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Changing Grid and Stability Issues \ o

4 IEEE

0.4+

* For traditional power systems, stability is -

=

mainly about how tightly coupled are the
synchronous machines

* Not been an issue for Dominion (500 kV
backbone)

* Emerging issues from poorly tuned
controllers

0.0

Power(pu)

—0.41

e Set it and forget it mentality .
* Insufficient performance monitoring (no e

incentive) => often undetected until its too Unstable Voltage Controller with Stable

late Inverter at Transmission Solar

600

800



Modeling Challenges

 Power industry heavily relies on models
for planning and control specifications

 Traditional generator and associated
control models are well understood

*  BUT not all internal components
modeled in detail

 Detailed dynamic load models are hard
to build and/or validate

100 -+ N
/" «—— Disturbances -1_1,;’ )
] \

MVar

40 Hz oscillation

T T T T T T T T T T T 1
5 6 7 8 9 0 1 2 3 4 5 3

Sun Aug 22, 2021 (02:48:57 AM Sun Aug 22, 2021 (02:48:58 AM)

TlmeéUTC+0
Unmodeled 40 Hz Excitation Dynamics from Hydro

Powe & Energy Society®

4 IEEE

Models for real-world FACTS
. Black box models in EMT software
. Controller replica in RTDS (black box)
. Not always updated
Renewable Gen Models
. Usually not available
. Generic models rarely help troubleshoot
. Complicated by protection

. Short term uncertainty is not modeled in
system dynamic models

Typical Solar Output
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Research Problem
\. I
e Goal: Inferring Dynamic Behavior from /\.\
Measurements *  Opening line C-D
* Motivation :)rsifﬁgt?gns B STATCOM

Tuning pre-existing models
Augmenting models with new information . Was the issue
ldentifying problematic controllers that always there ?

models fail to capture
DFR Alarms at
C from THD

. Source(s) ?

Understanding what cannot be modeled

Address emerging issues before they
become widespread

Gaining intelligence on operation and
planning in the “new grid”

C. Mishra, L.Vanfretti, D.Yang, C.Wang, X.Xu,
K.D.Jones, R.M.Gardner, "Analysis of STATCOM
Oscillations using Ambient Synchrophasor Data in
Dominion Energy", ISGT 2022.
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Need For A Good Data Platform

PredictiveGrid™  PingThings

Vs

 JUPYLEI FIEpPIOCESSINGUALa Last Checkpoint: 2 hours ago. (autosaved) = Logowt | Conwol vaner

Fle EGt View Inset Cel Kemel Widgets Help Tuses  |Python3 O

B+ %@ B 4+ % MR B C » coe v = Memory: 651/8192 MB
Filtering

Since we are analyzing ambient ata, slow moving operating point changes are the only "big- changes we see in the measurements. These need to be
removed (typically using a high pass filter) in Order to "see” the underlying oscillations clearly. Furthermore, depending on the frequencies of interest. t is a
normal practice to remove higher frequency components from the data so that only the oscillations we care about are there in the signal and thus easy to
identity. This is achieved through a carefully tuned low pass fiter

In this notebook, we from 0.5-2 Hz and filter cutofts accordingly.
. . ° Interior Nodes
. N Down Sampling
Contain Temporal Once igh requency dynarmics are ftered, s a common pracice fo down sample (sing Shanon's Thearem (sampling equency >= 2'max fequency) since

overly fast sampiing results in successive samples being nearly identical which at times brings ill conditioning issues to the analytics being performed

Statistical Aggregates

« Maximum

visualization for long term t
analysis
* Low cost for experimentation ™=

. . Raw Time Series L - Jupyter
e Easy sharing for collaboration

e Familiar programming Multi-Resolution Copies
environment with easily

available tools

In [13]: f_filter = [0.2,3] # Filter range
Vadatamat_filter - butter_filter(Vadatanat, high',f_filter(e],fs) #detrend
Vedatamat_filter = butter_filter(Vedatanat_filter, low’,f_filter[1],fs) #denoise

