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Motivation: “Invisible” Power System

Why do we need estimation in power system? What are the common
causes for the invisibility or unavailability of power network models?

* Network control (topology reconfiguration)

_imited or no prior information about the network topology parameters.
naccurate or outdated database

nfrastructure ageing is leading to a change in the parameters
mpact of weather (change in temperature, etc.)
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Offline and Online Estimation Schemes
Offline:

The network branch and shunt parameters which do not change.

« These parameters have been verified to work well for operation and planning
schemes.

It can leverage a large amount of historical data.

Online:

« Estimating states (Voltage magnitudes and angles)

« Network parameter that change with such as due to ageing, temperature variations,
shunt/reactance switching, topology change etc.

« Parameter correction.
It can be also used for estimating sensitivity coefficients (depends on injections).
« Requires online (recent) measurements.
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Estimation and Application Framework

Initial

model

Measure Parameter Estimated
ments estimation Parameters

Data quality (measurement noise)
Data Multi-collinearity
Unobservability

Accuracy

Applications

Power flow

Optimal power flow
Voltage control
Congestion management

Scheduling
Planning
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This talk: Measurement-based Control on “Invisible” or
Partially known Distribution System

Consider a distribution network whose network parameters are not accurately known.

Objective: to develop a measurement-based and real-time framework for
controlling distributed energy resources in distribution systems (e.g., for voltage
control). Experimentally validate on a real operational network.

Initial model

Power .
ARt ol ey Measure Parameter Estimated Voltage @fe]plife]
ments estimation Parameters Control Setpoints
system

|

|
! : State |
| estimation :
|

|
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Power System Parameter Estimation

« State-independent models:

« Estimation of branch and shunt parameters (those don’t depend on the state of
the network)

» Topology estimation

« State-dependent models:
« Estimation of sensitivity coefficients, Jacobian etc. distribution factors

Gupta, R. K., Pegoraro, P. A., Stanojev, O., Abur, A., Muscas, C., Hug, G., & Paolone, M. (2025). Learning Power Flow Models and Constraints From
Time-Synchronized Measurements: A Review. Proceedings of the IEEE
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State-independent models:
Branch and Shunt Parameter Estimation Problem

Objective: estimate the branch and shunt parameters

Assumptions:
* Topology known
« Measurement from all the nodes (offline)
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Estimation model — Balanced and Transposed

Nodal voltages and
injection currents

V:=COlpe x (Vy)

\

Y= () Yoot” + Y

Yecg = diagleg (Yl)
YJ - diagteg" (Yt)
J

|

¥

Kirchhoff's laws

measurements
lj=(n,u)EL
uenN
o—
L=(mn)erL lL,=(mv)eL
menN nenN
o— I Z,
t,=Mmg) €T Ytn
geg

vVEN
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Estimation model

R.K. Gupta, F. Sossan, J.-Y., Le Boudec, and M. Paolone, “Compound admittance matrix
estimation of three-phase untransposed power distribution grids using synchrophasor
measurements”, IEEE Transactions on Instrumentation and Measurement, 70, pp.1-13. 2021| *

i= (L) Yot? +Yq )V
i= () ig+ig

)

iy = diag(«/v)coljc £ (Y))

.

i= o/ T diag(/V)colje ¢ (Y)) + diag, . 4 (Vy)coleq (Yy)

)| [«7C -«™D
Siij|  |#™D «TC
Riigl| [c -D|[xC
Sligl| (D C||XB

- [
I}

Admittance matrix and
primitives

«#? is the polyphase
incidence matrix

C = diag(«/R{v})
D = diag(«/ 3{v})
E = diag(S3{v}
F = diag(R{v})

X® = colie £ (R{Y1))
X? = cole 2 (3{Y1})
X" = colies (S{Y4})

{
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R.K. Gupta, F. Sossan, J.-Y., Le Boudec, and M. Paolone, “Compound admittance matrix estimation of three-phase untransposed power distribution grids using

Estimation model — Three-phase Untransposed

Transformation to
express 3-ph impedance

matrix estimates into a
vector form

Ylll Yllz Yll3
E(Y,)zE([Yllz Y72 YIZJ =

13 23 33

Yl Yl Yl J

Un,I‘ Un,1 0 0 Un,2 0 Un,3
fy(Vn)zfy( Un,2 )= 0 wvp2 0 wvp1 vpz O

Rii}|

S|
|

Riie}|

Sligl|

vn,3 ] O O Un,3

0 Un2 Undl

A(v) = colpen (fy(Vn))!

