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Data-Light Oscillation Mode Identification for Fast
Stability Assessment of Grid-Tied Converters

Rui Kong, Student Member, IEEE, Subham Sahoo, Senior Member, IEEE, Shuyu Ou, Student Member, IEEE,
Xiangyu Meng, Student Member, IEEE, Guoqing Gao, Student Member, IEEE, and Frede Blaabjerg, Fellow, IEEE

Abstract—Dynamic mode decomposition (DMD) is an ef-
fective data-driven oscillation mode identification method for
instability identification in grid-tied converters. However, time-
consuming computation and empirical setting of parameters limit
its practical application in rapid stability assessment. This paper
introduces data-light dynamic mode decomposition (DL-DMD)
by integrating the conventional dynamic mode decomposition
(DMD) algorithm with harmonic state space (HSS) theory, which
significantly improves computational speed while providing a
bandwidth-oriented interpretation for parameter selection in
correspondence with the identifiable frequency range of modes.
The effectiveness and advantages of the proposed method are
verified through offline analysis and online tests based on an
experimental platform.

Index Terms—Grid-tied converter, Oscillation mode identifica-
tion, dynamic mode decomposition, harmonic state space.

I. INTRODUCTION

RID-tied converters are widely used in modern power

systems as interfaces for renewable energy sources,
while the interaction between the grid and power converters
may cause harmonic instability issues [1], [2]. Some of the
reported incidents in wind farms, photovoltaic plants, and
HVDC systems [3], [4] show that oscillations might occur in
a short period with poor system damping, causing potential
disruptions to the power supply. Hence, real-time stability
detection is essential for quantifying instability risks and
further mitigating impacts by damping control [5], which
requires rapid damping assessment capability.

Model-based stability assessment methods of grid-tied con-
verters aim at detailed modeling of dynamic system character-
istics [6], e.g. Nyquist stability criterion based on impedance
models [7] and eigenvalue analysis with state space models
[8], which can be used for mechanism analysis and instability
traceability. Compared to the Nyquist criterion, which merely
judges whether the system is stable or not, the eigenval-
ues extracted from the dynamic matrix in the state space
model can reflect the oscillation modes of the system to
provide oscillation frequency and damping information [4].
However, model-based approaches require fully transparent
system structures and controllers, which are unavailable in
black-box regimes [9]. As an extension of the impedance
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method, impedance measurements can assess system stability
by measuring frequency response points without internal infor-
mation of the converters [10], but the frequency-scan process
is time-consuming, and additional harmonic source injection is
required. Data-driven oscillation detection methods only using
sampled signals are more practical in realistic applications,
where fast Fourier transform (FFT) is commonly utilized for
oscillation component extraction via spectral analysis having
superior computational speed [11], but the Fourier spectrum
can only provide frequency properties. Similarly, real-time
harmonic extraction techniques such as instantaneous reactive
power theory (IRPT) are widely used in active power filters
(APF) for harmonic detection and control [12]. However,
extracting only the harmonic frequencies of the signal does not
allow a stability assessment, since the stability depends on the
system damping. Fortunately, the dynamic mode decomposi-
tion (DMD) algorithm [13], [14] can approximate the dynamic
matrix from measured system signal snapshots to identify
eigenvalues (modes) involving both frequency and damping
information, where the real part of the identified modes can
be used to assess the system stability while the imaginary part
works for the oscillation frequency calculation. Compared to
other mode identification methods such as Prony [15], eigen-
system realization algorithm (ERA) [16] and Matrix pencil
(MP) algorithm [17], DMD has a higher accuracy [18], which
has been used for power system oscillation identification [19],
voltage flicker identification [20], and inertia estimation [21].
Moreover, there are well-defined dynamic matrix and state
variables in the DMD algorithm, obtaining a discrete form
similar to the state space model, as shown in Fig. 1.

As mentioned previously, state space modeling requires a
transparent system configuration with full state variables to
obtain an accurate solution [6]. In comparison, the DMD
method can identify dynamic properties from the available
state signals without full state access [22], but the order of the
fitted dynamic matrix must be sufficient to ensure that essential
oscillation modes can be identified, such that the rows of the
input data matrix representing the system states need to be
large enough [23], [24]. However, in real-world applications,
the limited number of measurable state signals in small-scale
grid-tied converter systems results in insufficient rows of data
matrices, especially in the black box conditions, where the
controller is unknown and only the converter port signals can
be measured. Thus, the data stacking technique [25] is usually
employed for data augmentation by time-shifting and stacking
of measured time-series signals. However, it causes redundant
information and large-size input data matrices at the same
time, along with a time-consuming computational process.
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Fig. 1. Comparison of main stability assessment methods for grid-tied converters and the motivation of this paper (DMD: dynamic mode decomposition,

DL-DMBD: Data-light dynamic mode decomposition.

Moreover, the stacking number has a significant impact on
the identification performance, but it is set empirically [18],
lacking of physical relevance and theoretical interpretation.

Hence, to address the aforementioned problems and achieve
fast oscillation identification for stability assessment of grid-
tied converter systems, this paper proposes a novel data-light
dynamic mode decomposition (DL-DMD) method inspired
by the harmonic state space (HSS) theory. As an analysis
framework for linear time-periodic (LTP) systems developed
in [26], the HSS theory has been widely used in the stability
modeling and analysis of grid-tied power electronic converter
systems [27]-[29]. In the HSS theory, time-domain periodic
signals are transformed into frequency-domain constants via
Fourier decomposition, thereby characterizing state variables
as finite harmonic components to reflect the coupling rela-
tionship between the frequency components [30]. The multi-
frequency state expansion based on Fourier decomposition
further complicates the original state space modeling [31],
but this process is coincidentally capable of facilitating the
achievement of the row expansion of the DMD algorithm
while avoiding the data stacking step using empirical param-
eter setting.

