.89 0.003 87.47
Mode 5 0.43 13.49 0.001 91.96
Mode 6 0.57 9.67 0.001 94.94
Mode 7 0.94 4.37 0.001 96.83
Mode 8 1.22 3.29 0 98.06
Mode 9 1.02 4.64 0 99.19
Mode 10 0.71 9.94 0 99.75
Mode 11 0.87 4.66 0 99.98

Mode 12 1.37 4.22 0 100.0

3.1.2 Dominant oscillation mode estimation
The mimicked generator rotor angles and speed in Fig.2 are used as the input data to the proposed OptVarPro-based

data analytics method. Then the optimal A* and F* in (1) are solved. The oscillation energy and cumulative energy
weight of each A* are calculated, and the results are listed in Table 2. According to the predefined threshold of
cumulative energy weights, four modes with frequencies at 0.30 Hz, 1.14 Hz, 1.60 Hz, and 2.09 Hz, are considered as

the dominant oscillation modes embedded in the mimicked response measurements.

Table 3 Comparison of the dominant oscillation modes estimated by different methods

Mode 1 Mode 2 Mode 3 Mode 4
frequency damping frequency damping frequency damping frequency damping
F e A N O S S T L < T U P U
OptVarPro 0.30 3.45 19.58 0.46 1.14 0.00 3.54 0.85 1.60 0.63 2.51 0.40 2.09 0.48 1.89 0.53
DMD 0.24 17.24 40.89 109.80 1.13 0.88 4.50 28.21 1.64 3.14 5.28 109.52 2.10 0.00 2.49 31.05
POD 0.29 0.00 i 1.14 0.00 i 1.60 0.63 i 2.09 0.48 W
KMD 0.31 6.90 7.35 62.29 1.15 0.88 9.43 168.66 1.58 0.63 10.72 325.40 2.05 2.38 12.54 560.00

Table 3 compares the dominant oscillation modes estimated by OptVarPro, DMD, POD, and KMD. Moreover, the
results from EA in Tabel 1 are served as the baseline. It is observed from Table 3 that the maximum estimation errors

of OptVarPro, DMD, POD, and KMD are 3.54%, 109.80%, 0.63%, and 560.00%, respectively. The POD exhibits high



accuracy in oscillation frequency estimation but fails in the damping estimation. The DMD and KMD can estimate the
damping and frequency of the dominant modes from measurements, but the results from DMD and KMD are not very
accurate compared to the baseline. Therefore, the accuracy of the proposed OptVarPro-based data analytics solution in

dominant oscillation mode estimation is validated.
3.1.3 Mode shape estimation

After determining the dominant modes, the corresponding mode shapes of all the generators are estimated via (11)
using the solved F*. The results are shown in Fig. 6, and the detailed mode shapes containing magnitudes and angles
are listed in Table 4. From Fig. 6(a) and Table 4, it could be seen that mode 1 is an inter-area oscillation mode, i.e.,
generators G2-G9 in area 1 swinging against generators G10-G16 in the rest areas. Further, generators G14, G15, and
G16 have the highest degree of observability in this oscillation. The mode shapes in Table 4 and Fig. 6(b) reveals that
mode 2 is representative of generators G8, G10, and G11 swinging against generators G2, G3, G4, G5, G6, G7, G9,
G12,G13, G14, G15, and G16 in the test system. This mode exhibits strong observability at generator G10. Similarly,
Table 4 and Fig. 6(c) show generator 11 oscillates against the rest generators in mode 3, and generators G10 and G11
have significant observability in this single mode. Lastly, Table 4 and Fig. 6(d) illustrate mode 4 has a unique shape

with generators G2-G16 swinging against generator G1.
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Fig. 7 Mode shapes of dominant modes estimated by DMD

The mode shapes of all the generators associated with the detected four dominant modes are also estimated by DMD,
POD, and KMD. The estimated mode shapes are plotted in Figs. 7, 8, and 9, and the complete mode shape information
is listed in Table 4. By comparing these graphs and values with the results estimated by OptVarPro in Fig. 3, Fig. 6,

and Table 1, it is observed that the coherent generators and the generators with strong observability in these four modes



are all the same. Even though the magnitudes of the estimated mode shapes are slightly different, the accuracy of the

proposed OptVarPro in the mode shape estimation is proven.

