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Events in Distribution Systems
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Events in Distribution Systems

On Average: 500 Events Per Day Per Feeder
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Event Classification
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Event Classification
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Event Classification
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Problem Statement
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Background: Compensation Theory
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Step 1: Extract Differential Synchrophasors
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Step 1: Extract Differential Synchrophasors
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Step 1: Extract Differential Synchrophasors
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Step 2: Forward Nodal Voltage Calculation
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Step 2: Forward Nodal Voltage Calculation
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Step 3: Backward Nodal Voltage Calculation
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Step 3: Backward Nodal Voltage Calculation
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Step 3: Backward Nodal Voltage Calculation
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Step 4: Event Location ldentification
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Feeder with Laterals
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Simulation Results
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Simulation Results
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Simulation Results
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Importance of Measuring Phase Angle
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Case Study: (Remote) Asset Monitoring

Three-Phase Switched Capacitor Bank
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Case Study: (Remote) Asset Monitoring

Typical Issues:

@ Unbalanced Operation (Fuses) @ Switching Operation (Controllers)

Micro- Capacitor

. .-"’-._’_“_-'f";fiEEEE PMU 2

69kV/
1247 kV

1690 Feet

6C8C

Hamed Mohsenian-Rad Event Location Identification Using Micro-PMU Data UC Riverside



Case Study: (Remote) Asset Monitoring

Typical Issues:
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Case Study: (Remote) Asset Monitoring

Detection &
Classification

Switch Off Event
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Case Study: (Remote) Asset Monitoring

Detection &

Classification
Switch Off Event Reactive Power Support
85 7265 310 ‘ ‘
xﬂw‘y =
75 7250 —
< < 305 — MR
=65 < 7235
o — &
£ 55 A = 7220 300 -
3 —s8| | 2 &
45 ¢ 7205 S
X 295
35 7190 o
0 05 1 15 2 0 05 1 15 2 <
Time (sec) Time (sec) » 290
650 250 (ﬁ___ 25|
550 150

x 450

=

50 Day

S50

—

350

W)
Q (kVAR)
S

Slightly Unbalanced Operation

250 -150
0 0.5 1 1.5 0.5 1 1.5

Time (sec) Time (sec)

N
o
N

Phase B is always higher
(Micro-PMU 1) Likely fuse blowing on Cand A

Hamed Mohsenian-Rad Event Location Identification Using Micro-PMU Data UC Riverside



Case Study: (Remote) Asset Monitoring

Detection &
Classification

Switch Off Event

85
75
<
— 65
c
£ 55 —A
3 —B
45 —C
35
0 0.5 1 1.5 2
Time (sec)
650
550
e;_c, 450
o
350
250
0 0.5 1 1.5 2
Time (sec)

7265
7250
2
o 7235
(®)]
£ 7220
(o]
>
7205
7190
0 0.5 1 1.5 2
Time (sec)
250 e
__ 150
£
:>5 50
O sop_ |
—
-150
0 0.5 1 1.5 2
Time (sec)

(Micro-PMU 1)

»

Switching Transient

IN]
o
H

< o Iy © 5 Io)
3
210
: A
©
)
1 2 3 4 5 6 7 8 9 10
g 0
(0]
e}
2-10 E;
& o © o
@ O o [0} O
= 5 ‘ ‘ ‘
1 2 3 4 5 6 7 8 9 10
— 1 ;
<
[
20 C
c
j=)
©
= ‘
1 2 3 4 5 6 7 8 9 10

Two-Step 3-Phase Switch

Step 1: Phase C (Zero Crossing)
Step 2: Phase A/B (Possible Malfunction)

UC Riverside 13/14

Hamed Mohsenian-Rad

Event Location Identification Using Micro-PMU Data



Case Study: (Remote) Asset Monitoring

Detection &

Classification
Switch Off Event Switching Transient
85 7265 200
75 7250
<§65 7235 9100 ] o op [ %
(0] % n [n]
£ 55 :A = 7220 £
© s 2l 7 7208 2 1207 . | C— A/B
i~
35o 05 1 15 2 71900 05 1 15 2 5 80 Unbalanced
Time (sec) Time (sec) % System
650 250 (ﬁ__, = 407
. x&j 3 . 0
5450 <§( 50 0 2 4 Day 6 8 10
N 3
350 MU—‘—M O sl | .
- P ——— Two-Step 3-Phase Switch
0 0.5 1 1.5 2 0 0.5 1 1.5 2
Time (sec) Time (sec) Step 1: Phase C (Zero Crossing)
(Micro-PMU 1) Step 2: Phase A/B (Possible Malfunction)

Hamed Mohsenian-Rad Event Location Identification Using Micro-PMU Data UC Riverside 13/14



