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Abstract—This paper presents the results of testing a Phasor
Measurement Unit (PMU) data-based mode estimation applica-
tion deployed within a decentralized architecture using a real-
time test platform. By extending the author’s previous work
in [1], this paper shows that a decentralized architecture is
effective in detecting local modes which are less observable
in presence of other dominant modes when estimated in a
centralized architecture. The tests in this paper were carried out
that was coupled with actual PMUs, a Phasor Data Concentrator
(PDC) and two types of mode estimation architectures. The
is network comprised of a high voltage network connected to
an Active Distribution Network (ADN) with Renewable Energy
Resources (RES). In the decentralized architecture where each
PMU was associated with its own processing unit running to
compute mode estimates from the acquired time-series data. The
results of the decentralized mode estimation architecture are
analyzed and compared with centralized architecture.

Index Terms—Power System Monitoring, Phasor Measurement
Unit (PMU), Mode-meter, Decentralized Mode Estimation, Os-
cillations.

[. INTRODUCTION

Wide-Area Monitoring System (WAMS) applications have
been developed to acquire critical information about a net-
work’s dynamics. Modal frequencies and damping ratios are
useful indicators of power system stress, which usually de-
teriorates with increased burden on the system. Real-time
estimation of these indicators from continuous time-series
measurements have become the base for synchrophasor-based
real-time power system monitoring and early warning systems,
including applications implemented in WAMS for real-time
monitoring purposes [2], [3] and [4].

In practice, today’s applications utilize a centralized ar-
chitecture where a central processor acquires data from all
the connected PMUs. Acquired data is processed and fed to
applications (such as mode estimators that provide estimates
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of modal parameters). Although [3] indicates that other ar-
chitectures can aid in the performance of the mode-meter
applications, no experimental testing (real-time, PMU-in-the-
loop) or field implementations have been implemented. In [1],
the authors have shown the benefits of using a decentralized
architecture by analyzing synthetic PMU data. This paper aims
to expand the study of the decentralized architecture and mode
estimation application by performing experimental laboratory
tests including commercial PMUs interfaced with a real-time
simulator running an active distribution network model.

The remainder of the paper is arranged as follows: A brief
introduction of the mode estimator is given in Section II.
Section III describes the test system. Section IV identifies
the modes present in the system using spectral analysis and
Section V presents the results. Conclusions are drawn in
Section VI.

II. MODE ESTIMATOR APPLICATION

The application employs measurement-based system identi-
fication methods to estimate a power system’s modal param-
eters. In quasi steady state, the application acquires ‘ambient’
data, and runs an Auto-Regressive Moving Average (ARMA)-
based Modified Yule Walker method to estimate modal pa-
rameters. The application acquires PMU data using the S?DK
toolkit within the LabVIEW platform [5] and its source code
can be found on Github [6]. The S3DK acts as a data mediator
receiving IEEE C37.118.2 formatted signals and converting
them into LabVIEW data-types.

This paper tests a decentralized architecture for mode esti-
mation where system modes are estimated by local, individual
processors using single PMU data streams. This is different
than the centralized estimator where all the different PMU
data streams are processed by a single central processing unit.
The locally estimated modes can be collected and sent to
higher level aggregators. This architecture aims to increase
identification capability of localized oscillations that might
not be observed by centralized architecture. For testing and
comparison purposes, the mode estimator application was run
using both architectures.
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Fig. 1. Test grid model with marked PMU locations.

III. TEST SYSTEM

The test grid includes a high-voltage (HV) transmission
grid along with a highly active distribution grid at medium-
voltage (MV) that includes distributed generation in form of
wind farms and solar parks. More information about the grid
can be found in [7] and [8]. As shown in Figure 1, four
different measurement locations at the HV, MV and low-
voltage (LV) levels were equipped with PMUs to acquire
synchrophasor data. The model was simulated using a real-
time simulator. Measured PMU data from nodes 101 (HV),
814 (MV), 840(MV) and 888(LV) were streamed to a PDC.

IV. SPECTRAL ANALYSIS

To assess the results from the mode-meter application using
PMU data, baseline values of the modal frequencies were
obtained through spectral analysis. First the Fast Fourier
Transform (FFT) was used to identify the inter-area and/or

local modes present in the different measured signals includ-
ing voltage magnitude, current magnitude and voltage angle
difference signals generated through offline simulation.