(I-DI2I+D) to |P|int”? wp ot

STC -«4TD
4TD «TC
C -DJ|[Xx©
D C||[xB

-E
F

M
x|

synchrophasor measurements”, IEEE Transactions on Instrumentation and Measurement, 70, pp.1-13. 2021.

C = diag. o (] RIAW)})
D = diag)e o («¢; S{IAW)})
E = diag,,c 4 (3{fy(vy)})
F=diag,. » R{fy(vy)})
X® = coljez RIZ(YD)})

XB = colje » (S{E(Y))})

X" = colseq (S{EX D).
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Estimation techniques
F(k) =A%

G
. |«TCk) -«"D(k) -E(k) L | R} _l¢B
where A (k) = 2D TCR) E(K) , F (k)= SR cand & = );T

K measurements ‘

F=HE

* The choice of estimation scheme depends on the characterization of
noise on_ 7and ..

R.K. Gupta, F. Sossan, J.-Y., Le Boudec, and M. Paolone, “Compound admittance matrix estimation of three-phase untransposed power distribution grids
using synchrophasor measurements”, IEEE Transactions on Instrumentation and Measurement, 70, pp.1-13. 2021.
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Estimation Model

I =X

= Assuming that noise on A
Is negligible and noise on_¢
is Gaussian and I.1.D.

L east
squares or »

WLS

Xls= (T 70 7T ¢

= Assuming that noise on A
and _# are non-negligible
and are Gaussian I.1.D

Total Least »
» squares

r o= (T A —-o* DT AT g

o is smallest eigen value of [A|_Z]

The estimation performance depends on the characterization of noise on a_¢| S

R.K. Gupta, F. Sossan, J.-Y., Le Boudec, and M. Paolone, “Compound admittance matrix estimation of three-phase untransposed power
distribution grids using synchrophasor measurements”, IEEE Transactions on Instrumentation and Measurement, 70, pp.1-13. 2021.
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Noise Model

Noise model (polar coordinates) 'nstrument Synchrophasor

Transformers measurements
» Sources of uncertainties
PM US Synchronization

« Magnitude max error « = 0.1% and Phase max error § = 10~ *rad.
Additive noise from Instrument Transformer (IT)

« White noise distributions for magnitudes A,~N (O—g) and phases

B
Ap~N (O’ 3)

Transformer Max. magnitude Max. phase
Class error () (%] error (3) [rad)
0.1 0.1 1.5 x 1073
0.2 0.2 3x1073

0.5 0.5 9x 103

1 1 18 x 1073

Instrument Transformers:, “Additional requirements for electronic voltage transformers,” Standard IEC, pp. 61 869-8, 2011.
Instrument Transformers:, “Additional requirements for electronic current transformers,” Standard IEC, pp. 61 869-7, 2014.
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Noisy Model (Rectangular)
Noise model (rectanqular coordinates)

= Note that the noise model is normal in polar coordinates, whereas we use rectangular coordinates in
our estimation.

= The noise transformation from polar to rectangular coordinates is nonlinear, and hence, it
does not preserve the normality of the distribution.

= However, for the typical uncertainties of ITs and PMUs, we may numerically observe that the
distribution of the noise transformed in the rectangular coordinates is very close to be normal.

