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ABSTRACT

A major concern for interconnected power grid systems is low-frequency oscillation, which limits the scalability and transmission capacity of
power systems. Undamped or poorly damped oscillations will lead to undesirable conditions or even a catastrophic system blackout. Real-
time synchrophasor data can be used to reliably detect and control these low-frequency oscillations in order to mitigate their catastrophic
impact. In this paper, two low complexity tracking algorithms are proposed to identify and monitor low-frequency oscillations; namely, a
fast subspace tracking algorithm and a gradient descent based fast recursive algorithm. Initially, both methods perform a one-time matrix
pencil method on the power spectrum matrix of real-time Phasor Measurement Unit (PMU) data to detect low-frequency oscillations. This
is then followed by two different low-complexity algorithms to fast track the low-frequency oscillations. While the first method uses a recur-
sive fast data projection method-based algorithm, the latter runs a gradient-descent based fast recursive algorithm on every PMU to track
and monitor low-frequency oscillations. Both methods have been compared to other state-of-the-art techniques, such as matrix pencil
method, frequency domain decomposition, and TLS-ESPRIT. We have shown that the proposed approaches are capable of achieving perfor-

mance with high accuracy, especially in terms of computational complexity for a large system with many PMUs.

Published by AIP Publishing. https://doi.org/10.1063/5.0051338

I. INTRODUCTION

Low-frequency oscillation is becoming a major concern with the
interconnection of regional power grid systems and the high penetra-
tion of renewable energies. The detection and mitigation of
low-frequency oscillation can be best accomplished using real-time,
high-precision, time-synchronized measurement data. There are two
typical low-frequency oscillations; namely, local modes caused by a
single generator or multiple generators within one area, and interarea
modes associated with a group of generators among multiple areas."”
Interarea oscillations not only limit transmission capacity on the tie-
lines between regional power grids but also endanger the stability of
the interconnected power system. Please note that when interarea
oscillations occur, the amount of power transferred to tie-lines should
be reduced in order to ensure stable and secure system operation.’
Furthermore, with the increasing deployment of renewable and sus-
tainable energy technologies such as wind power and photovoltaic
(PV) power, power systems inertia is affected and their stability can be
significantly compromised by the injection of these renewable powers
through induction generators and/or electronics converters, resulting
in intensified low-frequency oscillations." Therefore, monitoring and
mitigating low-frequency oscillations can greatly enhance power

systems’ reliability, scalability, and transmission capacity, as well as
provide better solutions for renewable energies.

Traditional methods, such as Prony analysis, Hilbert-Huang
transform (HHT), Kalman filter, and wavelet transform (WT),
detect and characterize low-frequency oscillations based on post-
disturbance data.”” A Prony analysis method is developed from
Fourier analysis method and has a high complexity on the order
of O(N?), where N is the dimension of the data vector. The HHT
method is proposed to compute the damping ratios of power sys-
tem signals in Ref. 8. Its computation complexity is on the order
of O(NlogN), which slows down its performance. A Kalman
filtering-based technique is used to detect oscillations in large-
scale power systems in Ref. 7. It estimates frequency and damping
from the on-line measurement signals of PMUs, but at the
expense of higher computational complexity, i.e., O(N*). The WT
method with a low complexity of O(N) was used to analyze the
dynamic behavior of the power system in Ref. 9. These traditional
methods, however, can only detect system disturbance under the
system fault occurrence and are not good at detecting
disturbance-independent low-frequency oscillations." In order to
detect system oscillations without causing big disturbance to
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power system, some system-identification type methods used
probing signals to provide eigenvalue estimation in Ref. 10.

With the implementation of wide area measurement system
(WAMS), it is now possible to monitor the oscillations in real
time'' "’ by acquiring ambient data using synchronized PMU mea-
surements throughout the power system in a nonintrusive manner.
Recently, linear system models, such as autoregressive (AR),"* autore-
gressive moving average (ARMA) with the complexity of O(NlogN),°
together with stochastic state space'” are used to process ambient
PMU measurements under normal operating condition. However,
those methods do not perform well in the presence of noise.

