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Background: Events in Micro-PMU Data Streams
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Previous Results

1. Event Detection and Event Classification (Machine Learning):
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Previous Results

2. Event Location Identification (Hybrid Model-Based):
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Previous Results

2. Event Location Identification (Hybrid Model-Based):
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Observations

*  We used only two micro-PMUs

« We can remotely and automatically monitor all load switching events
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Observations

*  We used only two micro-PMUs

« We can remotely and automatically monitor all load switching events

\n!! ;‘%
Substation - ka N N - 1: Open
P dfM:e;;g |‘L I‘L hsmswn 0: Closed
2 kl Si;i"lkl s'n'"’kl
0 1 1 0

« Therefore, we can keep track of switching configurations.

> Q: What can we do with this?

A: Nonintrusive Load Modeling
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Nonintrusive Load Modeling

 Feeder Aggregated Load Model:

®.
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Nonintrusive Load Modeling

* Individual Load Models:
( Switching Event
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Nonintrusive Load Modeling

 |Individual|Load Models:

( Switching Event
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Step 1: Circuit Model Equations

« Complex Power Conservation:

Current in Line j

A
4 \
n n n Sl'mk * 2
Sy, = z (si™e sw™) + z Z; z ( ‘}’mk> x SW,"™*
i=1 j=1 d=j V;l
Switching _I \ v /\ v /
Configuration Total Load Total Loss

# of Equations =1

— 1 —

[ Substation} (m}——r— — Ce I
Pointer of Metering | | Sw W
1 \SW, N\ SW,, | \

at Feeder Head n
|,mkl |,mkl |,mkl |,mkl
S, S, S S

n-1 n

Parameter S W:."" is one if the individual load i is turned on
during switching configuration my; and zero otherwise
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Step 1: Circuit Model Equations

« KVL:
Voltage at Substation
A n Sl’m" *
mg __ d my
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Step 1: Circuit Model Equations

« Combined Equations:

L m .
Unknowns: S;" “and V" fori=1,-,n

* For any switching configuration my:

Number of Equations: Number of Unknowns :

n
n+1 < n+ZSWimk
i=1
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Step 2: Load Model Equations

* For any two distinct switching configurations m; and my,:

Lmy Imp |I/lmk| npi . ~Almp | imk| nqi
A VA T
l l

c
Necessary Condition: z SW™ > 2
k=1

Additional Unknowns:
ng, = npi+j Ng, for i=1,---,n
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Step 3: Solving the System of Equations

« Given c distinct switching configurations:

(o n
# of Unknowns: nxc+225Wimk+n
k=1i=1
n C
# of Equations: cx(n+1)+ z z SWim" —n
i=1 k=1

Theorem: We need to|observe at least ¢,,;;, = 2n|distinct switching
configurations to solve the nonintrusive individual load modeling problem.
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Extension 1: Distribution Feeder with Laterals
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l SWs  SWj l ‘
| . | .
S5=200+30  S¢=100+j15
N=1.2+0.9  Ds=0.4+0.3
1.5 0
[}
® =t
&h
© -0.2
17 ¢ a
® ® e
= @ 5 -04
0.5 <
® §0-0.6
G
0 ‘ ‘ ~ 08 —
0 0.5 1 1.5 2 093 094 095 096 0.97 0098
n, Voltage Magnitude (pu)
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Extension 2: Redundant Switching Configurations