To induce inter-area oscillations, the inertia of the syn-
chronous generator at bus 100 was decreased gradually, thus
weakening the system and making the main inter-area mode
visible. The FFT analysis identified the frequency of the
oscillations to be 0.41 Hz. This inter-area oscillation was
present throughout the grid. To illustrate the advantages of
decentralized mode-estimation in identifying local oscillations,
a localized forced oscillation was injected by introducing a

TABLE I
INTER-AREA AND FORCED LOCAL MODES IN THE GIRD
Mode Frequency
Mode 1 (inter-area) 0.41 Hz
Mode 2 (forced local) 1.7 Hz
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Fig. 2. Frequency spectra plot using the voltage magnitude estimates
from the PMUs at nodes 101, 814, 840 and 888 as shown in Fig. 1.

<105 Voltage Angle Difference
T T

—O—101-814

814-888
—k— 840-888

Amplitude (normalized)
o o
(22} ©
. .

o
~
T
|

0.5 1 i3 2 25
Frequency (Hz)

Fig. 4. Frequency spectra plot using the voltage angle difference estimates
from the PMUs at nodes 101, 814, 840 and 888 as shown in Fig. 1.

sinusoidal load variation at node 888 in the LV section with
a frequency of 1.7 Hz. Table I presents the frequency of both
the modes to be identified Through spectral Analysis.

Next, the model was run in real-time and data was acquired
using four PMUs. The FFT analysis of the PMU data also
confirmed the presence of an inter-area mode of frequency
0.41 Hz as identified earlier in the previous step. Figures 2
and 3 show the estimated frequency spectrum in the voltage
and current magnitude signals from PMUs at different nodes.
Figure 4 presents estimated frequency spectra using the dif-
ferences between the measured angles at respective nodes.
The frequency spectra are normalized by dividing all the
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Fig. 3. Frequency spectra plot using the current magnitude estimates
from the PMUs at nodes 101, 814, 840 and 888 as shown in Fig. 1.

measurement vectors with respect to their Eucledian Norms.
Presence of two modes is observed in all the three spectrum
plots.

The results shown above are necessary to configure the
mode meter application, which requires a frequency band for
each mode to be estimated. With these results, the application
was utilized to estimate the modal frequencies and associated
damping ratios. The results are presented in the next section.
For comparison purposes, the real-time experiments are run
for both the centralized and decentralized architectures.

V. RESULTS

This section presents the results obtained by the mode-
meter application running in real-time. Results obtained from
both architectures are presented for comparison and analysis.
Estimates were calculated on a moving window of ten minutes
of data. The sampling rate was 10 Hz, so the window contained
6000 samples. Each test was run to obtain 1400 estimates. The
estimated results were stored for further analysis. Probability
Distribution Function (PDF) plots were plotted for estimated
frequencies and damping ratios. PMU estimates of voltage
magnitudes and voltage angle difference are used as input
signals to the application. Both cases are discussed below.

TABLE II
STATISTICAL ANALYSIS OF CENTRALIZED MODE ESTIMATION BY
PROCESSING ALL THE VOLTAGE MAGNITUDE SIGNALS TOGETHER

Mode 1 Mode 2
Freq. (Hz) Damp. (%) Freq. (Hz) Damp. (%)
ne o?b m o m o " o
408 .005 3.05 228 1.702 .096 2.89 3.05
“p: mean

be: Standard deviation



150

[ empirical

curve fitting

[ empirical

curve fitting

3
8
3
8

a
8

50

Probability Density

Inl

025 03 035 04 045 05 055 06 155 16 165 17 175 18 18 19
Mode 1 Frequency Mode 2 Frequency

80 80

70 [0 empirical 70

curve fiting

[ empirical

curve fiting

Ml

-0.01 0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08
Mode 2 Damping Ratio

50 50

40

Probability Density
@ &

8 &

@

8

001 0 001 0.02 0.03 0.04 0.05 0.06 0.07 0.08
Mode 1 Damping Ratio

Fig. 5. Estimates from centralized architecture using voltage mag-
nitude signals; TOP: PDF of Mode 1 frequency (left), PDF of Mode
2 frequency (right); BOTTOM: PDF of Mode 1 damping ratio (left),
PDF of Mode 2 damping ratio (right).