Recursive methods, such as least-mean-square (LMS) adaptive
filtering with complexity of O(N),'® robust-recursive-least-square
(RRLS) and regularized RRLS (R3LS) with complexity of O(N?)"""*
update coefficients for each new sample of data and process data in
the time domain. In contrast, frequency-domain decomposition
(FDD)"*? carries out singular value decomposition (SVD), or eigen-
value decomposition (EVD) to the ambient PMU measurements in
the frequency domain. Moreover, unlike the previously mentioned
time-domain methods, which have to handle data from each PMU
separately, the FDD approach can easily detect interarea oscillations
by performing SVDs on the power spectral density (PSD) matrix of
the entire power system. Another frequency domain method is the
Yule-Walker spectrum (YWS) method,” which was proposed to calcu-
late autocorrelations from power PSD and is compared with the sub-
space state-space system identification (N4SID) method.” However,
those methods are not suitable for adaptive tracking of nonstationary
low-frequency oscillations. This is because the required repetitive com-
putation of the subspace or the eigenvectors is at least O(N?). This
complexity is too excessive to practically run in recursive mode. The
ESPRIT-based method, with similar complexity to Prony analysis,”**
uses least-square or total least squares (TLS) variation to estimate the
modes. Its main problem is separating dominant modes from the triv-
ial modes.”

The matrix pencil method (MPM) proposed in Ref. 26 is one of
the Prony-like methods. It uses SVD on the Hankel matrix to estimate
the oscillation components and achieves a better noise performance
than the Prony method.'' However, the SVD approach has a high
complexity of O(N?), which makes MPM very time-consuming, hence
is not feasible to track oscillation components in real time. In order to
reduce the complexity, subspace tracking algorithms”™’ are proposed
to recursively update the subspace in a sample-by-sample fashion.
Their main objective is to directly track components of the eigenvalue
decomposition, rather than carrying out eigenvalue decomposition for
each block (window) of the power signal samples. Because of their low
complexity, subspace tracking algorithms have been widely used in
signal processing fields, such as spectrum analysis, direction-of-arrival
(DOA) estimation, interference mitigation, radar, and sonar.

In this paper, we present a fast subspace tracking algorithm to
identify and monitor low-frequency oscillations. For instance, to detect
low-frequency oscillations, an MPM is first performed on the power
spectrum matrix from real-time PMU measurements. This is then fol-
lowed by a low-complexity fast subspace tracking algorithm [on the
order of O((L + 1)K)] to monitor the low-frequency oscillations in
real time, where L and K are the pencil parameter and the model
order. Moreover, a gradient descent based fast recursive algorithm is
proposed to further reduce the computation complexity, where the
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MPM on the power spectrum matrix of PMU measurements is used
to estimate the initial value of oscillation frequencies and damping fac-
tors. This is then followed by a low complexity tracking algorithm on
the order of O(K). The computational complexity and the conver-
gence speed in which low-frequency oscillations are detected play a
crucial role in real-time monitoring of the grid system. Indeed, under
these conditions, the control system would be able to respond quickly
in order to prevent possible cascading failures or blackouts.
Our major contributions are listed as follows:

(1) Our paper is the first of its kind to use the fast data projection
method (FDPM) algorithm27 for low-frequency oscillation
monitoring.

(2) In order to detect inter-area oscillations, the proposed FDPM is
also expanded to track the subspace of the entire power grid
system.

(3) By using the MPM on the spectrum of the whole system in the
initial stage, the gradient descent based tracking algorithm can
easily identify and track the inter-area oscillations.

(4) The gradient descent based tracking algorithm includes the esti-
mation and tracking of the damping factor, which is a very
important parameter used to assess low-frequency oscillations.

(5) We have shown that the proposed tracking algorithms are capa-
ble of quickly detecting low-frequency oscillations, hence pre-
venting possible cascading failures in a timely manner. In
addition, since highly scalable, they can be used in large power
grid systems.

The paper is organized as follows: In Sec. II, a background of the
matrix pencil method (MPM) is provided. We then present our fast
subspace tracking algorithm in Sec. 11, followed by a low complexity
gradient descent based tracking algorithm in Sec. I'V. Section V pro-
vides the simulation results of the proposed tracking algorithms and
then the conclusion is presented in Sec. V1.