Vi Py Qn v V, V3 '
Configuration |SW[SWo[SW5|SWISW5[SWg Time Zsub k/-\k k4 I ! Zy Z3 l Zy
— T [0 [O0|1[0[0]10,al g - M) o S Tons AP
ma 1 ] 0] 0f1]0 | | [t t2] g ot Pointer of Metering 7 = o e
ma | | 0 0 | 0 [ta | t3] :g' at Feeder Head SW; SWy SW3 SWy
ma 0T 0 [ T 1 1T 10 T | Ita.ial = l l l l
ms 0 | 1 ] T | 0 | 1 | [ta,ts] n | . | . | . | ,
me 1 1 0 0 1 1 % . tol S;=200+j20 S,=100+j25 S3=500+j80 S,4=250+530
msy 0 I 110 I 1 | [%6 . t7] 0= 1.6+j0.9 Ny =0.8+1.3 0=0.2+0.7  Ng=14+l.1
ms | 0 | | | 0 [t7 , ts]
moy 0 | | | | | lts . to] Vs Vs
10 1 I I [0 ] 1 1 | [to , 210] Zs Zg -
ST
mi1 | | | | | 0 |[tio . t11] 5 5410 1.5410.5
e NEEEE RN ER TN 510.75 =T L\
SWs  SWg

! !

SL=200430  Sy=100+j15
u . . _n M= 1.24j0.9  Ns=0.4+0.3
*  We solve an “estimation” problem.

Error in Line Impedances
* # of Equations: 258

Error in Estimating n, | 0.09 1 093 | 1.30 | 1.98 | 2.54 | 3.38
Error in Estimating ng | 0.78 | 1.95 | 3.23 | 534 |1 9.16 | 11.87

In Presence of Error in Measurements
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Extension 3: Identifying Erroneous Switching Status

v

Py » Quy

Vi

* Residual Test (In Presence of Two Erroneous Configurations):

Normalized Residual

12

10 ¢

S DA~ N

()

Bad Data

0 50 100
Circuit Model Equation

150

Normalized Residual

Configuration |[SW; [SWo|SWa|SWL|SW5|SWs|  Time Zsub k/‘\ ,i | 2 ,ﬁ‘ Z4
— I | 0|0 [1]0]0] 10:6a] g el M s oas oS
2 T 00| T ]0 1| [t1,tl = I pointer of Metering ™~ ) J )
ms I I 0 0 I 0 [t2 ., t3] 2 at Feeder Head SW; SW.
e 1 2
My 0 0 | | 0 | [ts . ty] = l l l
ms AR ERENERE T A | , | , | ,
e I I 0 0 I 1 % . tol S;=200+j20 S,=100+j25 S3=500+j80
mr 01 [T 0] 11 [fe:tr = 1.6+0.9 N=0.8+13 ng=0.2+j0.7
ms | 0 1 1 | 0 [t7 , ts]
mo 0| ] ] I I T | [ts . tol Vs
mi0 I (1 [T [0 1 [ 1 [Bo,%0l Zs Zs
1 1 | | | 1 0 | [tio . t11] : i
mio T T [ 1T [ T | T[T [[t1.ti2) 2:510.75 1103
l SWs
| .
S4=200+j30
ng=1.2+j0.9

b
0 (b)

8+ Bad Data/

6 L

Bad Data is Dropped

4t

2 L

0

0 50 100 v 150
Circuit Model Equation

V4

|
h 1.5+j0.5 H
SW; SW,

!

| .
S4=250+j30

o= 14+1.1

Ve

SWj

!

Si=100+15

ng=0.4+j0.3
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Conclusions

* |nstall a few micro-PMUs at feeder head and end buses.

« Remotely and automatically Identify:

« ZIP Model for all individual loads across the distribution feeder.

e AMI/ Smart Meters:

* Not Available: Our Approach is a Replacement
« Available: Our Approach is an Oversight
 AMI Failure

e Electricity Theft
* Cybersecurity
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Application of Load Switching Events in Steady-State Load
Modeling in Power Distribution Networks

Alirza Shahsavari, F

jollahi, and Hamed ian-Rad

Depariment of Electrical and Compuier Engincering, University of California, Riverside, CA, USA