As shown in Fig. 1, in light of the correlation between the
DMD algorithm and state space modeling, as well as the fact
that HSS is a multi-frequency improved version of the state
space method, this paper aims to break through the limitations
of the traditional DMD based on time-domain signals, while
developing a fast and accurate oscillation mode identification
method in the frequency domain by combining HSS theory.
To be specific, the sampled signals will be split into multiple
groups equally over time. Then, Fourier decomposition is
performed in each group to derive Fourier coefficients, which
are further used to construct frequency-domain data matrices
with a similar mapping relationship to the DMD. In this way,
bandwidth-oriented row expansion is provided to specify an
identifiable frequency range of modes while computational
speed is improved significantly due to the smaller input data
size, but without information loss.

The rest of this paper is organized as follows. Section II

introduces the basic concepts of the traditional DMD method
and its drawbacks. Section III proposes the data-light method
with a detailed derivation process and discusses its advantages.
In Section III, the proposed mode identification method is
assessed and compared with the conventional DMD. In Section
IV, an online test is performed for further verification and
Section V concludes this paper.

II. DMD FOR OSCILLATION MODE IDENTIFICATION

Data-driven oscillation mode identification methods are
practical for oscillation detection and stability assessment,
where DMD stands out with clearly defined state variables
and system dynamic matrix [18], [19]. As shown in Fig. 2(a),
a grid-tied three-phase inverter with a virtual synchronous
generator(VSG)-based grid forming (GFM) controller is used
as the objective system for method verification, where the
detailed control diagram and control parameters can be found
in [8]. Note that DMD, as a data-driven oscillation mode
identification method, can be performed using only sampled
signals, thus it is also available in converter systems with
other control strategies or even in black-box scenarios with
unknown controllers. As shown in Fig. 2(b), based on discrete
signal measurements, T, (¢ = 1,2,...,m; b=1,2,...,n)
is defined as a data element, where m is the number of system
states and n represent sampled points with fixed interval At, so
the sampling frequency f; = 1/At. Note that the choice of m
and n depends on the number of available state signals and the
frequency range of interest, respectively. The data snapshot at
the b sampled point is defined as x, = (1.4, T2 b, e, T p) "
By gathering the snapshots, a pair of data matrices with a time
shift are generated as X7~ ! € R™* ("1 =[x} x5, ..., X, _1]
and X3 € R™* (1) = [x, x3,...,%,], while their mapping
matrix (also named as dynamic matrix A € R™*"™) governs
the inherent dynamic evolution of a discrete linear system:

b= AX{TLA=Xp(Xy ()

To calculate pseudo-inverse matrix (X7~ )*, singular value
decomposition (SVD) with the reduction rank r (determined
by the number of effective singular values) is implemented as:

Xt =uzv’ )
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Fig. 2. Schematic of (a) stand-alone grid-tied inverter system with a virtual
synchronous generator(VSG)-based grid forming (GFM) controller and (b)
conventional dynamic mode decomposition (DMD) method for oscillation
mode identification (m: number of measured state signals, m: number of
total sampled points, . : data value of the a™ state signal at the b
sampling point, (¢ = 1,2,...,m; b = 1,2,...,n), xp: data snapshot
at the b sampled point, SVD: singular value decomposition, ED: eigen-
decomposition).

where, the obtained singular vectors U € R™*" and V €
R(™=DX" are unitary matrices, & € R"*" is the diagonal
matrix of singular values, and the superscript " T~ represents the
matrix transpose. Then, a reduced-order equivalent matrix A
of initial full dynamic matrix A can be derived by projecting
A onto an U basis subspace of dimension 7 as:

A=UTAU=UTX3VE! (3)
Next, the eigen-decomposition (ED) of A s performed as:
A=WAW! 4)

where, W is the eigenvectors, and A is the diagonal matrix
consisting of eigenvalues (A1, A2, ,\.), also denoted as
identified oscillation modes. The presence of negative damping
modes (with a positive real part larger than 0, i.e., in the right-
half complex plane) will lead to divergent oscillations, but the
system will be stable if all modes are in the left-half complex
plane with negative real parts.

For large-scale networks with a large number of inverters,
there is a sufficient number of measurable signals m, and
DMD can be employed for accurate oscillation mode identi-
fication. However, for small-scale grid-tied converter systems
such as the stand-alone inverter as shown in Fig. 2(a), the mea-
surable signals are limited, especially in black box scenarios

where the controller is unknown, causing the unavailability of
the DMD algorithm. For example, if there is only one sampled
state signal (m = 1), each data snapshot will have one element
according to Fig. 2(b), and the row number of the dynamic
matrix A is 1. As a result, the maximum number of identifiable
eigenvalues will be 1, which is insufficient to reflect system
dynamics. To ensure accurate results containing all critical
modes, the data-stacking technique is commonly employed as
data pre-processing for DMD [18], [20], [23]-[25]. As shown
in Fig. 3, after determining the stacking number h, the 1% to
(n — h+ 1)™ data snapshots are set to the first row, the 2" to
(n—h+ 2)th data snapshots are set to the second row, and so
on until the number of rows in the stack reaches h. As a result,
augmented data matrices Xgug1, Xaug2 € R™*(=h) are
obtained with more rows, while the dynamic mapping remains
unchanged as:

Xaug,Q = dlag [ A A ] Xaug,l (5)

Thus, by replacing the original input data matrices X’ffl,

% in Fig. 2(b) with augmented data matrices X ;,4.1, Xqug,2
the row number of the fitted dynamic matrix can be in-
creased for extracting sufficient modes, while the dynamic
mapping relationship with valid information of the original
data is unchanged. However, stacking number h, as a key
parameter, needs to be set manually based on experience,
where a small h leads to poor accuracy, while a larger h
brings the augmented data matrices with large sizes and much
information redundancy, resulting in low computational speed.
Hence, stacking number A is usually determined based on
the original data sizes, considering the reconciliation of the
contradiction between accuracy and efficiency, but itself lacks
a clear physical significance. Furthermore, the computational
burden of the conventional DMD with data stacking increases
rapidly with the size of the original data, for instance, when
a long sampling window and a high sampling frequency are
adopted for identifying wide-band oscillations.

Original data matrices n
[x /% Xn-h_ Xn-htl Xn-h+2 Xn-h+3 - Xn-1]%n| L m
n n-1
X, =4X, h Data Stacking
n—h
—
Augmented data matrices | X1 | X2 Xn-h | Xn—h+1
X2 X3 © Xp—h+1 | Xn—h+2
Row number is expanded x:3 x:4 CXn—pa2 | Xn-na3 |\ o g
while dynamic mapping ’ :
. . X5 1| X X,_ X,
relationship is unchanged h-1) “h n-2 n-1
Xp | Xptl 0 Xp Xy

X :diag[A A - A]X

aug,2 aug,l

Fig. 3. Diagram of data-stacking technique — data matrices are augmented
with higher row numbers to ensure that all critical modes can be identified,
but leading to the large size of input data matrices (m: number of measured
state signals, n: number of total sampled points, h: stacking number, x;: data
snapshot at the b™ sampled point, b = 1,2, ..., n).
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III. PROPOSED METHOD
A. Data-Light Mode Identification

Inspired by the harmonic state space (HSS) theory [26], the
data-light mode identification method proposed in this paper
aims to reduce the input data size without information loss, and
provide a Fourier decomposition-based system state expansion
with bandwidth-oriented interpretation in the DMD algorithm,
avoiding the data stacking step.

The HSS theory has been applied in the grid-tied converter
modeling [27]-[29], where the time-domain states and dy-
namic matrix are expanded into complex Fourier series with
the exponentially modulated periodical signal shown as:

x(t) = e Z Xy elhwot A (t) = Z Attt (6)
kez keZ
where, s is the Laplace operator, j is the imaginary unit,
wp is the fundamental angular frequency, X; € R™*! and
A € R™*™ are the k'™ Fourier coefficients. (X, is different
from the snapshot x; defined in Section II-A). The relationship
representation between the Fourier coefficients of the system
states in a compact matrix form can be obtained in the s-
domain, as:
sX = (A—N) X (7)
where, A, N, and X are infinite, and A is a Toplitz matrix,
which can be denoted as:

Ay A, A,

X = XO 7A = Al AO .A._l te ,
X Ay, A Ay
N = diag[ -+ —j2wol —jwel 0 jwel j2wel ---], and

I € R™*"™ is the unit matrix. Then, the system stability can
be assessed with the eigenvalues of matrix A — N

The principle of DMD is clear in the time domain, while
the HSS theory is developed in the s-domain. Thus, the key
step of the proposed data-light method lies in constructing a
mapping relationship between system states in the form of
Fourier coefficients, which is also similar to (1) in the DMD
algorithm. As shown in Fig. 4(a), the initial sampling data of
the time-domain state signal are equally divided into multiple
groups regarding fundamental frequency periods (17 = 0.02
seconds). Hence, the number of sampled points p in each data
group and the total group number g can be calculated as:

b= TOfs
Lz ®

where, n is the number of total sampled points, f; is the
sampling frequency. Note that the number of sampled signals
m is assumed to be 1 for simplifying the expression in Fig.
4(a), but the method works as well with other values of m,
which just increases the number of matrix rows.

FFT will be applied in each group to obtain sets of Fourier
coefficients (X, s, ---, X;), which are used as each column
of the contructed input data matrix. On this basis, discretiza-
tion of (7) is carried out by transforming it into the z-domain
using the Tustin method as:

HSS-based input data construction in terms of Fourier coefficient (a)
24 ! i 1 ! Split original
EETONLS N e ; data into
A ¥ | Ll Ll ! equal groups
i * T * T * | *
Xl eee Xp o Xp+l - M2p Mn=2p+l - Mn—p X p—p+l +++ X p
—— [, ——— T, —Fe o ot T, > « T, » @
1™ group 2" group (g-1)™ group q" group
v v FFT v v
FFT in each group 9. (10
Fourier Fourier Fourier Fourier ), 10)
coefficient coefficient coefficient . coefficient
o - 08 o
N ~ < Ny > | X
?-? %) 3 Ny ?';1 o 5 ) . (/71/2)+1
E % % 2 »> X
g o Zo eee3 o % 1S > Xo
< < < ] -+ X
E = 2 B0 Sl
=z T =T S > | X(p/2)-1
8] ) 0
YfH’ X, IR Y | g
DMD-based mapping derivation and (b) Eigenvalue identification
dynamic matrix fitting Im 4 (frequency)
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Fig. 4. Schematic of the proposed DL-DMD method for oscillation mode
identification (n: number of total sampled points, p: number of sampled points
in each data group, ¢: number of data groups, Tp: fundamental frequency
period, Xpg: k! Fourier coefficient, X;: data snapshot in form of Fourier
coefficients at ™ data group, Xai,1 and Xg; 2 derived data-light data matrices
fed into DMD, A — N final matrix used for extracting eigenvalues, ED:
eigen-decomposition).