%10 x1073
0.015¢ . 0.015f 57 5
,r“’; § i - /‘ g # 3 )
S o001¢ S 001f S o
o Z ° B
> S] = ©
5 0.005} 5 0.005} = 8
5 = ! 3
ey @ T 0 £0 i
5 of £ o QQ plots for g g QQ plots Ior noise
5 E noise on voltages 3 % on currer:jsb
o9 I o = »
2 2 measured by a 5 2 gleasu 1re|T ya
= e] / 4 .
G 00t £ 001} Class 11T. # s |7 ass
v 8 + _5 L L L ) _5 L L L )
-0.015 - : - +-0.015 : . : ) -4 2 0 2 4 -4 2 0 2 4
-4 2 0 2 4 -4 2 0 2 4 Standard Normal Quantiles Standard Normal Quantiles
Standard Normal Quantiles Standard Normal Quantiles
M. Paolone et al., “Static and recursive PMU-based State Estimation Processes for transmission and distribution grids”, in the book
“Advanced Techniques for Power System Modelling, Control and Stability Analysis”, IET 2015.
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Noisy Power Measurements

* For power measurements as they are non-linearly related to the
voltages and currents and if the power measurements are derived from
the voltage and current measurements, the resulting noise on the
power measurements may not be Gaussian.

-3 -3
6 x10 ) 3 x10
4 r 4 2 B 4./+‘/
o pr
a2+ S 1t
< <
B ot S 0t
@ '4 r ,V*w/ 5’ -2 - .
-6 -3
_8 4 1 1 1 1 1 ) _4 1 1 1 1 1 ]
-3 -2 -1 0 1 2 3 -3 -2 -1 0 1 2 3
Standard Normal Quantiles Standard Normal Quantiles

Gupta, R., Sossan, F., & Paolone, M. (2022). Model-less robust voltage control in active distribution networks using sensitivity coefficients estimated
from measurements. Electric Power Systems Research, 212, 108547.
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Noise variances for Rectangular coordinates

Noise model (rectangular coordinates)

To find the mean and covariances of polar-to-rectangular
coordinates, let first denote the noisy measurement of the
phasor w = pe/® as i = pe’?. If A,, and A, respectively,
denote the noise in the real and imaginary parts, then it can be
shown using moment generating functions that:

XG

B | WA AW g

5 1 2
E‘ ‘ E[Alre] E[Alre, AIim]‘X

o] oo |

Book chapter M. Paolone et al., “Static and recursive PMU-based State Estimation Processes for transmission and distribution
grids”, in the book “Advanced Techniques for Power System Modelling, Control and Stability Analysis”, IET 2015.

W =

D. Lerro and Y. Bar-Shalom, “Tracking with debiased consistent converted measurements versus EKF,” IEEE Trans. Aerosp.
Electron. Syst., vol. 29, no. 3, pp. 1015-1022, Jul. 1993.

Are = fj cos(@) — p cos(¢)
E[Are] = (e_%%% - 1) cos(é)p

2 1 a2 2 _20-2
E[AL] = 5 (1+ 5 ) P21+ 7% cos(29))

+ p?cos*(¢) (1 — 2e(_%6£))
Aim = psin(@) — p sin(¢)

E[Ain] = (¢72% — 1) sin(g)p
2

1 92
E[AZ ] = s (1 + a_) p? (1 + e %% cos(2¢):

9
+ p2sin?(#) (1 — 2¢72%)

1 = a2 2 _20-2
E[Are Aim] = 5 Sln(2¢) 12k ? pe ¢

— 2p23(_%a¢%) + p2:|

Transformer Max. magnitude Max. phase
Class error () [%] error (3) [rad)
0.1 0.1 1.5 x 1073
0.2 0.2 3x1073

0.5 0.5 9x 1073

1 1 18 x 103
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Estimation techniques
F(k) =A%

G
. |«TCk) -«"D(k) -E(k) L | R} _l¢B
where A (k) = 2D TCR) E(K) , F (k)= SR cand & = );T

K measurements ‘

F=HE

* The choice of estimation scheme depends on the characterization of
noise on_ 7and ..