Il. MATRIX PENCIL METHOD FOR SPECTRUM
ESTIMATION

The matrix pencil method has been widely used mainly in the
field of spectrum analysis and signal parameter estimation. In Fig. 1,
an example of spectrum estimation for low-frequency oscillations is
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FIG. 1. An example of spectrum estimation for low-frequency oscillations.
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displayed." A general model of low-frequency oscillations can be
expressed as”

y(t) :Ae(cHernf)t, (1)

where A denotes the amplitude of the oscillation, o is the damping fac-
tor, and f is the oscillation frequency. The low-frequency oscillations
typically vary in the range of 0.1-2.0 Hz.” Based on damping factor
and oscillation frequency, we can derive damping ratio { as follows:

—o

(= ——, ©)
2+ (2nf)?

which is a practical parameter used to assess low-frequency oscilla-
tions. Power systems with damping ratio { less than 5% are unstable,”’
leading to a high risk of system blackout. When sampled at a constant
period T, the # th element of the output y can be expressed in the fol-
lowing discrete form:

K
n) = z:Aie(“’*'jz"f”)"Ts + n(nTy), 3)
i=1
where K is the model order, A;, o;, and f; are the amplitude, damping
factor, and frequency of the ith oscillation, respectively. n(t) is the
additive Gaussian white noise (AWGN). Figure 2 displays an example
of an output vector y constructed from ambient PMU measurements.
If the signal is noise free, output y can be expressed as

»(0) A Y
y(l) Z 25 e ZK A2
_ - ) A

y(N—1) AU N K

where z = e(* 2% In the matrix pencil method, an output matrix
Y is defined as

y(0)  y(1) e ()
y(1) y(2) y(L+1)
YN-L-1) y(N-L) YN —1)

where K < L < N — K is the pencil parameter. According to Ref. 26,
a correctly selected pencil parameter can significantly reduce noise
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FIG. 2. An example of an output vector y from ambient PMU measurements.
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sensitivity. We use § for L to ensure the robustness to noise. The sin-
gular value decomposmon (SVD) of Y can be expressed as

Y = UAVH, (6)

where U and V are orthonormal matrices consisting of eigenvectors
of YY and YHY. A is a diagonal matrix containing K nonzero singu-
lar values of Y in descending order. The superscript H denotes conju-
gate transpose. In the presence of noise, the zero singular values in S
become nonzero but are very close to zero. The model order K can be
estimated by finding all singular values which are greater than a
threshold, such as 7%, where 0y is the largest singular value and r is
the number of significant decimal digits. Singular values below this
threshold are set to zero to eliminate the interference from noise.

After discarding the singular values and vectors corresponding to
the noise, we can rewrite Y as

Yr = UsdsVE, (7)

where Us = [uy, uy, ..., uk] contains column vectors of U corre-
sponding to the K dominant singulars. Signal subspace Vj
= [v1, v2, ..., vk] contains column vectors of V corresponding to the
K dominant singulars and As is a K x K diagonal matrix containing
K nonzero singular values of Y. By deleting the last column or the first
column of Y, respectively, we can construct a pair of matrices of Y;
and Y, as follows:

Y, = Usds V¢, ®)
Y, = UsdsVY,, ©)
where V; and Vi, are obtained by deleting the last row and the first

row of Vg, respectively. It is shown in Ref. 11 that z; = e(*2%)% can
be estimated by calculating the eigenvalues of the K x K matrix

;
ng [VIS" 1] , where 1 denotes pseudoinverse. After deriving zx, we can

calculate the amplitude A; by solving Eq. (4).
In order to analyze the spectrum of the entire power grid system,
multiple (N — L) x (L + 1) the output matrix can be shown as

7p(0) yp(1) ¥p(L)
7p(1) 3p(2) yp(L+1)
v, = . S
yP(N—L—l) yp(N—L) yP(N— 1)
where, p = 1,2, ..., P. These are collected from P PMUs distributed

over the grld system, which are used to construct an aggregated

P(N — L) x (L + 1) output matrix: B = [YX Y# . YH|" The singu-
lar value decomposition (SVD) of B can be expressed as
B=rxmn?, (11)

where I" and IT are orthonormal matrices consisting of eigenvectors of
BB and BYB. Similarly, after discarding the singular vectors corre-
sponding to the noise in I, we can obtain the signal subspace ITs con-
taining K column vectors of IT corresponding to the K dominant
singulars. The next step is to obtain IIg; or Ils, by deleting the last
row or the first row of I, respectively. The spectrum components zj
of the whole system can be derived by calculating the eigenvalues of

:
the K x Kmatringz [Hgl] )
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Note that the spectrum components of the whole system may be
different from the spectrum components obtained from the observa-
tion vector of each individual PMU. Inter-area oscillations can be
detected by analyzing the aggregated matrix B of the entire system,
while local oscillations may be detected only in some observation
matrices.