2(z—-1)
Then, the inverse z-transform of (9) is performed as:

2(Xiy1 — &) = (A= N) To(Xip1 + X7)

where, X; can be defined as the data snapshot in the form of
Fourier coefficients at the i group (i = 1,2,...,q) with a
fixed time interval Tj, and the row number of X; is limited
due to discrete sampling frequency. Considering the symmetry,
thereis X; =[X_pyq -+ X1 Xo Xy -+ Xp g T €
R™P—1)x1 Thys, two matrices with a time shift are generated
as X0 = (XL, ., K], X = [Ap,As, ., X €
R™(P=1)x(a=1) Correspondingly, the range of elements in the
matrix N is limited as:

N =diag|[ (-5 +1)jwol -

=A-N)x 9

(10)

—jwol 0 jwol
(11)
(5 = 1)jwol |
where, I € R™*™ js the unit matrix, and it will be a constant
1if m=1.

So far, the HSS-based data construction is finished, which
needs further derivation to obtain a mapping relationship
similar to the DMD algorithm for dynamic matrix fitting and
eigenvalue identification, as shown in Fig. 4(b). Based on the
constructed data matrices, (12) can be obtained from (10) as:

208 — X = (A-N)To(Xf + X171 (12)

Furthermore, (12) can be reorganized into a form similar to
(1) in the DMD algorithm as:
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22X — XY 4 NTo(Xd + X871 = ATo (X + x27)

Xai,2

X1
(13)
Therefore, a pair of data matrices, Xy 1 and Xgyo €
R™(P=1)x(a=1) “are obtained with the mapping matrix A to be
approximated. The DMD algorithm can be applied similarly
to obtain reduced-order matrix A € R™ %" as:

A=UTXy V5! (14)

where, U € R™P-1xr" and Y € RE@D*"" are the unitary
matrices, and ¥ € R™ ¥ is the diagonal matrix of singular
values in the SVD of Xy 1 (e, X1 = UV, 7' is the
number of effective singular values.

However, according to HSS theory, the eigenvalues are
extracted from the matrix A — A/, so the derived A needs to
be transformed back to the full matrix A € R™(P—1xm(p—1)
as:

A=UAUT 15)

Finally, after combining (11) and (15), the system eigen-
values can be identified from the matrix A — A by eigen-
decomposition for stability assessment. It is worth mentioning
that, the real-part values of the identified eigenvalues (repre-
senting damping) need to be multiplied by 2 for correction,
due to the bilateral Fourier coefficients obtained by the FFT.
Moreover, A — N cannot be directly fitted as a whole from
(12), since the matrix N must satisfy its physical constraint,
i.e., N exists as a diagonal matrix and the diagonal elements
are imaginary numbers representing different frequency com-
ponents. Due to the presence of N\, each frequency component
in the Fourier spectrum corresponds to an initial eigenvalue on
the imaginary axis, which helps to visualize the identifiable
frequency range, but makes it difficult to distinguish critical
stability modes (in a small neighborhood of the imaginary
axis). To address this issue, the elements on the diagonal of the
matrix A — A can be screened and set to zero if the absolute
value of real part is less than a tiny number € such as le~3.
Considering the potential spectrum leakage issue of FFT, the
obtained data snapshots X; need to be filtered by setting the
Fourier coefficients smaller than the threshold (e.g., 1) to zero,
which can also improve the noise immunity. At the same time,
the sparsity of the fitted matrix A can be facilitated to further
accelerate the computational speed.

B. Comparison and Discussion

Using the HSS theory as a foundation, the proposed data-
light method features the advantages of DMD and FFT,
while the shortcomings of DMD are ingeniously avoided.
Comparison between the conventional DMD and the proposed
DL-DMD is summarized in Table I.

The proposed method constructs a pair of data matrices,
Xai,1 and Xy o, with smaller sizes due to grouped Fourier
transform, improving computational speed but without infor-
mation loss. Moreover, by comparing Fig. 2(b) and Fig. 4(a), it
can be found that the row expansion in the conventional DMD
method is achieved by data stacking step with empirically
manual setting of parameter h, but for the proposed DL-DMD
method, the rows of the constructed data matrix are expanded

TABLE I
COMPARISON OF CONVENTIONAL DMD AND PROPOSED DL-DMD
METHOD.
Method | Conventional DMD
Category [13], [14], [18]-[21] Proposed DL-DMD
Data form Signal values Laplace coefficients

in the time domain

in the frequency domain

Input data matrices

Xaug,17 Xaug,Q

Xai,1, Xai 2

Row X column

m(p—1) x (g—1)

of data matrices mh x (n—h) orm(2c+1) x (g—1)
Sizes of data matrices Large Small
Computational speed Low High
Identification accuracy High High

Tunable parameters Stacking number h Truncation number ¢
Interpretation Fmax = fs/2

of row expansion

X

or fmam = C/TO

m: number of measured state signals, n: number of total sampled points, A:
stacking number, p: number of sampled points in each data group, g: number
of data groups, c: truncation number, Tp: fundamental frequency period, fs:
sampling frequency, finas: maximum frequency of identifiable modes.

in the form of Fourier coefficients, so a bandwidth-oriented
interpretation of matrix rows is provided according to the
Fourier bilateral spectrum that the maximum frequency f,qx
of identifiable modes is determined as:

P — p/(2Ty) = fs/2, without truncation
max ¢/To, with truncation

where, ¢ is defined as the truncation number. When there
is no truncation, ¢ = p/2 and f.. equals the Nyquist
frequency f,/2. However, when truncation is performed, there
is X =[X_, - X1 Xo X; -+ X, |7, with the row
number of X; being m(2c + 1), as shown in Fig. 5. From
the derivation of (10) to (15), it can be seen that A has the
same row number as X, and after the same truncation of A/
as N = diag [ —cjwol -+ —jwel 0 juol cjwol |,
the maximum frequency of eigenvalues identified from A — N
will be limited to ¢/Ty. Therefore, setting truncation can
further reduce the matrix size to improve computational speed,
but also limit f;;,4., resulting in the failure to identify potential
oscillations with frequencies higher than ¢/Ty. However, if the
upper limit of the oscillation of interest is known, c can be set
accordingly to shorten the computation time for faster stability
assessment. In summary, the selection of the tunable parameter
c depends on the oscillation frequency range of interest and
the requirement of computational speed.

It is worth mentioning that, this paper focuses on the small-
scale systems with a limited number m of measurable signals.
If m increases to be large (for example, in a large-scale
network with a lot of inverters), the aforementioned advantages
of the proposed DL-DMD method will be weakened. To
be specific, with sufficient m, conventional DMD can be
implemented without data stacking, while the row number of
data matrices used in DL-DMD will be very large according to
Table I, thereby reducing computational speed. However, even
in large-scale networks with a lot of inverters, compared to us-
ing the conventional DMD method-based mode identification
by collecting all measurable signals, if the proposed DL-DMD
method can be performed by sampling the grid-connected port
voltages or currents of each inverter, it will still have faster
computational speed and avoid inter-device communications.

(16)
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Fig. 5. Fourier decomposition-based row expansion and truncation of the
data matrix with bandwidth-oriented interpretation in the proposed DL-DMD
method (m: number of measured state signals, p: number of sampled points
in each data group, c: truncation number, fs: sampling frequency, Tp:
fundamental frequency period, wo: fundamental angular frequency, Xj,: k"
Fourier coefficient, X;: data snapshot in the form of Fourier coefficients at 4th
data group, fmae: maximum frequency of identifiable modes, A - A final
matrix used for extracting eigenvalues).

V. OFFLINE VERIFICATIONS

To validate the effectiveness and advantages of the proposed
method, offline tests are first performed in this section. After
collecting the original data, the proposed DL-DMD method
and conventional DMD are tested and compared, where al-
gorithms are performed on a host computer with Intel(R)
Core(TM) i5-1135G7 @2.40GHz, 16.0 GB(RAM), and 64-bit
operating system.

A. Test Using Composite Signal with Defined Components

A composite signal with well-defined components as shown
in (17) is employed for preliminary tests to demonstrate the
accuracy of the proposed method in identifying oscillation
modes involving frequency and damping information. As-
suming that the sampled AC voltage signal V(t) contains
divergent or decaying oscillation components in addition to
the fundamental frequency component, which is shown as:

Vi(t) = Vo cos(wot) + Vie*" cos(wit) + Vae?! cos(wat)
A7)
where, V is the magnitude of AC voltage with fundamental
frequency, V7 and V> are the magnitude of two oscillation
components, wy is the fundamental angular frequency, w; and
wo are the angular frequency of two oscillation components, oy
and o4 can reflect the damping of two oscillation components.
For the composite signal as shown in (17), the true modes are

(07 ijWO), (0'1, :I:jwl), and (0'2, :l:ng)

E 200 = ‘
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Fig. 6. Composite signal used for preliminary offline test and its bilateral
Fourier spectrum, which contains a fundamental frequency component at 50
Hz, a decaying oscillation component at 500 Hz, and a divergent oscillation
component at 1000 Hz.

The used composite signal and its corresponding bilateral
Fourier spectrum are shown in Fig. 6, where the signal length
is 0.16 seconds, and the time step is 5e~5 seconds, i.e., the
sampling frequency is 20 kHz, so the number of measured

state signals m = 1, and the number of total sampled points
n = 3200. Further, the total group number ¢ and the number
of sampled points p in each data group can be calculated
as ¢ = 8 and p = 400 according to (8). The other signal
parameters are set to V, = 100 (V), V1 = 30 (V), Vo = 20 (V),
wo = 27 x 50 (rad/s), wy = 27 x 500 (rad/s), we = 27 x 1000
(rad/s), o1 = —4, 0o = 6. Admittedly, FFT can extract all
frequency information of the composite signal (50 Hz, 500 Hz,
and 1000 Hz), but it cannot provide the damping information
to reflect the variation trend of each signal component, which
plays an important role in stability assessment. Thus, the
mode identification methods that can extract both frequency
and damping information are more applicable for stability
assessment.
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Fig. 7. Performance of the conventional DMD method and the proposed DL-
DMD method using a composite signal in terms of (a) computational time and
(b) identification accuracy — both DMD and DL-DMD can accurately identify
oscillation modes, but the computation speed of DL-DMD is significantly
faster than that of DMD (n: number of total sampled points, h: stacking
number for DMD, ¢: truncation number for DL-DMD).