R.K. Gupta, F. Sossan, J.-Y., Le Boudec, and M. Paolone, “Compound admittance matrix estimation of three-phase untransposed power distribution grids
using synchrophasor measurements”, IEEE Transactions on Instrumentation and Measurement, 70, pp.1-13. 2021.
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Estimation Model
I =HX

= Assuming that noise on A4 L east
is negligible and noise on_¢ squares or » Xis= (T 7207 ' 7" g
is Gaussian and I.1.D. WLS

= Assuming that noise on A . - s 1
. = (A" A —o0°]) A
and _# are non-negligible » lgta;rléiast » LS = ( a D F

and are Gaussian |.I.D o is smallest eigen value of [A|_Z]

J

= The estimation performance depends on the characterization of noise on _¢ and ./ .

R.K. Gupta, F. Sossan, J.-Y., Le Boudec, and M. Paolone, “Compound admittance matrix estimation of three-phase untransposed power
distribution grids using synchrophasor measurements”, IEEE Transactions on Instrumentation and Measurement, 70, pp.1-13. 2021.
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Estimation Performance with “Noise”

» With slight increase in the measurement noise, there is a large increase
In the estimation error.

Without noise With noise (IT 0.5)

M conductances conductances

50 T T T T
100120 kV, é 100/20 k\'.é
25 MVA 25 MV/
L1 BMVA T,

_l_—m _l__ N12
T e - :
282
} 2.82km| L3 L ssokmfits |
| — I } }
| I
| L4 | } N13 e |
| 4.42km I |
I N3 I }
| I
| 0.61 km|L5 } | 2.99km|L16 } _10 L L L L L L L L L L L L L L L
} il | 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
N4 - i indi i indi
| l o I“ ok 1.30 km I } } non-zero admittance indices non-zero admittance indices
| sokm o | I
: ! N —
I 16 113 s !
INs N11 | } | suceptances
| I | suceptances
I l l 033km h }
} L12 i n7
I N10 Ng | } !
T I |
2.0km |
} IR L10 ko : — |
| I 0.32km 1.67km [
I 0.77 km N7 ! 2
! 52 ‘ =
| N\ } —p  Load
| L8
0.24km Transforme
} o } @ Br nsformer
| — Bus
< I
} 1.54km | —— Switch/CB
I L7 !
| I

_70L—t L L L L L L L L . - - - - 1 2 3 4 5 6 7 8 9 0 11 12 13 14 15

L
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 dmitt indi
non-zero admittance indices non-zero admittance indices
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Proposed pre-processing: clustering averaging

 Measurements are clustered into different
groups using the k—-means algorithm.

[ Raw measurements }

* Averaged measurements from each I
cluster then used for estimation. [ ouserng |
v v

I: procedure CLUSTERAVG [ custert | [ custer 2 | | Cluster Ne
P choose number of clusters = N,
B [{v,i}1,...,{v,i}n_ ] < kmeans({v, i}, features, N;) l l l
4 for/=1:N.do )
5 {‘7’ i}l — mean({v’ i}l) Cluster - averaged data |
6:  end for l
7: end pr ocedure ’Admittance matrix estimation‘

R.K. Gupta, F. Sossan, J.-Y., Le Boudec, and M. Paolone, “Compound admittance matrix estimation of three-phase untransposed power distribution grids
using synchrophasor measurements”, IEEE Transactions on Instrumentation and Measurement, 70, pp.1-13. 2021.
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Proposed pre-processing: Clusterlng averaging