Bear in mind that K is usually a small number and the computa-
tional complexity of calculating the eigenvalues of a K x K matrix is
low. Nonetheless, the computational complexity of the matrix pencil
method mainly depends on the implementation of SVD, which is on
the order of O((N — L)) or O((P(N — L))*). Such a high complexity
makes the SVD rather impractical to be run in recursive mode.
Alternatively, the fast data projection method (FDPM) algorithm pro-
posed in Ref. 27 can be used to recursively update and track the signal
subspace Vg or ITs on a sample-by-sample fashion. Bear in mind that
V in Eq. (6) is an orthonormal matrix that consists of eigenvectors of
Y'Y, which can be decomposed into a signal subspace Vs and a noise

= H
subspace V, as YAY =vVAVI =V, V,] {AS 0 } {V;{}
0 A,]|V;,
where Vg is also the signal subspace in Eq. (7), which can be updated
and tracked by the FDPM algorithm. Similar processing can be imple-
mented on IT;.

I1l. FAST SUBSPACE TRACKING ALGORITHM

The FDPM is a numerically stable algorithm for subspace track-
ing with the ability to quickly converge to the steady-state.”” In our
proposed subspace tracking algorithm, the m th (N — L) x (L + 1)
observation output matrix Y (m) is constructed as

y(0+m) y(1+m) y(L+m)
y m) y(2+m) - y(L+1+m)
Y(m): . .
y(N—L—l—H'n). y(N=L+m) -+ y(N—14m)
(12)

ARTICLE scitation.org/journalirse

We then implement an SVD to the output matrix Y(0)
and derive the initial subspace V5(0). The signal subspace V
is updated and tracked using the FDPM algorithm shown in
Table I.

In terms of the operational procedure of the FDPM algorithm,
Vs(m) and u(m) represent the signal subspace and a normalized step
size at the m th time instant, respectively, which are used to guarantee
the convergence of the FDPM algorithm. The exponential forgetting
factor 0 < v <1 is applied to down-weigh the previous data. This is
used to track the statistical variation of the observed data when work-
ing in a nonstationary environment. By projecting the (L+1)
x (N — L) dimensional observation matrix Y to the noise subspace,
the modified FDPM algorithm is capable of recursively updating and
tracking the subspace of the covariance matrix Y?Y on a sample-
by-sample basis. A K x (N — L) dimensional matrix E, = e,
x[11---1], ¢, =[10 ---0]" is used to update the signal subspace.

H
Householder transformation I — W is then used to ortho-

normalize the signal subspaces V (), which can play a crucial role in
the stability and the robustness of the process.

Based on the updated signal subspace V(m), we can obtain the
signal subspace V| (m) and V,(m). After deriving the spectrum
components z;, 2, -

f
Vi, (m) [V’;{l (m)] , amplitude A; can be derived by solving Eq. (4).

When considering spectrum tracking for the entire power grid
system, the aggregated P(N — L) x (L + 1) output matrix B is used.
The FDPM algorithm is modified to recursively update and track the
subspace of the covariance matrix BB on a sample-by-sample fash-
ion. As shown in Table I, B (m) is the m th aggregated matrix and
IIs(m) represents the signal subspaces at the m th time instant.
Instead of projecting the output matrix Y/ () to the signal subspace
Vs(m — 1), we project the (L + 1) x P(N — L) matrix, B (m), to
update the signal subspace ITs(m — 1).

The FDPM algorithm is able to converge to an orthonormal
matrix despite being initialized with a non-orthonormal one.”’
Furthermore, it exhibits the fastest convergence rate among subspace

-, zg by calculating the eigenvalues of the

TABLE I. Procedure of the FDPM algorithm for tracking subspaces of the observation matrix Y or B.

Updating the signal subspace V or Il and tracking oscillation components z.
Perform an SVD to the initial output matrix Y (0) or B(0) and generate the initial signal subspace V(0) or IT5(0).