Table 4 Comparison of the mode shapes estimated by different methods

Mode 1 Mode 2
Gen. OptVarPro DMD POD KMD OptVarPro DMD POD KMD
Mag.  Ang./° Mag.  Ang/° Mag. Ang/° Mag. Ang/° Mag. Ang/° Mag. Ang/° Mag. Ang/° Mag. Ang./°
G2 0.04 -38.03 0.05 11.77 0.19 0.00 0.03 -74.98 0.23 15.26 0.25 -6.93 0.12 0.00 0.21 11.60
G3 0.04 3422 0.07 10.43 0.24 0.00 0.04 -72.48 0.24 41.08 0.28 18.88 0.08 0.00 0.28 24.93
G4 008 -34.97 0.13 10.31 0.24 0.00 0.08 72,12 0.13 27.95 0.16 -5.85 0.05 0.00 0.16 11.42
G5 0.09 3522 0.13 10.66 0.24 0.00 0.08 -72.78 0.16 26.53 0.16 9.02 0.09 0.00 0.17 9.46
G6 0.08 3550 0.13 10.27 0.29 0.00 0.08 -72.01 0.17 2637 0.19 -4.34 0.05 0.00 0.19 11.79
G7 0.08 -35.48 0.13 10.28 0.28 0.00 0.08 -72.01 0.17 26.32 0.19 -4.15 0.05 0.00 0.19 11.96
G8 0.02 3510 0.04 11.70 0.12 0.00 0.02 7034 020 -152.02 021 16048 020 180.00 026  179.76
G9 0.07 3464 0.12 8.97 0.40 0.00 0.07 6796 024 27.26 0.25 -0.03 0.03 0.00 0.25 14.50
G10 007 14642 0.01 -108.62  0.07 180.00  0.02 90.28 074  -15198 032 -17801  0.89 180.00 031  -159.98
GIl 009 145.11 0.07  -16932 0.5 180.00  0.04 10837 006  -153.42 006  -15339  0.15 180.00  0.04  -121.63
Gl12 005 155.11 0.15  -17495  0.03 180.00  0.06 13743 0.26 26.23 0.27 14.50 0.15 0.00 0.23 24.70
G13 004 17924 019  -17043 031 180.00  0.08 15564 015 28.65 0.16 -6.02 0.28 0.00 0.17 1221
Gl4 045 139.15 044  -177.88 027 180.00  0.17 11680  0.14 27.38 0.05 -3.55 0.01 0.00 0.05 15.09
Gl5 0356 13774 046  -17974 045 180.00  0.18 11585  0.13 27.17 0.04 -8.05 0.10 0.00 0.05 13.39
Gl6 065 13635 0.48 179.31 0.19 180.00  0.19 11327 0.13 27.45 0.04 -1.92 0.07 0 0.05 18.01
Mode 3 Mode 4
Gen. OptVarPro DMD POD KMD OptVarPro DMD POD KMD
Mag.  Ang./° Mag. Ang./® Mag. Ang./° Mag. Ang/° Mag. Ang/° Mag. Ang/° Mag. Ang/° Mag.  Ang/°
G2 0.10 -7.23 0.09  -14.72 0.04 0.00 0.09 32.38 026  -3848  0.15 91.67 0.25 0.00 0.28 32.08
G3 0.09 534 0.10  -13.38 0.03 0.00 0.10 32.84 026  -37.84  0.16 91.80 0.19 0.00 0.30 32.16
G4 0.09 752 0.10  -14.41 0.05 0.00 0.10 32.77 026  -3829  0.17 91.45 0.03 0.00 0.32 32.12
G5 0.08 -6.02 0.08 -19.21 0.05 0.00 0.07 29.42 026  -3822 0.5 90.95 0.01 0.00 0.27 31.89
G6 0.08 -6.56 0.09  -16.58 0.03 0.00 0.08 31.10 026  -3829  0.16 91.24 0.00 0.00 0.30 32.01
G7 0.08 -6.44 0.09  -16.44 0.03 0.00 0.09 31.20 026  -3827  0.17 91.26 0.01 0.00 0.30 32.01
G8 0.15 -6.45 0.16  -12.90 0.11 0.00 0.17 34.39 028  -3821 0.19 92.18 0.08 0.00 0.36 3251
G9 0.08 -6.42 0.08 -13.88 0.02 180.00  0.08 32.36 026  -3826  0.16 91.58 0.01 180.00  0.29 32.19
G10 029 577 0.09 5.03 0.23 0.00 0.12 42.88 026  -3828  0.06 97.29 0.23 0.00 0.12 36.21
GIl 089 173.60  0.59 152.42 0.94 180.00  0.43  -15248 027  -37.61  0.08 10645 023 0.00 0.21 39.85
G12 o012 -6.85 0.11 -17.57 0.09 0.00 0.11 31.14 025 3826  0.13 91.27 0.47 0.00 0.25 3091
G13 010 592 0.11 21.16 0.17 0.00 0.10 28.81 025 3826  0.16 90.52 0.56 0.00 0.28 30.43
Gl4 008 -6.96 0.03 -19.38 0.02 180.00  0.03 23.80 025  -3823  0.05 90.86 0.09 180.00  0.10 25.16
GI15 007 -6.99 0.02 2170 0.06 0.00 0.03 20.14 025 3827 0.04 90.56 0.03 0.00 0.09 22.44
Gl6 0.8 -6.36 0.02 8.82 0.07 0.00 0.04 20.35 025 3834 0.04 91.79 0.07 180.00  0.10 19.73
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Fig. 9 Mode shapes of dominant modes estimated by KMD
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Fig. 10 Comparison of participation factors estimated by different methods

3.1.4 Participation factor estimation

Following the procedures of the proposed OptVarPro-based data analytics solution in participation factor estimation,
the achieved optimal modes o* and B* are adopted to calculate the participation factors of all the generators associated
with the dominant modes 1, 2, 3, and 4 via (12). Fig.10 shows the generator participation factors estimated by different
approaches. In OptVarPro, generators G14, G15, and G16 have relatively higher participation factors in mode 1, and
the largest participation factors in modes 2, 3, and 4 are associated with the generators G10, G11, and G8, respectively.
Table 5 lists the dominant generators in the participation factors estimated by different approaches. By comparing the
results in Tables 1 and 5, it is observed that the dominant generators identified by the proposed OptVarPro in these
four modes are consistent with the dominant generators determined by EA, DMD, POD, and KMD. Still, the values of
the participation factors estimated by these methods may be different, but the accuracy of the proposed OptVarPro

method in estimating the participation factors of oscillation modes is proved.