# Down ampl
fs_re = 2°F_filter[1] # downsample (twice of hi requency)
tdata_re = np.arange(tdata[@],tdata[-1],1e9/fs_re) # new time samples

Vadatanat_filter - [resample_data(Vadatamat_filter(1],tdata,tdata_re) for i in range(len(Vadatamat_filter))]

te

In [15): plt.figure()
plt.plot(tdata, Vadatanat e])
plt.title("Original Voltage Magnitude’)
plt.figure()
plt.plot(tdata_re,Vadatamat_filter(e])
plt.title('Filtered Voltage Magnitude’

Text(e.5, 1.6, ‘Filtered Voltage Magnitude')

1wl

https://www.pingthings.io/platform.html




Ambient Data is Highly Underrated

Searching for Clues

» System response to events/large disturbances
exposes valuable information

e Perfect for model validation

* Not enough of them to gain intelligence about
the system

* System mostly in ambient conditions
 Great for gaining insight into persistent behavior
e Difficult to extract meaningful information
 Most large controller issues leave clues

* Need to give importance to anomalous behaviors
regardless of the magnitude

10.0| Event

Js Response

Response

5.0

o 2.5

E 0.0 \A/\/\/\/\/M/\/MNWWMWWM\M]\W\M
* . Ambient _
0

12.59

Frequency(Hz)
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o
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\
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Time(s)
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How to Characterize and Extract
Dynamic Behavior ?

* Goalis to extract distinct dynamic
behaviors from measurements and
associate them to devices/processes

* Choosing appropriate basis for signal
decomposition

* Needs to account for prior knowledge of
underlying system dynamics...introduces
bias !

* |n case of no prior knowledge of the
system ?

4 IEEE

\ (pes

Periodic Voltage Sag Observed
in Load- Dominant Area
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Data Fidelity

Bad Data is Not Just Gaps or Gross Errors !
17.5 -

15.0 1

12.5 A1

* Analysisis as good as the data
 Quality issues can be subtle, . -
require domain knowledgeto  *’| *

understand oo e

i3

2020-07-07 16:50

0.25 -
.

g; | | \ ' ‘ .
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Frequency(Hz)

Frequency Estimates from Different DFR Vendors B : i ; ; ©

Frequency(Hz)

Effect of Device Clock Issues on Spectrum

C. Mishra, L. Vanfretti and K. D. Jones, "Designing Time Derivatives in the
Frequency Domain for Ambient PMU Data Applications". IEEE PESGM 2022.

de Castro Fernandes, Marcelo & Mishra, Chetan & Vanfretti, Luigi & Jones, Kevin. (2021). A
Novel Method for Despiking Spectra from Synchrophasor Measurements. IEEE PESGM 2021. 10
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Long Term Data Analysis

Iéreq uency (Hz)
=

* Can’trely on asingle event to-
make strong inference

« Need to collect all possible =
evidence in the historical
data —was it large enough
to trigger DFR ?

RN EERE

A
©
=
I

05:33:20
08:20:00
11:06:40 =
13:53:20
16:40:00
19:26:40
22:13:20

02:

H P
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STATCOM Control Mode Change

* Important to leverage the = f =50 S
* No prelabeled dataset ! Solar Trips follpe on Shunt _
« Unsupervised detection Switching = B
« Domain knowledge to s
characterize what to look AR

for ~1101 | | | | | | .

4] 5 10 15 20 25 30

Frequency(Hz)

X.Xu, C. Mishra, CWang, L.Vanfretti, K.D.Jones, R.M.Gardner, . .
"Fast Oscillation Detection and Labeling via Coarse Grained Time Multi-Resolution Data Enables Fast
Series Data for ML Applications", ISGT 2022. Mode Screening
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Key Takeaways (s

* Real world power system data analytics problems are

extremely complex

* Necessary to understand the underlying mechanism

* Ambient data is rich in information but challenging to work with

e Data quality issues can be subtle

* Problems cannot be assumed solved without real world data tests
* Need for a platform that enables rapid prototyping

* Unsupervised labeling critical to long term data analysis



Thank You !

chetan.mishra@dominionenergy.com
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