Further Reading

12 THANSACTIONS ON FOWISR SYSTEMS, VOK. 33, N0 & NOVEMES 2000 oo

Locating the Source of Events in Power Distribution
Systems Using Micro-PMU Data

° ° ®
Mohammad Farnpollahi . Student Member, IEEE, Alireza Shahsavan, Student Member, IEEE
Emma M. Stewant, Senior Member, IEEE, and Hamed Mohsenian-Rad ', Se Member, IEEE
Abstraci—A novel method is propased to locate the source of 5 l l

events 18 power dastribution systems by wing dotrdution-level
An event in this
paper & defined rather bruadly © inchude any major change in
amy component acrws the distribution feeder. The goal is 1o en-
hance umatwoas! ewareaess in distribation gnd by heeping track
of the operation ‘or miseperation  of various arid equpment. as-
sets. distribution enerwy resources, loads. cic. The propased method
s built upon the compemsanon theovem in Groumt theory Lo gener-
ate an equivaent aramt to represent the cvent by using voltape
and current svach: ors that are captured by microPMUs.
Importantly. thes method makes critscal use of not oaly mag
but also syachreaczed phase angle measurements, thus. it gus
the need to wse micre-PML b opposed to ..ra::ry RMS-bised
voltage and currest semmors. The pﬂpwd method can work with ransicnt analysis, as discussed in a rooont sarvey in | 2] and H
data o 1 ew =y o micr P The ffectivenem o . efrence e ’ By Hamed Mohsenian-Rad,
developed method i demonstrased through com simula.
o o € TERE 23 b st etm, d i e v AT Emma Stewart, and Ed Cortez
measurements from a real-Gife 1247 KV fest feeder in Rivermde, A Motivation
CA. The results verify that the propesed method i accurate and
rebast in locating the source of differeat types of events on power
destribution systems.

Consider anc mintc of voltage phasor mcasurcments in Fg. 1
from a micro-PMU at a real Jifc 1247 kV distribution substation
in Riverside, CA. As expected, there are fluctuations in w

ladex Terms—Distribution synchrophasors, microPMUs.event  age magnitode, including two voltage sag events. Fach event
source location, power quality and reliability events, data-drives  has 2 roof cause at cither trunsmission network or distribution
method. compeasation theorem. measuremest differeaces. network [3]. Cammon root causes of distibution level events

IN THE EVOLUTION OF ADVANCED SENSING TECH
. transmission systems have led distribution. The

include load switching, capacitor bank switching, connc
disconnection of buted crergy resources (DERs)
malfunction, a minor faslt, cic. Accordingly, in this papez, we been transformed over the past decade with the systematic
we cvents with root deployment of phasor measurement units (PMUs). Simi-

id diagnostics of the transmission grid have

L INTRoDuCTION

ISTRIBUTION-LEVEL phasor meassrement onits  scck to snswer the following question: fo
PMUs), aka. micro-PMUs (uPMUs), bave recently  causes in distribution aetwork, what is the location of such
becn introduced a3 now scnsor iechnologics (o cohance real-  cause, ie. af what exact distribution bus does the load switch

lar and even more advanced new information sources are

now becoming available at the distribution grid, using dis-

ten: smastcring i power dsibution sysices \u;‘ PMUs  ing, capacitor bank sw widiscorne ction, tribution-level PMUs, also called micro-PMUs (uPMUs).
rovide GPPS-synchronizcd measurements of three-phase volt- ” iow o ;

P s r device malfanction occur WPMUs provide voltage and current measurements at higher
age and current phasors 3t & Kgh resolution, 120 readings per  Answering the above question s the key 1o achicving situs et arealsiog 1o Taallida s lavel SF Visibility
sccond (1] Several emerging applications of micro PMUs. in-  tioaal awareess in power distribution systems, %o as 10 kecp e T SR AN

cluding modcl validation, into the distribution grid that is currently not achievable

y detoction, phase identification, distributed gencration.

rack of how various grid equipment. assets, DER s, and loads op
c or misoperate. The applications are diverse. ras from
idcntifying incipicnt failurcs |11, [4] or cyber-attack:
cruiting demand side resources $0 constract 4 &
power distribution sysicm [6]-{8]. Here, mn eve:
rather broadly
across the
radit
power qual,

However, mere data availability in itself will not lead to

enhanced situational awareness and operational intelli-

organizing gence. Data must be paired with useful analytics to trans
s defined late these data to actionable information. In this article, we
to include any major change in 4 component explore some of the opportunities o leverage yPMU data
 focder. This of course inchades the two combined with data
nal classes of clectric distribution sysiem cvents, namely
Q) events, such s dropping below or excood
USA Gant ot Lot P ing shove acceptable nodal voltage li
cvensts, such as interrupting scrvice doc 1o faults that cause fuse
blowing or relay tripping [9). However, since the goal in this
paper is 1o cohancs situational awanzaess in power distribution ates 124,416,600 readings per day. Therefore, yPMUs  predictive analytics aims at what may happen in the future.
Systomms, we avc intcrentod sl in 1) ovents that do w0t Reces. installed on a handful of utility distribution feeders can  Both are stepping stones toward prescriptive analytics

[t by NSF ender Crants §
Ciraat 31 0DOA01, 30 e past >
—

-driven analytics, to help electrical dis-  stream their measurements continuously, the data must be

tribution system planners and operators to get out in front  collected, cleansed. and processed, all in real time.

of problems as the:

evolve The collected pPMU data must then be dissected into
ed by pPMUs are a prominent exam-  descriptive, predictive, and prescriptive analytics. While

ts. as well as reliabudiry

The data gener

ple of big data in power systems. Each pPMU gener-  descriptive analytics focuses on what happened in the past,

santy violai PO roquircments or an

inc reliability, but they generate terabytes of data on daily basis. Because uPMUs  optimizing the future with informed decisions. Here, we

consider case studies in both descriptive and predictive

x . i analytics and provide a sampling of the benefits derived
st AP 2008 e from uPMU data.

sdsittusoe mystns (133 permession
“ha30 il for mare IFrnation
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