Table 5 Comparison of dominant generators estimated by different methods

Method Mode 1 Mode 2 Mode 3 Mode 4

OptVarPro Gl4, G15, Gl6 GI10 Gl1 G8
DMD Gl14, G15,Gl16 G10 Gl1 G8
POD G9. Gl15 G10 Gl1 G12,Gl13
KMD Gl14, G15,Gl16 G8. GI0 Gl11 G8

3.1.5 Coherent group estimation

According to Step 9) in subsection 2.6, the direction cosines among generators are calculated using the solved mode
shapes and the results are shown in Fig. 11 (a). The vertex-weights and edge-weights of the virtual undirected graph G
are determined via (13) and (14). By using the determined vertex-weights and edge-weights of G, the normalized
Laplacian matrix Ly of G is formed through (18) and illustrated in Fig.11 (b). The eigenvalues of Ly are calculated and
shown in Fig. 12. From Fig. 12, the largest eigengap of Ly appears between the 4th eigenvalue and 5th eigenvalue, and

the number of the coherent groups is hereby determined as 4.
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Fig.13 Coherent groups of generators separated by OptVarPro, DMD, POD, and KMD

Following the determined number of coherent groups, the coherent groups of generators are clustered using the
spectral clustering method to solve the graph-cut problem of the G. Fig. 13(a) shows the separation results of the
coherent groups by the proposed method, and the details are listed in Table 6. As can be seen in Fig. 13(a) and Table
6, all the generators that are subject to the implemented disturbance are clustered into four coherent groups, where

generators G2, G3, G4, G5, G6, G7, and G9 form the first coherent group C1, generators G8, and G10 form the second



coherent group C2, generators G12, G13, G14, G15, and G16 form the third coherent group C3, and generator G11
alone forms the fourth coherent group C4.

The coherent groups clustered via the proposed graph cut method using the estimated mode shapes of DMD, POD,
and KMD are also compared in Fig. 13. Detailed results are summarized in Table 6. It is observed that DMD and KMD
can separate all the generators into four coherent groups and the generators in each group are identical to the coherent
groups separated by OptVarPro. POD clusters all the generators into four coherent groups, and the generators
composing coherent groups C2 and C3 are the same as the generators in the coherent groups C2 and C3 that are
estimated by OptVarPro. However, in POD, the coherent group C1 is formed by generators G2, G3, and G11, and the
coherent group C4 is formed by generators G4, G5, G6, G7, and G9. Further, by comparing Table 1 and Fig.5 with
Table 6 and Fig.13, it is observed that the coherent group C2={G8. G10. G11}estimated by EA is further divided by

into two coherent groups C2={G8. G10 } and C4={G11} by the proposed OptVarPro.

Table 6 Comparison of coherent groups separated by different methods

method Coherent groups
OptVarPr  CI={G2. G3. G4. G5. G6. G7. G9}, C2={G8.
0 G10}, C3={G12. G13. Gl4. G15. Gl6}, C4={Gl1}
DMD Cl={G2. G3. G4. G5. G6. G7. G9}, C2={G8.

G10}, C3={G12. GI3. Gl4. GI5. Gl6}, C4={G11}
C1={G2. G3. Gll}, C2={G8. G10}, C3={G12. GI3.
Gl4. G15. Gl6}, C4={G4. G5. G6. G7. G9}
C1={G2. G3. G4. G5. G6. G7. G9}, C2={G8.
G10}, C3={G12. GI3. Gl4. GIS5. Gl6}, C4={G11}

From Fig. 13 and Table 6, the coherent groups separated by OptVarPro, DMD, POD, and KMD are slightly different

POD

KMD

from each other due to the various mode shapes estimated by different methods. Nevertheless, the critical generators
in each coherent group that separated by OptVarPro, DMD, POD, and KMD are always the same. This indicates that

the proposed OptVarPro method can precisely cluster the coherent groups of generators from measurement data.

3.1.6 Discussion on the threshold of relative energy weight

As mentioned earlier, the preset threshold of relative energy weight Ej, is a critical parameter to separate the dominant
oscillation modes from trivial ones in the results of &*. A larger E, may mix the trivial modes into the dominant modes
while a smaller £, may miss the dominant modes. To obtain the appropriate £y, the selection of Ej is discussed in this

subsection in the following four scenarios:
Scenario 1: a 3-phase fault occurs at the end of branch 1-30, then branch 1-30 is tripped after 0.13s.
Scenario 2: a 3-phase fault occurs at the end of branch 3-4, then branch 3-4 is tripped after 0.16s.
Scenario 3: 2.57 p.u. load at bus 1 is shed.
Scenario 4: 0.5 p.u. load disturbance at bus 47 is excited between 0.1s and 2s.