230 | R - 1 3841
Example 221 I . mm 1 2542
P 21- N - 1195
20 [ - 3512
. . 19 [ ] - 1314
» Clusters 6: balanced conditions B gl W ] 3667
16 el | (Rl - 2655
cluster together 215k 111 L - - 5607
= [~ ]
. s ' 1858
* Cluster 9, 19, 21: sudden dip in glr - ! i
310+ My i - 2103
nodal voltages O g 1 | 699
* 8 - 1 1 3209
. : 6 .
* Clusters 12, 13: voltage dlp 5—".|I| — oo Y I.I!223958564
ng | - I N 2609
. = - 2951
° . 2 (00T L - 2431
Clusters 2, 18, 24: sharp change in 21 | | | [ | | —
PV generation L 2 3 ; 5 6 7 8
1 sec time index «10%
5 1 WWWWW |
a L
0.98 - | | | j node 2 (phase 1) node 2 (phaﬁse b) node 2 thase c)#
1 2 3 4 5 6 7 8
x10*
1.02
31 -
= r ;
~0.98 -
| | | | ‘node 3 (phase a) node 3 (pha§e b) node 3 (\phase c) ﬁ
1 2 3 4 5 6 7 8
4
R.K. Gupta, F. Sossan, J.-Y., Le Boudec, and M. Paolone, 5 0
“Compound admittance matrix estimation of three-phase _ 1.0 E : ,:mm.‘ [ T
untransposed power distribution grids using synchrophasor 3098[ et T A
measurements”, IEEE Transactions on Instrumentation and 0. %t | | node 4 (phase a}) node 4 (phase b)  node 4 (phase c)j

Measurement, 70, pp.1-13. 2021.

2 3 7
1 sec time mdex

8
x10%

Number of elements
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Proposed pre-processing: clustering averaging

 Cluster avg. provides higher values of positive and negative seq,.
components compared to block-avg. helps in estimating the off-

diagonal elements of the lines and shunt admittances.

Example
[Vheg|
metrics x 100%
Vpos
2r— T T T T T T T T T T T T T T
Elblock g g

neg. seq. (%)
—
= Ln

o
]

JJJJJ

\\\\\\

[Vzerol

x 100%
[Vpos|

XXXXXXX

|||.|n H

4 5 6 7 8 9 101112131415161718192021222324

Cluster/block number

N

zero. seq. (%)
[ N
T

(=)

w
T

Method Neg. seq. (%) | Zero seq. (%)
mean | max | mean | max
Block-averaging 032 | 0.80 | 0.69 | 2.04
Cluster-averaging | 0.49 1.71 1.15 4.05
Iljkl)I II( T Tg gT ‘ !!!!!!!!!!!! . T T T
! gg | ‘ I
I | @*Hul HIHHE' |
@I @I @I @llél &l @w Ll L LI ’\I i I L F ! H @ @i@ @ @lla
1 2 3 45 6 7

8 9 10111213 14 15 16 17 18 19 20 21 22 23 24

Cluster/block number

R.K. Gupta, F. Sossan, J.-Y., Le Boudec, and M. Paolone, “Compound admittance matrix estimation of three-phase untransposed power distribution grids
using synchrophasor measurements”, IEEE Transactions on Instrumentation and Measurement, 70, pp.1-13. 2021.
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Estimation results

acy (mean values and variances).

Exact value 0

 Cluster-averaging shows better estimation

6 T I T T T I I I I I I | T I

O exact
4~ }I{ i raw data H 3 4
Conductances sofe o 10 o j[@ S R I block-averaged I I
2 o [0} >]< ¢ cluster-averaged|
l L3 //