Absraci—A novel event-oriented method i proposed to con-
duct stendy-staie Ioad modeling in power distribution systems. 1t
has two fundamental differe nces with the comparable metheds in
the liferaure, First, the type of events are different. Specifically,
the cxisting event-arienied load modding methods we upsircam
voltage ovents ax the main enabler for load moddling In contrast,
here we 1me the load switching events acruss the distribution
feeder itsell. Second, the objective of the wnalysis i different.
The existing event-orienied Inad modeling methods are inended
to ohisin 3 ZIP model for the sggregnie load of the entin
distribution feeder. The application of sich feeder-ngamegated
fond model & n sy of sub tranemiion and transmiion
systems, In contrus, here we sek to obiain o ZIF model for
coch ndiridual Joad pcrom te fevdes. The spplcaion of such
individusl fond medels is in the anal system

itsell, such as with respect to the nperluull oot et energy
resuarees. The performance of the propoed method is examine
on a fest-feeder under varioims operating scenarios by considering
the impact of errars in feeder-head measurements.

Keywords: Eventoriented method, steady.state load modeling,
distribution systerm analysis. load switching events.

L INTRODUCTION

A eoemt CIGRE mpon in [1] has found that the majority
of the wilites ue measuement-baed methods to estimate
the prameters of their load models. Measurement-based load
modeling can be classified static and dynamic. Our focus in
this paper is on static load modeling, whem the goal is to
estimate the parameters of the so-called ZIP load models.

An important class of measurement-based static load model-
ing methods is evenr-oriemed, ie., they analyze certain events
and the msponses of the loads to those evenls in order 1o
eslimate the Inad modeling parameters When it comes o

oriented static load modeling at distribution-level, one
can ideniify two common festures for the existing methods
First, they are concerned with obtaining a ZIP model for the
erwire Ioad of the feeder as seen by the distribution substation,
such as the methods in [2}-[7]. Second. they use the upsream
events io enable load modeling, such as voltage events that are
initised from outside the distibution feeder, e. 71

In this paper, we explor making use of a different type of
events and seek to achieve a different load modeling objective.
Specifically, we seek to investigaie the load switching events
on the distribution feeder itself in order to obtam models
for the mdividual loads that exist across the feeder that is
bemg studied Accordmgly, the methododogy in this paper is
inherently different compared o the existing event-orisnted
static load modeling approaches, such as those in [2H7]

This work was o d by N its 1462530 md 1253516 Dok grant
EE 0008001 md NASA, Mmr! my;"v«mw* The comesposdizg
smathor is 1 um:um Fac, et hamediiece uere

Fig. 1 A disribution ez with thro: loads, comesposding in fhe ilesiraiive
exampie in Secsos IF (x) the single line disgram of the faeder: (5) and {c)
e e vosage and active power m e femder bead, mpectively

Intuilively, the basic idea in this paper is as follows: once 4
load swilches, the switching event changes the voltage in the
rest of the loads on the same feeder, and this causes variation
in their active and reactive power consumption; ihus allowing
us {0 eslimate their load parameters. However, the challenge
in implementing this idea is thal such variations camnor be
measured directly unless there is & meter at each load bus;
which in that case indivadual load modeling is trivial. This, we
assume that mdividial load meters are por available. Instead,
we seek to achieve mdividual load models by using only the
measurements at the feder-head

IL ILLUSTEATIVE EXAMPLE

Consider a distribution feeder with n = J buses' as shown
in Fig. 1(a). Depending on which individual loads are mrned
on and which individual loads are rumed off, there can be
2 otal of 2° — | = T possible load configurations in this
feeder, excluding the no load sitnation. Figs. 17b) and {c) show
the voltage and active power that are measumd at the feeder-
head during load configuration my, ..., m,, espectively. The
swilches status comesponding to each load confipuration is
given in Table L Our goal in this paper is o model each of the
three individual loads in Fig. 1(2) by snedying the saquences
of measurements at the £eder-bead in Fig. 1(b) and ic).

A Symiem of Fquaons and Unknawns

In order to achieve the above goal, we need to solve a system
of equations that comprises circuil models and load models.
Wi start with writing the law of complex power conservation,

*\s we wil e s Theomem 116} in Secson L e misizum nesbes of
bues b comduct e proposed et oriericd loal modetisg probim i throe
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