Scenario 5: the Gaussian white noise with signal-to-noise ratios (SNR) of 85dB, 65dB, 45dB, and 25dB, are
intentionally added to the simulated data in Fig. 2, respectively.

(1) Scenario 1

Following the procedures of the proposed approach, the simulated swing rotor angles and the speed of the generators



in the 16-generator 68-bus test system during the disturbance in scenario 1 are used as the input to the proposed
OptVarPro method. Table 7 lists the solved a@* and their corresponding energy and relate energy calculated from B*. It
is observed from Table 7 that when the threshold of relative energy weight E| is set to 85%, four modes (i.e., 0.35 Hz
mode, 1.15 Hz mode, 1.59 Hz mode, and 2.09 Hz mode) are considered as the dominant modes excited by this

disturbance.

Table 7 Estimated modes and corresponding energy in scenario 1

Mode f/Hz % E; E /%
Mode 1 2.09 1.88 0.066 7 38.96
Mode 2 0.35 16.6 0.0453 65.43
Mode 3 1.15 3.57 0.026 0 80.6
Mode 4 1.59 2.53 0.0129 88.15
Mode 5 0.55 10.8 0.010 6 94.34
Mode 6 0.94 4.37 0.004 6 97.02
Mode 7 1.02 4.63 0.001 9 98.14
Mode 8 1.12 5.39 0.001 5 99.04
Mode 9 1.22 3.18 0.000 8 99.51
Mode 10 0.87 4.56 0.000 8 99.96
Mode 11 1.38 3.54 0.000 1 100.0

Fig. 14 shows the calculated PSD of the frequencies via FFT using the same simulated data as input. As can be seen,
there are four PSD peaks at 0.34Hz, 1.15Hz, 1.60Hz, and 2.09Hz in the spectral. Hence, four modes with frequencies
at 0.35 Hz, 1.15 Hz, 1.59 Hz, and 2.09 Hz are excited in this disturbance. By comparing the detected dominant modes
in Table 7 and Fig. 14, it is concluded that setting the threshold £, to 85% can accurately separate dominant modes

from trivial ones in the results of solved o*.
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(2) Scenario 2

The swing rotor angles and the speed of all the generators in scenario 2 are used as input to the proposed OptVarPro
method. The estimated nine modes and their related energy are summarized in Table 8. When the predetermined
threshold of relative energy weight E is set to 85%, it is observed that the dominant modes are 0.35Hz with 16.4%
damping, 0.57Hz with 10% damping, and 2.09Hz with 1.87% damping. The rest are considered as trivial modes.

Table 8 Estimated modes and corresponding energy in scenario 2

Mode f/Hz % E; E /%
Mode 1 2.09 1.87 0.301 8 42.03
Mode 2 0.35 16.4 0.284 5 81.64
Mode 3 0.57 10.0 0.1137 97.48
Mode 4 0.90 4.54 0.006 0 98.31
Mode 5 1.22 3.37 0.005 0 99.01
Mode 6 1.14 3.93 0.004 1 99.57
Mode 7 1.05 5.28 0.001 3 99.75
Mode 8 1.60 2.58 0.001 1 99.90
Mode 9 1.38 2.99 0.000 7 100.0

Furthermore, Fig.15 shows the calculated PSD of the simulated swing rotor angles and the speed of the generators in

the 16-generator 68-bus test system during the disturbance in scenario 2 using FFT. By comparing the calculated



relative energy in Table 8 and the estimated PSD in Fig.15, three dominant modes, i.e., 0.35Hz mode, 0.57Hz mode,
and 2.09Hz mode, are excited by this disturbance. This demonstrates that the preset £, can distinguish the dominant

modes from the raw estimated modes.

(3) Scenario 3

The swing rotor angles and the speed of all the generators in scenario 3 are used as the input of the proposed
OptVarPro method. The estimated nine modes and their related energy are summarized in Table 9. When the
predetermined threshold of relative energy weight E, is set to 85%, it is observed that 0.34Hz with 16.3% damping
mode, 0.54Hz with 10.7% damping mode, 0.71Hz with 5.65% damping mode, and 2.08Hz with 1.89% damping mode

can be viewed as the dominant modes, and the rest are considered as the trivial modes.

Table 9 Estimated modes and corresponding energy in scenario 3

Mode f/Hz % E, E /%
Mode 1 0.34 16.3 0.2588 2778
Mode 2 2.08 1.89 0.2226 51.67
Mode 3 0.54 10.7 0.1968 72.80
Mode 4 0.71 5.65 0.1760 91.69
Mode 5 1.21 3.36 0.0412 96.11
Mode 6 1.14 374 0.0189 98.14
Mode 7 1.05 5.09 0.0081 99.01
Mode 8 0.94 5.4 0.0046 99.50
Mode 9 1.60 3.35 0.0046 100.0

Fig. 16 shows the calculated PSD of the simulated swing rotor angles and the speed of the generators in the 16-
generator 68-bus test system during the disturbance in scenario 3 using FFT. By comparing the calculated relative
energy in Table 9 and the estimated PSD in Fig. 16, four dominant modes, i.e., 0.34Hz mode, 0.54Hz mode, 0.71Hz,
and 2.08 Hz mode, are excited by this disturbance. Once again, this demonstrates that the preset £, can distinguish the

dominant modes from the raw estimated modes.
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Fig. 16 PSD of frequencies in scenario 3

(4) Scenario 4

In this scenario, by following the same procedure as above, the modes and the estimated energy are shown in Table
10. According to the threshold of the relative energy weight £y=85%, it is indicated from Table 10 that, two dominant
modes, 0.33 Hz with 18.0% damping mode and 2.07 Hz with 2.24% damping mode, are identified as the dominant
modes from the estimated modes.