For oscillation mode identification of the composite signal
via the conventional DMD with the data-stacking step, after
setting stacking number h progressively as 1%, 10%, 20%,
and 30% of the number of original sampled points n, i.e.,
32, 320, 640, and 960, the data matrix sizes can be derived
from Table I, which are given in the left side of Fig. 7(a)
with the corresponding computation time (average time of 100
executions). It can be found that the computation time of DMD
is in the order of 0.1 seconds. The eigenvalue identification
results of DMD as shown in the left side of Fig. 7(b) indicate
that the three oscillation modes identified by the DMD are
almost the same as the true modes in the composite signal,

e., fundamental frequency mode at 50 Hz with constant
amplitude (real part equals 0), stable oscillation mode at 500
Hz with positive damping (real part equals -4), and unstable
oscillation mode at 1000 Hz with negative damping (real part
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equals 6). However, the long computation time makes DMD
incapable of meeting the demand for rapid identification in
real applications.

In comparison, when using the proposed DL-DMD, the
computation time (containing the total overhead of FFT and
DL-DMD) is significantly shortened to milliseconds due to
smaller data matrix sizes as shown in the right side of Fig.
7(a). The mode identification results of DL-DMD are shown in
the right side of Fig. 7(b), where three modes of the composite
signal can also be identified accurately. Although there is
a small error between the identified damping and the true
value, it is within acceptable ranges (smaller than 0.01). It
is worth mentioning that the modes present on the (0, j0O)
point are brought due to the initial eigenvalue from the matrix
N on the imaginary axis being screened and set to zero.
Moreover, identification results without screening of modes
on the imaginary axis are shown in Fig. 8 to demonstrate the
impact of the truncation number ¢ on the maximum frequency
range f,q. of the identifiable modes. It can be seen that, if no
truncation number c is set, the maximum identifiable frequency
range fiq. equals the Nyquist frequency (10 kHz), while the
computational time is 11.4 milliseconds according to Fig. 7.
Furthermore, if ¢ is set to 120, 80, and 40, f,,4. Will be limited
to 6, 4, and 2 kHz without loss of identification accuracy, while
the computational time is further shortened to 4.5, 3.1, and 1.3
milliseconds. Thus, the results in Fig. 8 verify the bandwidth-
oriented interpretation of the only tunable parameter c in
the proposed DL-DMD method, which has been presented in
Equation (16) and Fig. 5.
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Fig. 8. Maximum frequency range (bandwidth) of identifiable modes can be
specified in the proposed DL-DMD method by setting truncation number ¢
(Tp: fundamental frequency period).

To further highlight the advantages of the proposed method
in terms of computational speed, the computational times
of the conventional DMD and the DL-DMD with different
input data sizes (by changing the length of the composite
signal) are compared in Fig. 9. It can be seen that, as the
data amount progressively increases from 3200 to 12800, the
computation time of the DMD almost exponentially increases,
but the computational time of DL-DMD increases slightly and
linearly. DL-DMD can ensure a fast computational speed even
with input data amounts beyond 10000. Therefore, the benefits
of DL-DMD are more evident for larger-scale input data in the
case of high sampling frequency and long sampling window.
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Fig. 9. Computational speed comparison between (a) conventional DMD
method and (b) proposed DL-DMD method with different input data sizes —
DL-DMD has a fast computational speed even with large input data sizes (h:
stacking number, c: truncation number).

B. Test with Experimental Signal

Considering more realistic application scenarios, an exper-
imental signal is sampled from a downscaled experimental
platform as shown in Fig. 10(a) and used for further verifi-
cation. The experimental setup is built based on the system
configuration of the grid-tied three-phase inverter as shown
in Fig. 2(a), using the VSG-based GFM controller, where
irrational control parameters or control delays might lead to
high-frequency resonance issues [32], [33]. The phase ~a” of
AC-side output voltage v., is used as the measured signal
when divergent high-frequency resonance around 1.5 kHz
occurs, as shown in Fig. 10(b). The dataset is collected in
a window of 0.16 seconds with sampling frequency fs of 20
kHz (i.e., m = 1, n = 3200, p = 400, g = 8).
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Fig. 10. Experimental setup of (a) downscaled grid-tied three-phase inverter
and (b) sampled high-frequency resonance signal for mode identification and
its bilateral Fourier spectrum.

The computation time and identified oscillation modes of
the measured signal using the conventional DMD and the
proposed DL-DMD are shown in Fig. 11(a) and Fig. 11(b)
respectively, where the computation time results are similar
to that in Fig. 7(a) due to the same size of the original
input data (n = 3200). It can be found from the left side
of Fig. 11(a) that both large and small h (stacking number)
will extend the computation time of the conventional DMD
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Fig. 11. Performance of the conventional DMD method and the proposed DL-
DMD method using a measured signal in terms of (a) computational speed
and (b) mode identification — the selection of stacking number h imposes
uncertain impacts on the computation speed and mode identification accuracy
of DMD, but the impact of truncation number c on algorithm performance of
DL-DMD is regular and interpretable.

method. Moreover, the left side of Fig. 11(b) indicates that
parameter h affects the mode identification results of the mea-
sured real oscillation signal. When h = 960, 640, or 320, the
five dominant high-frequency modes at around 1.5 kHz with
negative damping can be identified, but their damping under
different h varies significantly. When h = 32, the damping of
all high-frequency modes even becomes negative, yielding an
incorrect stability assessment result. As a result, the selection
of h imposes uncertain impacts on the algorithm performance
of the conventional DMD involving both computation time
and mode identification, but h can only be set manually based
on experience without theoretical interpretation.