I

Calculate ;(0) = % or u(0) = —£—, where [i is a constant parameter less than 1.

TlY(
Form =1, 2, ... Do

B

fop(m—1) u(m—1)

1. Update p(m) = i iyt OF K0m) =

Vii+H(1=)||B(m) |* u(m—1

P where v is the forgetting factor,

2. R,(m) = VsH(m — 1)YH(m) or R, (m) = " (m — 1)BH (m): projecting the matrix Y (m) or B! (m) to the signal subspace,
3. Ty(m) = Vs(m—1) + u(m) Y™ (m)RY (m) or T,(m) = Hg(m — 1) + p(m)B" (m)RY (m),

4. Ay(m) = Ry(m) — |[Ry(m)[Ex,

5. Zy(m) = To(m) — -2 Tu(m) Au(m)A] (m),

6. Vs(m) = normalize{Z,(m)} or IIs(m) = normalize{Z,(m)}: updating the signal subspace.
7. Obtain Vi (m) or Vs, (m) [IIs;(m) or IIs,(m)] by deleting the last row or the first row of Vg(m) [IIs(m)], respectiv;ely.

8. Derive the spectrum components z;, 2, - -
Hg{z(m) [H?l(m)]f
9. Calculate the amplitude A; by solving Eq. (4).

-, zx by calculating the eigenvalues of the K x K matrix V', (m) [V?’1 (m)] or
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tracking algorithms with computation complexity on the order of
O((L + 1)K).

IV. FAST AND LOW-COMPLEXITY TRACKING
ALGORITHM

In Ref. 33, a low-complexity fast tracking algorithm is proposed
to track the harmonics, sub-harmonics and inter-harmonics in power
grid systems. This algorithm has a very low complexity of O(K), where
K is the model order of observation vectors. Because of its low com-
plexity and fast tracking characteristics, it is re-designed to track low
frequency oscillations.

Based on Eq. (3), the ambient PMU measurements can be
expressed as

K

y(t) = ZAie“" sin (2nfit + @; ) + n(t). (13)
i=1

Gradient descent methods are used to minimize the least squares

error between measurement y(t) and the desired signal

Aje¥tsin(2nfit + ¢;).”" The objective is to extract the desired signal

from y(n). The manifold containing all sinusoidal signals in y(t) can

be expressed as M

M = {A(t)e“(t)tsin(27rf(t)t +o(1)}, (14)

where A(t) € [Amin> Amax)> %(£) € [Otmin> %max)> F(£) € [fmins fmax)> and
@(t) € [@min> Pmax)- Please note that damping factor, , is an impor-
tant parameter used to assess low frequency oscillations. It should be
estimated and tracked in time. The parameter vector belonging to
parameter space, ® = [A, o, f, ¢], can be expressed as;

P(0)= [A(1),t),f (1), ()], (15)

where T denotes matrix transposition. We define a desired sinusoidal
component as follows:

y(t, p(1)) = A(t)e“(’)’sin(an(t)t + qo(t)). (16)
To extract any desired component, such as the ith order of signals
from y(f), we need to identify an optimum ¢;, i=1,2, ..., K,
according to the following equation;

J’[nl = b a;[n] prm
OmlES > | X

yiln]

FIG. 3. Block diagram of the low complexity tracking algorithm.
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K
;=arg min d|y(t, ¢;(t)), t) — zi |, (17)
¢y =arg min d|y(t,$:(1), | (1) HZJ;#J

where d[y(t, ¢;(t)), (y(t) - Ejil#izj)} is the distance function

between y(t,¢;(t)) and y(t)— ZJI-{ZIJ#ZJ-, while z; = Aje*’
sin(2nfit + ¢;) is the estimated component of the jth order of sig-

nals. Based on (17), the corresponding cost function can be shown
as;

K
Tt o) = () 2e() = |y() = D> 7| . (18)

=LA

The gradient decent method is then used to estimate parameter
vector ¢;

9(1)
dt

LT (t, p(t
_ AT 0] )
o¢(1)
where the positive diagonal matrix, Y, is the algorithm regulating con-
stant matrix. Denote the estimated value of parameter vector as;

~

d(t)=[A(0),5(),7 (1), (1),

where A (1), @(t), J?(t), and @ (t) are estimated values of amplitude,
damping factor, frequency, and phase, respectively.