The calculated PSD of the frequencies via the FFT using the same simulated data as input is illustrated in Fig. 17.
Obviously, there are two PSD peaks associated with 0.33 Hz and 2.07 Hz in the results of FFT spectral analysis. Hence,

two dominant modes with frequencies at 0.33 Hz and 2.07 Hz are excited in this disturbance. By comparing the detected



dominant modes in Table 10 and Fig. 17, it is concluded that setting the threshold E, to 85% can accurately separate

the dominant modes from the trivial ones in the results of solved a*.

Table 10 Estimated modes and corresponding energy in scenario 4

Mode f/Hz % E; E /%
Mode 1 0.33 18.0 0.1184 67.73
Mode 2 2.07 2.24 0.0343 87.36
Mode 3 1.59 2.59 0.0116 93.99
Mode 4 1.11 4.24 0.0037 96.11
Mode 5 0.94 4.66 0.0029 97.77
Mode 6 0.88 5.96 0.0022 99.03
Mode 7 0.58 10.8 0.0008 99.49
Mode 8 1.02 4.76 0.0006 99.83
Mode 9 1.38 2.20 0.0003 100.0
Mode 10 0.33 18.0 0.1184 67.73
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Fig. 17 PSD of frequencies in scenario 4

(5) Scenario 5

In this scenario, the Gaussian white noise with SNR=85dB, 65dB, 45dB, and 25dB is intentionally added to simulated
swing rotor angles and the speed of all the generators in Fig. 2, respectively. Table 11 lists the modes and their
corresponding energy and corresponding energy estimated from the simulated measurement data in Fig. 2 with different

noise levels.

Table 11 Estimated modes and corresponding energy in scenario 5
85dB 65dB 45dB 25dB
Mode E, Eodl Eo Eo il
% % % %
Mode 1 0.019 5536 0.019 5542 0.019 54.99 0.020 54.32
Mode 2 0.006 71.68 0.006 71.50 0.006 71.66 0.006 70.20
Mode 3 0.003 80.08 0.003 79.92 0.003 79.94 0.003 78.00
Mode 4 0.002 87.11 0.002 86.97 0.002 86.78 0.003 85.24
Mode 5 0.002 91.58 0.002 9145 0.002 91.19 0.002 89.98
Mode 6 0.001 9457 0.001 94.44 0.001 94.17 0.002 94.72
Mode 7 0.001 96.41 0.001 9629 0.001 96.17 0.001 98.06
Mode 8 0.000 97.67 0.000 97.58 0.000 97.46 0.001 99.45
Mode 9 0.000 98.74 0.000 98.67 0.000 9870 0.000 99.98
Mode 10 0.000  99.29  0.000 99.23 0.000 99.34 0.000 99.99
Mode 11 0.000 99.77 0.000 99.78 0.000 99.81 0.000 100.0
Mode 12 0.000  100.0  0.000 100.0  0.000  100.0

From Table 11, even though the SNR is decreased from 85 dB to 25 dB, the determined relative energy threshold

Ey=85% still exhibits strong robustness on differentiating dominant modes and trivial modes.
From the above discussions, it is concluded that setting the value of £, to 85% can accurately differentiate dominant

modes and trivial ones in the proposed OptVarPro method.

3.1.7 Robustness of proposed OptVarPro method
One advantage of OptVarPro over DMD, POD, and KMD is that OptVarPro is robust against measurement noise. In
this subsection, the Gaussian white noise with SNR=85dB, 65dB, 45dB, 25dB, 10dB, 5dB, and 1dB is intentionally



added to the simulated data in Fig. 2 to evaluate the robustness of the proposed OptVarPro against measurement noise.

Table 12 Comparison of the dominant modes estimated by different methods under different SNRs

OptVarPro DMD POD KMD
SNR Mode - - - :
frequency damping frequency damping frequency damping frequency damping