& @ I L! ///// I =2 //4// V4
°r @16 oeko ®{<® D‘D][@ D‘D% oofe D@’I‘@ ]
2k oote 1 og? - 24.9/4.16 KV
6MVA
_4 l | | | | | | | l | | L L | | L L
Llaa Llbb Llcc Llab Llbc Llca L2aa L2bb L2cc L2ab\ L2bc L2¢a L3aa L3bb L3cc L3ab L3bc L3ca
line and phase ihdices
5 T U T | {% |% T | T T ||X X*”
vV 00%9 pegzo o} ® ® 00%0 pege pekeo — 2
ok o' o ¢ o0 ¢ -
NMSE = &X* X) Ex=—;——
_5 — A —
3_ 0916 0Og0 oe¥o 00%6 p®%y 00%0 | |X| |2
-10+— O exact m 2 4. T -1
¢ raw data = \/—
15 Susceptance o, o ot rawdate ed |- ox (oydiag(H " H) 7))
| | ‘ ‘ | ‘ | ‘ | ‘ | | ¢ cluster-averaged
-20
Llaa leb Llcc Llab lec Llca L2aa L2bb L2cc L2ab L2bc L2ca L3aa L3bb L3cc L3ab L3bc L3ca
line and phase indices
60 1°_|3 R i e R Test-networks Raw-data Cluster-averaging
+ BN | e | LS TLS LS TLS
un o|¥ of1 gpko o0 oPX opxd i bllocb-averagedd CIGRE MV (BT) 0.897 6.137 | 0.016 0.012
2 ¢ cluster-averaged| |
2 olso oz oz olx0 olgo ol CIGRE LV (BT) 0.620 5.877 | 0.002 0.002
0 DOXO DO DO DO DOxO 0O DOXO DOXO 09O DOXO DOXO OO — CIGRE LV (UU) 0.371 4.77 0.033 0.037
-2~ — CIGRE microgrid (BT) | 0.884 6.812 0.044 0.019
_ | \ | | | \ | \ | | \ | | \ ! | \ | \ | | | | | IEEE13 (UU) 0.585 | 2.961 | 0.060 0.056
laa 1lbb 1lcc lab 1bc 1lca 2aa 2bb 2cc 2ab 2bc 2ca 3aa 3bb 3cc 3ab 3bc 3ca 4aa 4bb 4cc 4ab 4bc 4ca IEEE123 (BT) 0.946 | 15.551 | 0.060 0.060

node and phase indices
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Different
noise levels

Performance sensitivity

ITclass | Raw-data | Cluster-averaging Clustering features LS | TLS
LS TLS LS TLS Voltage magnitude 0.036 | 0.024
0.1 0.064 | 0.012 | 0.002 0.002 Different Current magnitude 0.021 | 0.021
. Voltage and current magnitude 0.010 | 0.009
0.2 0.181 | 0.038 | 0.003 0.003 Clusterlng Seatonce volta o~ oc6 043
0.5 | 0.404 | 0.148 | 0.010 |  0.009 q §¢ maghitice : :
1 0548 | 9171 | 0.018 0014 features Sequence current magnitude 0.054 | 0.056
' ' ' ' Sequence voltage and current magnitude | 0.019 | 0.018
Normalized MSE
o.z—“‘Lg i | NN EEE |
—o—TLS
ol Number of
S clusters
s
P4

\_Y_’ 102

\ Number of parameters to estimate (68) is
higher than number of data points (<50).

103
Number of clusters

104
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Estimating State-dependent Parameters

 Estimating Voltage Sensitivity coefficient
* Measurement-based voltage control

olvi| i _ 0| v;] Kg. Ki’; are the sensitivity coefficient for i-th nodal
o dp;j’ U 0q; voltage magnitudes w.r.t. power injections at node j.

IIIIIIIIII

ﬁ:f | WASHINGTON STATE Rahul Gupta | PSERC Seminar | Oct 8" 2025 >



Scheme1: Using Estimated Y to Compute Sensitivities

[ Grid topology ]

'

Nodal voltage and W Cpmpound : Sensitivity coefficients
current phasor Admittance Matrix :
L computation
measurements Estimation

Estimated Admittance have

some uncertainty due to
measurement noise

« A mechanism to propagate the uncertainty from uncertain Y to
sensitivity coefficient.
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Estimating Sensitivity Coefficients from Y

s;=pi—jqi=v; Y Yijv;

JEN
ov,; ov;
=0 ap ,-;m S jgﬂ Yop
ov. ov;
— il = — Yiivi+uv. Y. —1
JYi=1 aqugv ijvj _’,';/y ”5671
z= Hx
x=H 1z

\ g

alv,l 1 av,
= v
opi vl

_la_pl

-

\_

Hyy = vi°Y5 = " V3" — v Vg —
H12= Uém 312m+ U;e 31'2e,
Hyz = vi"™ Y3y + Yo1" 01 + 205" V5 + v3™ Y45 + Va3
Hys = Vém Y3y — Ysizm v3°,

_ . im~yim reysre
Hy1=v37 Y35 + 03 Y3y,

re re re re
Uy  +20p Yoy + U3 Y3y,

e )