A. Voltage Magnitude Signals

Positive sequence voltage phasor magnitudes acquired from
the four PMUs were used as input signals for the mode-meter
application. PDFs of the estimated frequencies and damp-
ing ratios were obtained. Results from centralized estimation
architecture show high density of estimates around mode 1
with mean frequency and standard deviation [0.408, 0.005]
Hz. For mode 2, the mean frequency and standard deviation
of estimates are [1.702, 0.096] Hz. The mean and standard
deviation of the frequency and damping of the two modes
identified are presented in Table II. The summary of results in
terms of PDF plots for centralized architecture is presented in
Fig. 5.

From the PDF plots, it can be observed that, in the case
of voltage magnitude signals and centralized architecture, the
estimates have a very high probability density function for
Mode 1 which peaks to about 150 at 0.41 Hz. The distribution
is Gaussian with standard deviation of 0.005 Hz around the
mean frequency. The peak of probability density function for
Mode 2 is 12 near the mean 1.702 Hz. Hence the PDF peak
is lower for mode 2 and the distribution has a comparatively

TABLE III
STATISTICAL ANALYSIS OF DECENTRALIZED MODE ESTIMATION BY
PROCESSING ALL THE VOLTAGE MAGNITUDE SIGNALS INDIVIDUALLY

Mode 1 Mode 2
Singnal Freq. (Hz) Damp. (%) Freq. (Hz) Damp. (%)
m o m o m o m o
PMU 1 4081 .0040 3.11 1.14 1819 .135 6.83 4091
PMU 2 4084 .0039 3.15 1.02 1.720 .087 5.03 535
PMU 3 4081 .0038 3.14 093 1.719 .050 220 4.19
PMU 4 4079 .0038 3.13 0.80 1.721 .048 241 588
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Fig. 6. Estimates from decentralized architecture using voltage
magnitude signals from PMU4 placed at node 888 in the network;
TOP: PDF of Mode 1 frequency (left), PDF of Mode 2 frequency
(right); BOTTOM: PDF of Mode 1 damping ratio (left), PDF of Mode
2 damping ratio (right).

higher standard deviation of 0.096 Hz.

Next the decentralized mode estimator results are analyzed.
All the PMU data streams were processed individually. Using
the data from PMU 4 at node 888, mean frequency and
standard deviation calculated for mode 1 are [0.4079, 0.0038]
Hz and for mode 2 are [1.721, 0.048] Hz. Similarly, mean
damping ratio and standard deviation calculated for mode 1
are [3.13, 0.80] % and for mode 2 are [2.41, 5.88] %.

Figure 6 presents the PDF plots of frequency and damping
ratio estimates in the case of decentralized architecture using
voltage magnitude signals. The plots show high probability
density of estimates around mode 1 with mean frequency
of 0.4079 Hz. The probability distribution for mode 1 is
quite similar to what was observed in the centralized cases.
Still, the variance in frequency and damping ratio estimates
in decentralized architecture are smaller than the variance
observed by centralized architecture.

However, the PDF for mode 2 in the decentralized case has
improved drastically. The peak of the PDF has increased from
about 12 to 50 and the standard deviation of estimates around
the mean frequency has decreased from 0.096 Hz to 0.048
Hz. This means more number of accurate estimates for mode
2 have been observed by the application in decentralized archi-
tecture running at local level. One interesting point to realize
here is that, for mode 2, the variance in frequency estimates
is smaller in decentralized architecture but the variance in
damping is higher when compared to centralized architecture.
This indicates forced oscillation. Mean values and standard
deviations of frequency and damping ratio estimates of the two
modes identified by decentralized architecture using voltage
magnitude from all the PMUs are presented in Table III.
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Fig. 7. Estimates from centralized architecture using all four voltage
angle difference; TOP: PDF of Mode 1 frequency (left), PDF of Mode
2 frequency (right); BOTTOM: PDF of Mode 1 damping ratio (left),
PDF of Mode 2 damping ratio (right).