prz PR gmy BT pmg PROT o emp BT g BROU e BT g, BROT gy, EROC
Mode 1 0.30 0.00 19.6 0.10 0.28 16.67 86.0 110.3 0.29 0.00 - - 0.31 0.00 8.10 10.20
85dB Mode 2 1.14 0.00 3.48 1.69 1.16 2.65 20.6 357.8 1.14 0.00 - - 1.15 0.00 233 147.1
Mode 3 1.60 0.00 2.52 0.40 1.60 2.44 12.5 136.7 1.60 0.00 - - 1.58 0.00 15.6 45.52
Mode 4 2.09 0.00 1.90 0.53 2.09 0.48 8.82 254.2 2.09 0.00 - - 2.08 1.46 10.4 17.07
Mode 1 0.30 0.00 19.6 0.10 0.41 70.83 79.1 93.45 0.29 0.00 - - 0.24 22.58 4.64 36.87
65dB Mode 2 1.14 0.00 3.54 0.00 1.07 5.31 55.5 1133 1.14 0.00 - - 1.14 0.87 10.4 10.29
Mode 3 1.60 0.00 2.51 0.00 1.40 14.63 - - 1.60 0.00 - - 1.66 5.06 14.4 34.33
Mode 4 2.09 0.00 1.89 0.00 1.99 5.24 - - 2.09 0.00 - - 2.07 0.98 123 1.91
Mode 1 0.30 0.00 19.7 0.61 0.43 79.17 - - 0.29 0.00 - - 0.33 6.45 7.71 4.89
4548 Mode 2 1.14 0.00 3.55 0.28 - - - - 1.14 0.00 - - 1.15 0.00 5.95 36.8
Mode 3 1.60 0.00 2.53 0.80 - - - - 1.60 0.00 - - 1.65 4.43 7.13 335
Mode 4 2.09 0.00 1.90 0.53 - - - - 2.09 0.00 - - 2.18 6.34 7.82 37.7
Mode 1 0.30 0.00 19.1 2.45 - - - - 0.31 6.90 - - 0.38 22.58 8.21 11.7
25dB Mode 2 1.14 0.00 3.56 0.56 - - - - 1.14 0.00 - - 1.26 9.57 7.31 22.5
Mode 3 1.60 0.00 2.41 3.98 - - - - 1.59 0.63 - - 1.62 2.53 10.9 1.68
Mode 4 2.09 0.00 1.84 2.65 - - - - 2.09 0.00 - - 2.02 1.46 5.80 53.8
Mode 1 0.30 0.00 19.58 0.00 - - - - 0.35 20.69 - - 0.29 6.45 7.95 8.16
15dB Mode 2 1.14 0.00 3.39 4.24 - - - - 1.12 1.75 - - 1.15 0.00 6.42 31.92
Mode 3 1.60 0.00 2.50 0.40 - - - - 1.59 0.63 - - 1.60 1.27 4.59 57.18
Mode 4 2.09 0.00 1.89 0.00 - - - - - - - - 2.10 2.44 4.19 66.59
Mode 1 0.29 0.00 19.76 0.92 - - - - 0.35 20.69 - - 0.30 3.23 5.11 30.48
10dB Mode 2 1.14 0.00 3.63 2.54 - - - - 1.12 1.75 - - 1.13 1.74 6.32 32.98
Mode 3 1.60 0.00 2.52 0.40 - - - - 1.59 0.63 - - 1.59 0.63 6.96 35.07
Mode 4 2.09 0.00 1.91 1.06 - - - - - - - - 2.09 1.95 7.80 37.80
Mode 1 0.30 0.00 19.16 2.15 - - - - 0.35 20.69 - - 0.31 0.00 6.87 6.53
5B Mode 2 1.14 0.00 3.49 1.41 - - - - 1.12 1.75 - - 1.14 0.87 6.61 29.90
Mode 3 1.60 0.00 2.49 0.80 - - - - 1.59 0.63 - - 1.59 0.63 8.85 17.44
Mode 4 2.09 0.00 1.89 0.00 - - - - - - - - 2.09 1.95 7.80 37.80
Mode 1 0.28 6.67 21.95 12.10 - - - - 0.31 6.90 - - 0.29 6.45 6.01 18.23
1dB Mode 2 1.05 7.89 2.54 28.25 - - - - 1.15 0.88 - - 1.13 1.74 6.03 36.06
Mode 3 1.59 0.63 1.41 43.82 - - - - 1.60 0.00 - - 1.60 1.27 5.35 50.09
Mode 4 2.03 2.87 1.21 35.98 - - - - - - - - 2.09 1.95 7.15 42.98

Table 12 lists the dominant modes estimated from the simulation data in Fig. 2 with different noise levels using
OptVarPro, DMD, POD, and KMD. From Table 12, it is observed that DMD is sensitive to measurement noise. The
damping of mode 1 estimated by DMD is increased from 40.89% at noise-free to 86.0% at SNR=85dB, and it is unable
to detect dominant modes when the SNR is decreased to 45dB. POD exhibits robust performance against noise from
SNR=85dB to SNR=25dB, but it is incapable of conducting damping estimation. The OptVarPro and KMD can extract
all the dominant modes from the simulation data in Fig. 2 with different levels of noise, but the modes estimated by
KMD are highly sensitive to the noise level. Table 12 compares estimation errors of the four methods using the noise-
free case in Table 3 as the baseline. From SNB=85dB to SNB=5dB, it is observed that the maximum estimation errors
of OptVarPro, DMD, POD, and KMD are 4.24% at the SNB=15dB, 1133% at the SNB=65dB, 20.69% at the
SNB=15dB, and 66.59% at SNB=15dB, respectively. The estimation accuracy of the proposed OptVarPro falls at
SNB=1dB where the maximum estimation error of the OptVarPro is 43.82%. Thus, it is concluded that the proposed
OptVarPro method has strong robustness against measurement noise compared with DMD, POD, and KMD.