For the performance of the proposed DL-DMD as shown
in the right side of Fig. 11, in addition to significantly
improving the computation speed, the impact of the only
tunable parameter c¢ (truncation number) on the computation
time of the DL-DMD method is regular, i.e., the computation
time shortens as c decreases. As shown in the right side of
Fig. 11(b), the damping and frequency of identified modes
are accurate and almost identical with different ¢, indicating
that the tuning of ¢ also does not affect the accuracy of the
mode identification results. These properties benefit from the
explicit bandwidth-oriented interpretation of ¢ as mentioned
in Fig. 5. However, it is worth mentioning that decreasing c
will also limit the maximum frequency f,,q, of identifiable
modes as shown in Fig. 8, so reasonable truncation can be
performed when there is a high requirement for computational
speed and a clear upper limit of the oscillation frequency of
interest. In summary, the fast computational speed and high
accuracy independent of parameters make the proposed DL-
DMD method more practical for oscillation detection.

To verify the noise immunity, Gaussian noise is superim-
posed on the measured signal to obtain test signals under
different signal-to-noise ratios (SNR), as shown in Fig. 12. The
corresponding mode identification results via the conventional
DMD method (h = 640) and the proposed DL-DMD method
(c = 80) are given in Fig. 13(a) and Fig. 13(b) respectively,
showing that the damping and frequency of five dominant
high-frequency oscillation modes will deviate from original
values as the noise power increases (i.e. SNR decreases).
Moreover, it can be found that the deviation degree of oscil-
lation modes identified by DMD and DL-DMD are different,
which also reflects noise sensitivity. To quantitatively express
the noise sensitivity of different methods, the Euclidean dis-
tance between the deviated modes and the original modes in
the complex plane is calculated and denoted as the deviation
distance, while the average of the deviation distances of all
dominant modes is defined as the metric of noise sensitivity.
Fig. 13(c) shows that the noise sensitivity of DL-DMD is
lower than that of DMD under different SNRs, indicating its
stronger noise immunity. It is worth mentioning that, even
with considerable noise power (SNR = 20 dB), the dominant
oscillation modes identified by both DMD and DL-DMD can
remain in the right-half plane (with negative damping), so the
unstable state of the system can still be detected correctly,
which benefits from the singular value decomposition step for
extracting the main features.
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Fig. 13. Mode identification results of experimental signals under different
SNR and corresponding zoom-in views when using (a) conventional DMD
and (b) proposed DL-DMD, and (c) comparison of noise sensitivity — DL-
DMD has lower noise sensitivity, i.e. stronger noise immunity than DMD.

Furthermore, to examine the identification performance in
the case of sudden signal changes, different voltage sags are
set at the 0.13 seconds of the sampling window, as shown in
Fig. 14, where the degree of voltage sag (DVS) represents the
percentage of the post-sag voltage amplitude to the original
voltage amplitude. The corresponding mode identification re-
sults via the conventional DMD method (h = 640) and the
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TABLE II
PERFORMANCE COMPARISON OF CONVENTIONAL DMD AND PROPOSED DL-DMD METHOD.

Method Conventional DMD

Proposed DL-DMD

Performance [13], [14], [18]-[21]
Stacking number h affects identification accuracy; Truncation number c affects computational speed;
Impact of h affects computational speed; c does not affect identification accuracy;

Key Parameter

h does not affect the maximum identifiable frequency range;
h is selected manually based on experience.

c affects the maximum identifiable frequency range;
There is a bandwidth-oriented interpretation for selecting c.

Identification SIOW; Fast;
Speed It‘ becomes glovy?r when h is too small. or too large; ) It becorpes faste;r when ¢ degreases;
It increases significantly with the sampling number n. It increases slightly with the sampling number n
Identification High; High;
Accuracy It decreases with the h. It is not affected by c.
Moderate; Moderate;

Immunity of

Noise Noise sensitivity is higher.

Identified modes drift more as SNR increases;

Identified modes drift more as SNR increases;
Noise sensitivity is lower.

Immunity of Inferior;

Sudden Change

Identified modes drift and even vanish as DVS increases;
Sensitivity of sudden change is higher.

Inferior;
Identified modes drift and even vanish as DVS increases;
Sensitivity of sudden change is lower.

n: number of total sampled points, h: stacking number, c¢: truncation number, SNR: signal-to-noise ratios, DVS: degrees of voltage sags.

proposed DL-DMD method (c = 80) are given in Fig. 15(a)
and Fig. 15(b) respectively, showing that the five dominant
oscillation modes will deviate from original values or even
disappear as the DVS decreases, but the deviation degree
of oscillation modes identified by DMD and DL-DMD are
different. For example, when using DMD in the worst case of
voltage sags (DVS = 0%), the 3", 4" and 5" dominant modes
disappear and the 1% and 2"¢ modes move to the left-half plane
(presenting wrong positive damping), thus failing to correctly
assess the unstable state of the system. In comparison, when
using DL-DMD in this case, the 4" and 5% dominant modes
disappear, the 1% and 3™ modes move to the left-half plane,
but the 2" mode just slightly deviates from its original value
and remains in the right-half plane with negative damping. The
sensitivity of voltage sag can be calculated in the same way
as noise sensitivity as shown in Fig. 15(c), indicating that DL-
DMD has stronger robustness against sudden signal changes
than DMD. However, Compared to the strong noise immunity
as shown in Fig. 13(c), both DMD and DL-DMD present a
large identification error when there is a severe voltage sag,
due to all the data is processed as a whole without the ability
to deal with local temporal changes. The multi-resolution
dynamic mode decomposition (MR-DMD) algorithm used in
[34] can address this problem effectively, but its computational
time is long due to the recursive process in the algorithm.
Therefore, proposing an oscillation mode identification method
with both fast computational speed and strong robustness is
one of the research scopes in the future.