Based on Eq. (19), we can derive the estimation for damping fac-
tor o as;

e sy D0 = A0S sin (2 (01 + ol

~

= 2 EWAWEsin (2] (01 + 5.(1)), (20)

where £(t)=y(t) — X(t)eg(')’sin g?nj?(t)t + @(t)) and p, is a con-
stant step value. The nonlinear differential equation for damping fac-
tor, o, of the ith spectrum component can be written as;

% = 20 EA e siny), (1)

where X, is the estimation of amplitude A;, &; is the estimation of the
damping factor o;, @; is the estimation of frequency w; = 27f;, l///\i is
the estimation of total phase Y; =wit+ ¢;, and & =y(n)
-y Aje” ’simﬁ,— is the error signal between the PMU measure-
ment, y(n), and its estimation. Similarly, a set of nonlinear differential
equations for other parameters can be derived as;

A; = Zpre“"simZJ\i, (22)
o; = 21 EA e cosi, (23)
Ui = @ + 201l EA e cos;. (29)

Step parameters 1) and i, are used to control the convergence speed
and accuracy of the ith component’s amplitude and damping factor,
respectively.” Step parameters £, and i, are pre-set to get a trade-off
between convergence speed and accuracy of the ith frequency
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FIG. 4. A simplified WECC 179-bus power system.

component. Based on first order time derivative approximation, the
discretized form of Egs. (21)-(24) can be written as

scitation.org/journalirse

®

iln + 1] = o[n] + 2Ty [n] A [n]e* " cos (],

@7)

Yiln + 1] = Wn] + Tooy[n] + 2Tty m)Ai[n]e” " T cos ( [n]),

ailn 4+ 1] = oi[n] + 2T5,u’iﬁ[n}Ai[n}e“"[”]”T‘sin(wi[n]), (25) (28)
Ailn+1] = Ay[n] + 2Tsu§é[n]e°"[”]”nsin(1//i[n]), (26) yiln] = Ai[n}e“‘[”]"T‘sin(wi[n]), (29)
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while the error signal can be expressed as
K
<o) = yln] = D Adlnle M sin(y; [n]), (30)
i=1

where # is the time step index and T; is the sampling interval. The imple-
mentation of the proposed tracking algorithm is displayed in Fig. 3.

By appropriately setting the initial values of the spectrum compo-
nents, the proposed algorithm is capable of simultaneously tracking
multiple components. In order to achieve a reliable performance while
maintaining low complexity, the proposed algorithm is based on a
combination of the matrix pencil method (see Sec. II) and the low
complexity tracking algorithm, as described in this section.
Specifically, in the initial stage, the matrix pencil method is first per-
formed to acquire prior knowledge of all spectrum components and
their corresponding initial values. This information is then used by the
low complexity tracking algorithm to track and monitor the oscillation
components in recursive mode. Furthermore, with the help of the
matrix pencil method on the spectrum of the whole system, the pro-
posed tracking algorithm can easily identify and track the inter-area
oscillations. Otherwise, detecting inter-area oscillations would require
crosschecking low frequency oscillation from all the PMUs.

In the case of changing oscillations, their frequency estimations
will undergo significant fluctuations. Here, the matrix pencil method
will be invoked to re-calculate the oscillation components. In this way,
the computational complexity of the proposed algorithm is mainly
based on the low complexity tracking algorithm, which is on the order
of O(K).

After identifying the oscillation frequencies by using the matrix
pencil method, the components of the observation PMU vector, y, can
be filtered by K Gaussian filters at f;, f5, ..., fx with deviation g, to
generate approximation of K oscillation components:

y,=yxg, i=12 .. K, (31)

«, »

where “x” is the linear convolution operation. The Gaussian bandpass
filter g;’s frequency response is given by

=)’
e 207

gi(f):m'

The proposed low complexity tracking algorithm is then applied
to the filtered signal, y;, to enhance performance, hence mitigating any
interference from other oscillation components.

V. SIMULATION RESULTS

In this section, we assess the performance of the proposed fast
tracking algorithms by using: a test signal, a simplified WECC 179-bus
power system from a test case library’® shown in Fig. 4, and some
actual PMU data sets with oscillatory events captured in ISO New
England power systems.