Further, a Monte Carlo simulation is conducted where measurement noise is intentionally injected into the mimicked
data in Fig. 2. The total number of samples is 2,000. Within each sample, an independent set of measurement noise is
added to generate new mimicked generator rotor angles and speed. The estimated dominant modes from OptVarPro
and their means are plotted in Fig. 18. Also, it is assumed that the results estimated by EA are the true modes. From
Fig.18, the means of the estimated dominant modes are very close to the true modes. In Table 13, the means and

variances of the estimated dominant modes in the Monte Carlo simulation are given. It is seen that variances of the



estimated dominant modes are all less than 9.7x10-. According to the comparison in Fig.18 and the calculated
variances in Table 13, it is concluded that the proposed OptVarPro exhibits high accuracy and strong robustness in

estimating the dominant mode from measurement data.
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Fig. 18 Dominant modes estimated from the Monte Carlo simulation by using OptVarPro

Table 13 Means and variances of the dominant modes estimated from Monte Carlo simulations by using OptVarPro

Mode 1 Mode 2 Mode 3 Mode 4
frequency damping frequency damping frequency damping frequency damping
Rean Variance Mean Variance Ritan Variance Mean Variance REen Variance MEen Variance RMean Variance Men Variance
/Hz % /MHz % /Hz % /Hz %
0.30 1.97x10- 19.58 9.65x10-° 1.14 8.41x10% 3.56 4.8.4x10° 1.60 1.46x10-° 2.50 8.22x10° 2.09 5.60x10-° 1.98 9.44x10°

3.2. Yunnan Power Grid

In this subsection, the PMU field measurements in the Yunnan Power Grid are utilized to assess the practicability of

the proposed approach in real-world electric power system applications.
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Fig. 19 Field measurement frequencies in the YPG

Yunnan Power Grid has plenty of synchronous hydro generators installed, and the electromechanical oscillation is a
great threat to the grid stability. The results from the model-based EA method reveal that there are two typical
electromechanical oscillation modes, Southwest-North mode, and Northwest-Northeast mode. The Southwest-North
mode locates in the range of 0.52Hz~0.62Hz with 9%~15% damping, and the Northwest-Northeast mode ranges from
0.58Hz~0.65Hz with 15%~25% damping. The former mode is representative of generators in Southwest YPG swinging
against generators in Northwest YPG and Northeast YPG. The latter mode represents the generators in Northwest YPG
oscillating against the generators in Northeast YPG. A notable oscillation event in the YPG on March 8, 2016 has



confirmed that it is essential to estimate the electromechanical oscillation characteristics from field measurement data

in real-time.

Table 14 Mode shapes and participation factors estimated by EA and OptVarPro in the YPG

Southwest-North mode Northwest-Northeast mode
EA OptVarPro EA OptVarPro
Bus =0.59 Hz, =11.28% =0.61 Hz, £=10.32% =0.62 Hz, {=23.91% =0.65 Hz, ¢=22.07%
Mode shapes Participation Ang./° Mag. Participation Mag. Ang./° Participation Ang./° Mag. Participation
Mag.  Ang/° factor Mag.  Ang/° factor Mag.  Ang./° factor Mag.  Ang./° factor

AHI 0.12 -135.84 0.10 0.11 134.48 0.03 0.19 -146.62 0.17 0.25 103.55 0.12
DHO 0.09 -130.57 0.06 0.10 124.16 0.02 0.15 -143.47 0.11 0.22 104.57 0.09
GYY 0.02 -66.44 0.00 0.03 154.09 0.00 0.06 -114.76 0.02 0.05 51.78 0.00
HUE 0.09 -134.53 0.06 0.10 133.95 0.02 0.13 -144.35 0.08 0.18 100.16 0.06
JAQ 0.06 148.27 0.02 0.10 126.67 0.02 0.05 84.43 0.01 0.15 -40.83 0.05
LYU 0.12 -136.58 0.11 0.11 133.90 0.03 0.20 -144.77 0.18 0.26 101.24 0.13
LDI 0.09 -133.91 0.06 0.10 132.51 0.02 0.14 -144.10 0.09 0.22 107.95 0.10
LKK 0.06 -150.62 0.02 0.03 143.41 0.00 0.06 -177.06 0.01 0.06 83.95 0.01
MWE 0.09 -135.64 0.06 0.11 131.94 0.03 0.14 -145.40 0.09 0.20 107.32 0.08
DCS 0.07 132.63 0.03 0.10 130.28 0.02 0.09 67.87 0.04 0.22 -56.65 0.09
LZD 0.13 131.92 0.08 0.16 139.42 0.05 0.18 71.05 0.15 0.32 -43.77 0.20
DDO 0.02 127.91 0.00 0.02 -116.74 0.00 0.03 85.59 0.01 0.11 -31.86 0.02
YWA 0.01 125.17 0.00 0.01 -168.13 0.00 0.03 87.33 0.01 0.11 -34.37 0.02
WEX 0.13 -20.89 0.09 0.30 -63.00 0.20 0.03 -70.74 0.00 0.07 47.73 0.01
XLD 0.23 -10.78 0.30 0.50 -50.07 0.55 0.08 -53.03 0.02 0.11 92.37 0.02