B. Voltage Angle Difference

In this case, voltage angles difference between the measured
angles at different nodes were used as input signals to the
mode-meter application. Four combinations of voltage angle
difference signals were formed: PMU1-PMU2, PMU1-PMU3,
PMUI1-PMU4 and PMU3-PMUA4.

In the case of the centralized architecture, these signals were
processed by a central processor. The estimates again have
a very high probability density function for Mode 1 which
peaks near the mean frequency of 0.414 Hz to about 150.
The distribution is Gaussian with standard deviation of 0.004
Hz around the mean frequency. The standard deviation of
frequency estimates around the mean of mode 1 is 0.004 Hz.
The peak of probability density function for Mode 2 is near
the mean 1.699 Hz to about 50, which is comparatively lower
than the mode 1’s frequency PDF but higher than what was
observed for mode 2 in case of voltage magnitude signals in
the centralized architecture. The Gaussian distribution has a
comparatively higher standard deviation of 0.052 Hz.

The mean and standard deviation of the frequency and
damping of the two modes identified by centralized archi-
tecture are presented in Table IV. The PDF plot based on
centralized estimation is presented in Fig. 7.

The last test was to implement the decentralized architecture
using voltage angle difference signals. Each difference signal
was processed individually by local processors. Results using

TABLE IV
STATISTICAL ANALYSIS OF CENTRALIZED MODE ESTIMATION
PROCESSING ALL THE VOLTAGE ANGLE DIFFERENCE SIGNALS TOGETHER
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Fig. 8. Estimates from decentralized architecture using voltage angle
difference between PMU3 and PMU4; TOP: PDF of Mode 1 frequency
(left), PDF of Mode 2 frequency (right); BOTTOM: PDF of Mode 1
damping ratio (left), PDF of Mode 2 damping ratio (right).

voltage angle difference between PMU3 and PMU4, achieved
mean frequency and standard deviation of [0.4175, 0.0049] Hz
for mode 1 and [1.7021, 0.048] Hz for mode 2.

Fig. 8 presents the PDF plots of frequency and damping
ratio estimates in case of decentralized architecture using
voltage angle difference signals. The plots show PDF peak
of about 130 around mode 1 with mean frequency of 0.4175
Hz. The PDF for mode 2 in the decentralized case has
improved by some margin. The peak of the PDF has increased
from about 45 to 75 and the standard deviation of estimates
around the mean frequency has decreased from 0.052 Hz to
0.048 Hz. Mean values and standard deviations of frequency
and damping ratio estimates of the two modes identified
by decentralized architecture using voltage angle difference
between PMU 3 and PMU 4 are presented in Table V.

The results show that, for centralized architecture, voltage
angle difference signals are more suitable for estimating the
forced local oscillation. However, on comparison of mode 2
estimates by centralized and decentralized architecture, the
decentralized architecture does better for both type of input
signals.

VI. CONCLUSION

A mode-meter application was tested and validated in a
real-time experimental environment using PMU data streams
when developed in two different architectures: centralized and

TABLE V
STATISTICAL ANALYSIS OF DECENTRALIZED MODE ESTIMATION USING
VOLTAGE ANGLE DIFFERENCE FROM PMU3 AND PMU4 SIGNALS

Mode 1 Mode 2 Mode 1 Mode 2
Freq. (Hz) Damp. (%) Freq. (Hz) Damp. (%) Sienal Freq. (Hz) Damp. (%) Freq. (Hz) Damp. (%)
o o “w o m o m o & m o “w o o o m o
414 004 285 228 1.699 .052 275 5.05 3-4 4175 .0049 247 154 1702 .048 1.18 0.55




decentralized. Voltage magnitude and voltage angle differences
from different PMUs were tested as input signals to both
architectures. It was shown that the application was able to
detect the major inter-area oscillations using both architec-
tures. It was found out that in case of the voltage magnitude
signals, the decentralized architecture substantially improves
the accuracy of estimates for the localized oscillations. In the
case of voltage angle differences, the decentralized architecture
gives marginally more accurate results than the centralized
architecture. Over all, it was shown that decentralized ar-
chitecture improved the accuracy of estimates for local, low
amplitude oscillations in case of all the signal types.
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