In Figs. 5-7, the following test signal is used: y(t) = e %%
sin(2m x 0.2t) + e “sin(2m x 0.3t ) + n(t), where n(t) is the
AWGN and y(t) is sampled at 30 Hz. The test signal contains two
oscillation modes at 0.2 and 0.3 Hz with a damping ratio of 3.98% and
5.30%, respectively. Signal to noise ratios (SNRs) of 20 and 30 dB, have
been used in our experiments. In the case of the fast subspace tracking
algorithm, we have N = 600 and L = 300. Figure 5 shows that both

(32)
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FIG. 5. The low frequency tracking performance of the proposed tracking algo-
rithms on a test signal: (a) the gradient descent based low complexity tracking algo-
rithm, (b) the fast subspace tracking algorithm.

algorithms are capable of accurately detecting and monitoring low fre-
quency oscillations in the presence of noise. Figure 6 displays the
damping factor tracking performance of the gradient descent based
low complexity tracking algorithm on the test signal where initial
damping factors o of 0.04 and 0.11 have been used for both oscillatory
modes at 0.2 and 0.3 Hz, respectively [also see Eqs. (18)-(23)].

Figure 7 shows the performance of both tracking algorithms
under changing oscillation frequencies. Specifically, the oscillation

0.13 T T T T T
—Damping factor 0.05 for mode at 0.2 Hz|
012 —Damping factor 0.1 for mode at 0.3 Hz
0.11
0.1
s
3
& 0.09
=3
£
£o0.08
&
o
0.07 4
0.06
0.05
0.04 . . L . . . ’ .
0 10 20 30 40 50 60 70 80 90 100

Time (Second)

FIG. 6. The damping factor tracking performance of the gradient descent based
low complexity tracking algorithm on a test signal where the initial damping factor o
are 0.04 and 0.11 for modes at 0.2 and 0.3 Hz, respectively.
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FIG. 7. The oscillation tracking performance of the low complexity tracking algo-
rithms on a test signal where the oscillation mode at 0.2 Hz jumps to 0.25Hz at
time 16.67 s, while the other mode remains at 0.3 Hz.

mode at 0.2 Hz jumps to 0.25Hz after 16.67 s, while the other mode
remains at 0.3 Hz. These results demonstrate that both algorithms can
track oscillations under changing oscillation frequencies.

In our next experiment, a simplified WECC 179-bus power sys-
tem™ (see Fig. 4) is used to generate PMU measurement data, where
the sampling rate is 30 Hz. A three-phase short circuit fault is pro-
duced at 0.5 s on bus 159 and then cleared after 0.05 s. This results in a
low frequency oscillation at 1.41 Hz with a low damping ratio of 1.0%.
PMU data (sampled at 30 Hz), are collected for our experiment. In
Fig. 8, two different sample-by-sample sliding windows sizes have
been used to evaluate the accuracy of the fast subspace tracking algo-
rithm. As shown in Fig. 8, a larger window size results in a better per-
formance. This is mainly due to the fact that a larger window size can
reduce the variance of frequency estimations, hence further improving
the accuracy. Figure 8 also indicates that the gradient descent-based
tracking algorithm, despite its lower complexity, is able to fast track
the low frequency oscillation with a greater accuracy.

In our next experiment we have used actual PMU data sets cap-
turing oscillatory events in ISO New England power systems, which is
impacted by an inter-area natural oscillation at 0.27 Hz (due to the
presence of a large generator). The collected PMU measurements

14 e _— e
W_--.,,..u._.\,_
N 14- 1
z
2139+ 1
85 - -Subspace N=120L=40
g — Subspace N=300 L=100
w1377 — Gradiient descent
1.36 - 1
1.35 : : : :
0 2 4 6 8 10 12
Time (Second)

FIG. 8. The low frequency tracking performance of the proposed subspace tracking
algorithm on a 1.41 Hz natural oscillation.
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FIG. 9. The low frequency tracking performance of the gradient descent based low
complexity tracking algorithm on actual PMU data sets capturing oscillatory events
in ISO New England power systems, where the oscillation frequency is 0.27: (a)
The PMU measurements are not filtered; (b) The PMU measurements are pre-
filtered by using Gaussian filter and different initial value is used to evaluate the
tracking performance.