C. Performance Comparison

Based on the aforementioned analysis and verification, the
performance of the conventional DMD and the proposed DL-
DMD for oscillation mode identification are summarized and
compared in Table II to demonstrate the advantages of DL-
DMD clearly. In summary, compared to the conventional
DMD, the proposed DL-DMD can avoid manual data stacking,
provide a clear criterion for parameter setting, improve com-
putational speed significantly, and achieve accurate oscillation
mode identification unaffected by parameters, with stronger
disturbance immunity and robustness.
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Fig. 14. Experimental signals with different degrees of voltage sags (DVS).
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Fig. 15. Mode identification results of experimental signals under different
DVS and corresponding zoom-in views when using (a) conventional DMD and
(b) proposed DL-DMD — identification accuracy of both DMD and DL-DMD
is significantly affected by sudden voltage sags, but DL-DMD has stronger
robustness against voltage sags.

V. ONLINE VERIFICATIONS

To further test the effectiveness and advantages of the
proposed DL-DMD method in the practical environment, an
online test is performed as shown in Fig. 16, where the
three-phase inverter with the GFM controller runs with the
same setup as shown in Fig. 10. The sampled data is fed
into the mode identification algorithm for computation after
each sampling period Ty, and then the output results will
be updated after a period of computation time 7,,,,. The
algorithm is achieved in the Imperix B-BOX RCP controller
using processing cores of ARM Cortex A9 1GHz 1GB DDR3
with a control frequency of 2 kHz, and the identification
results can be monitored in real-time and saved by the Cockpit
software.

The data is collected from the phase ”a” of AC voltage v.,
with a sampling frequency of 5 kHz and a sampling period
T'samyp of 0.08 seconds, so the number of total sampled points
n for each computation is 400. Further, for the DL-DMD
method, the total group number ¢ and the number of sampled
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Fig. 16. Online test process of DL-DMD method for oscillation mode
identification (Tsamp: sampling period, T¢com: computation time of the DL-
DMD identification algorithm, 7p: fundamental frequency period).

points p in each data group can be calculated according to (8)
as ¢ = 4 and p = 100, while the truncation number c is set
as 40. The DMD method with a stacking number A = 80 is
also implemented as a comparison.

As shown in Fig. 17, the output identification results of
DL-DMD and DMD are updated as the sampled signal varies,
where stability assessment indicator and oscillation frequency
of the dominant mode are used to intuitively visualize the
system stability assessment results in numerical form. The
stability assessment indicator will be assigned a value of O
or 1 according to whether there are right half-plane modes
with negative damping or not, which can reflect the change in
system stability. The computation trigger point is used to mark
the end moment of sampling and the beginning moment of the
computation. Thus, the span between the computation trigger
point and the updating moment of the identification results
is the computation time 7¢,,,. As shown in Fig. 17(a), when
high-frequency oscillation is provoked at 0.24 seconds, the
measured voltage signal begins to present a gradual divergent
waveform. After the first sampling period (from 0.24 to 0.32
seconds), DL-DMD can rapidly complete the computation
within 1 millisecond to update the identification results as
shown in Fig. 17(b) by the red line, indicating that the system
is unstable since stability assessment indicator jumps from 0
to 1 (there are oscillation modes with negative damping), and
the oscillation frequency is around 1.5 kHz. As shown in Fig.
17(b) by the blue dotted line, if the truncation number c is
reduced from 40 to 25, the maximum identifiable frequency
Sfmaz Will be decreased from 2 kHz to 1.25 kHz according
to Equation (16), so the oscillation at 1.5 kHz cannot be
identified, verifying the theoretical analysis about the impact

of ¢ in Section III-B. As shown in Fig. 17(c), DMD can also
detect oscillation occurrence and extract oscillation frequency
for stability assessment, but it requires 48 milliseconds for
computation and updating results after a sampling period,
which is 48 times longer than the computational time of the
DL-DMD. Therefore, the online test verifies that the proposed
DL-DMD has a much faster computational speed than the
conventional DMD.

The shorter computation time of the proposed DL-DMD
method is a significant advantage since it facilitates fast
oscillation detection, and the identified modes can be promptly
used for subsequent damping control to mitigate oscillations.
To be specific, when the identification results show that no
negative damped mode exists, the additional damping control
branch can be disconnected to avoid its side effects such
as adverse impacts on the dynamic characteristics. Whereas,
when negative damped modes are identified, the damping
control can be triggered immediately to suppress oscillations
and minimize hazards. In addition, the identified damping
and frequency information can be used to optimize control
parameters adaptively to improve damping performance. All
of the aforementioned applications require high identification
speed, which demonstrates the potential usefulness of this
work. Integrating mode identification into damping control is
one of the scopes of future work.

VI. CONCLUSION

This paper proposes a novel DL-DMD method for oscilla-
tion mode identification inspired from HSS theory. Identifica-
tion results based on the composite signal and experimentally
measured signal show that the computational speed of the pro-
posed method is improved significantly with high identification
accuracy and noise immunity, compared to the conventional
DMD method. In addition, the empirical parameter setting
with uncertain impacts is avoided, while bandwidth-oriented
interpretation for parameter selection is provided. By further
online tests, the effectiveness and advantages of the proposed
DL-DMD method are verified, which is practical for rapid
oscillation detection in grid-tied converter systems. To extend
the scope in the future, the identified modes will be exploited
for further control measures to mitigate instabilities.
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