Fig. 19 shows the measured frequencies gathered from the PMUSs deployed at buses AHI, DHO, GYY, HUE, JAQ,
LYU, LDI, LKK, MWE, DCS, LZD, DDO, YWA, WEX, and XLD in the YPG system. This measurement data is used
as the input to the proposed OptVarPro approach. Then two dominant modes, i.e., 0.61 Hz mode with 10.32% damping
and 0.65 Hz mode with 22.07% damping, are detected. For both oscillation modes, the corresponding mode shapes are
estimated by the proposed OptVarPro approach. The results are shown in Table 14 and Fig. 20(a). As can be seen, the
estimated 0.61 Hz mode is primarily a Southwest-North mode with the generators connected to buses AHI, DHO,
GYY, HUE, JAQ, LYU, LDI, LKK, MWE, DCS, LZD, DDO, and YWA oscillating against the generators connected
to buses WEX and XLD. This mode has higher observability at the generators connected to buses WEX and XLD. The
mode shapes associated with 0.65 Hz mode in Table 14 and Fig. 20(b) reveal that the generators connected to buses
AHI, DHO, GYY, HUE, LYU, LDI, LKK, and MWE swing in phase with the generators connected to buses WEX,
and XLD while oscillate against the generators connected to buses JAQ, DCS, LZD, DDO, and YWA. From the
estimated mode shapes of the 0.65Hz mode, it is concluded that the detected 0.65Hz mode is the Northwest-Northeast

mode.
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Fig. 20 Mode shapes estimated from field measurements in the YPG

To evaluate the accuracy of the proposed OptVarPro method in estimating the mode shapes from the field-
measurement data in real power systems, the mode shapes of the YPG are further estimated by the model-based EA

method. The estimated results are listed in Table 14 and shown in Fig. 21. Figs. 20, 21, and Table 14 compare the mode



shapes associated with the Southwest-North and Northwest-Northeast modes estimated by the proposed OptVarPro
and EA. It is observed that although the magnitudes and angles of the estimated mode shapes are different in
measurement-based OptVarPro and model-based EA, the buses connected with generators swinging in phase and
behaving higher observability in the detected modes are the same. This proves the accuracy of the proposed OptVarPro

method in real-world mode shape estimation.
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Fig. 21 Mode shapes estimated by EA in the YPG
Table 14 and Fig. 22 show the participation factors of the generators connected to the buses estimated by the

OptVarPro. From Table 14 and Fig. 22, it is observed that the generators connected to bus XLD have the highest
participation in Southwest-North mode, and the generators connected to buses AHI, DHO, LYU, LDI, MWE, DCS,
and LZD all significantly participate in this single oscillation mode. Also, Table 14 and Fig.23 demonstrate the
participation factors estimated by EA. By comparing the results of the participation factors estimated by OptVarPro
and EA in Table 14 and Figs.22 and 23, it is obvious that the generators connected to the buses with dominant
participation in both Southwest-North and Northwest-Northeast modes are the same. This validates the accuracy of the
proposed OptVarPro method in estimating the participation factors in the YPG.
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Fig. 22 Participation factors estimated from field measurements in the YPG
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Fig. 23 Participation factors estimated by EA in the YPG
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Fig. 24 Coherent groups estimated from field measurements in the YPG

The separated coherent groups of buses calculated from the proposed method are shown in Fig. 24, and the detailed
results are listed in Table 15. As can be seen, the three coherent groups of buses are excited by both detected oscillation
modes, where buses AHI, DHQ, GYY, HUE, LYU, LDI, LKK, and MWE form coherent group 1, buses DCS, LZD,
DDO, YWA swing in phase with buses WEX, and XLD to form coherent group 2, and bus JAQ alone forms the

coherent group 3.

Table 15 Coherent groups separated by OptVarPro in the YPG
method Coherent groups
Group 1  AHIL DHQ, GYY, HUE, LYU, LDI, LKK, MWE
Group2  DCS, LZD, DDO, YWA, WEX, XLD
Group 3 JAQ

From case studies, it is confirmed that the proposed OptVarPro-based data analytics solution haves excellent

performance in estimating the dominant modes, mode shapes, participation factors, and coherent groups using real-

world data.

4. Conclusions

This paper develops an OptVarPro-based data analytics solution to extract electromechanical oscillation features from
measurement data in electric power systems. The performance of the proposed approach is validated using both the
simulated data of a 16-generator 68-bus test system and the field PMU measurements from the YPG system. Major
conclusions are drawn as follows:

1) The proposed OptVarPro-based data analytics solution can accurately extract dominant modes, mode shapes,
participation factors, and coherent groups from measurement data.

2) The proposed OptVarPro-based data analytics solution can reveal the actual electromechanical oscillation features
of power systems without detailed dynamic models and precise parameters.

3) The proposed OptVarPro-based data analytics solution overcomes the shortcoming of VarPro-based methods on
initial modes determination and extends the capability of VarPro from mode estimation to estimation of modes, mode
shapes, participation factors, and coherent groups in power systems.

4) The proposed OptVarPro-based data analytics solution can maintain accuracy under various levels of measurement
noise when compared with DMD, POD, and KMD.

5) The proposed OptVarPro-based data analytics solution realizes data-driven electromechanical oscillation



assessment and offers comprehensive dynamic features for grid operators to evaluate and control the dynamic stability

of electric power systems.
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