shown in Fig. 2 are sampled at 30 Hz.™ Figure 9 displays the perfor-
mance of the gradient descent based low complexity tracking algo-
rithm when using the filtered or unfiltered PMU measurements. As
can be observed, the gradient descent algorithm can significantly

P —©—Gradient descent
—=¥—Subspace N=600 L=200
: ~#-MPM N=600 L=200
102+ =#=TLS-ESPRIT N=600

3 -A-FDD N=600

Simulation Time (second)
o

The Number of PMUs

FIG. 10. Computation time of difference methods monitoring low frequency oscilla-
tions in a sample-by-sample fashion.
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TABLE II. Comparison of the low complexity tracking algorithms with FDD?° and TLS-ESPRIT.**

Method FDD TLS-ESPRIT MPM Subspace Gradient descent
Freq. mean (Hz) 0.2003 0.2002 0.2002 0.2003 0.2004
Freq. STD (Hz) 0.002 4 0.0023 0.0021 0.002 3 0.0031
Damp. ratio mean (%) 3.87 3.88 3.95 393 3.92
Damp. ratio STD (%) 1.14 1.12 1.10 1.12 1.17
Freq. mean (Hz) 0.3012 0.3009 0.3007 0.3010 0.3015
Freq. STD (Hz) 0.005 3 0.0056 0.0049 0.0057 0.006 6
Damp. ratio mean (%) 5.82 5.49 5.38 5.42 5.58
Damp. ratio STD (%) 1.82 1.21 1.15 1.20 1.25
TABLE lll. Comparison of the complexity of the proposed algorithms with some of the state of the art algorithms.

Prony analysis, Kalman filter, The gradient

FDD YWS N4SID ESPRIT MPM  RRLS R3LS

HHT AR ARMA  WT LMS

The subspace method ~ descent method

Complexity O(N?) O(N?)

O(NlogN)

O(N) O((L + 1)K) O(K)

improve the tracking performance with the help of Gaussian filter.
Furthermore, different initial values are used to demonstrate the con-
vergence capability of the proposed algorithm. Note that there are
some error data in the actual PMU data caused by communication
error or delay. In the proposed algorithms, the lost PMU data can be
easily detected by checking PMU’s ID and the corresponding time-
stamp. If there is no measurement at a specific time, zero will be used.
Figure 9 demonstrates the robustness of the proposed methods.

Figure 10 displays the computation time of different methods
when monitoring a 500s long PMU data from different PMU sets,
namely, a single PMU data, a 35 PMUs data and a 179 PMUs data. It
is shown that the gradient descent method achieves a significant speed
advantage over the subspace method, the MPM Method, the FDD
method”’ and the TLS-ESPRIT method”* because of its extreme low
computation complexity. The fast subspace method achieves the sec-
ond best performance in computation time, due to the employed low
complexity FPDM algorithm. Note that in Table II, the mean and
standard deviation (STD) of frequency are expressed in Hz, while the
STD of damping ratio are expressed in percentage (%). With the help
of Gaussian filterer gradient descent method achieves a similar perfor-
mance as the FDD method™ and the TLS-ESPRIT method,” but
with much lower computation complexity. The subspace
method outperforms the gradient descent method at the
expense of slightly increased complexity. It achieves a similar
performance as the MPM method with significantly reduced
complexity. In Table III, the complexity of the proposed algo-
rithms is compared with the state of the art algorithms dis-
cussed in Sec. I.

VI. CONCLUSION

In this paper we investigate low frequency oscillation estimation
and tracking for real-time power grid monitoring. We have demon-
strated that the proposed fast subspace and the gradient descent based
low complexity tracking algorithm can provide fast and reliable perfor-
mance while maintaining low complexity. With the help of a Gaussian

filter the gradient descent method is able to achieve a similar perfor-
mance as the FDD method and the TLS-ESPRIT method, with much
lower computation complexity. The subspace method outperforms the
gradient descent method at the expense of slightly increased complex-
ity. It achieves a similar performance as the MPM method with signifi-
cantly reduced complexity. Furthermore, by using eigenvalue
decomposition of the fast subspace tracking algorithm, the gradient
descent based tracking algorithm can easily track inter-area oscilla-
tions. The simulation results demonstrate the robustness of the pro-
posed low complexity tracking algorithms under dynamic conditions.

DATA AVAILABILITY

The data that support the findings of this study are available
from the corresponding author upon reasonable request.
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