V;e,/

__ _reyre imy-im imy-im re rey-re reysre
Hpp =0y Yay — v Yo — 07 Yo — 03" + 0y Yoy +203" Yag,,

_ . imvysre im.,re
Hyz=v3" Y35 — Y35 13

Hog = v{™ Y4f + V4" V] + v§™ Vi3 + Yy  v5° + 205™
Hay = o{ "G+ V{01 203 0 Y Y
Hay = V45" v5° = v Vi
Has = U7V 203"V Y o
Haq = 03" V33" + v3° Y33,
Hyy = V"5 = v ¥,
Hyp = v{"™ Y3 + Ya" v + 05" Vg + Ya3" v5® + 253"
Hyg = vi" V)" + vi° Yy,

_ . imyim imy/im imvy-im reysre re
Haa=v)" Y31 + 0y Yoo +2037 Y337 =01 Ya1 — 1y

re
33>

re
v3°,

re
32>

re
U3°,

re

32

Christakou, K., LeBoudec, J. Y., Paolone, M., & Tomozei, D. C. (2013). Efficient computation of sensitivity coefficients of node
voltages and line currents in unbalanced radial electrical distribution networks. IEEE Transactions on Smart Grid, 4(2), 741-750.

Both Yand v

elements are
uncertain

1 0

0 1
7=

0 O

0 0‘

Three-node
system

example

&
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Uncertainty Propagation from inverse of H

» Matrix H is uncertain, to compute uncertainty on x=H"'z.

[Ux]? ~ [H—l].'% [Uzﬁ + [GH—I]‘?J-[Z]Z-- » [O’x]‘? = [O'H—I]?j [Z]i

ij J
Propagation rules for additive and
cov(Hy,,,, Hyp) = 3 3 HT5 s [onl; (HT, multiplicative expression
] 2 2 2
0(O+®)* = 0g+0g+2000,
cov(H,} H }) = H Y, H ailow)?. H Y ,H
(Hnn:Hap) ;;[ lmiHL larlomly; IR mH g0 0(0x ®)  O°D* (05 /0° + 05/ D* + 2090 /OD)
[e*02 + 2202 + 20202 + (*n20?2  Slo?+inetol +ePot +inlto? |
cov([H 'y, H ;) = € n g ¢ € 8 n &
Example H- |€ {;‘ ((H™ 11, (H ]45) 5631703+CE€20%+€7730§+(§1720§ 62(7703+€(2‘50%+€ff720(‘9§+552770§‘
° ' 63('0%+€n620§+€(30%+6n(20§ 62(203+€2€20§+(4a,27+(2€?-a§'

3 2

cov([H 12, [H™ ;) =
iz, [H g 2(nok +e(Poh +enPos +($Pnot (of+en(?ot + (Pl venstoy

Gupta, R. K. (2023). Quantifying the 0.2 0.2
Uncertainty of Sensitivity Coefficients 2 _ € { - 1
Computed From Uncertain Compound Y H — g2 o2 -1 -1 637703+(€€20%+€n30§+(f7720§ €2(170§+€(2€0%+€ffl20?§+(€2770§
Admittance Matrix and Noisy Grid n & cov([H 21, [H ]ij) =1\ 2:2 2 2.2 2 2.2 92 4 2 3.2 2 2. .32 2 2
Measurements. IEEE Transactions on (€670 TEN 0 +67T) O¢ TNo0s 6 No¢ +e¢ Optel o5+ e o |
Instrumentation and . 1
Measurement, 73, 1-4. -1 -1 62(7]0'3+€(260$’+€9{7}20§+(€2"0§ 53&7727+€77(20'g+(€30§+€77€20§
cov([H "]z, [H ]ij): 2. ¢4 2. 2.2 2

. 631)02+€(€20%+£n30§+e(7}20§ (2520%+(2n20€+g ey

M. Lefebvre, R. Keeler, R. Sobie, and J. White, “Propagation of errors for matrix inversion,” Nuclear Instruments and Methods in Physics
Research Section A: Accelerators, Spectrometers, Detectors and Associated Equipment, vol. 451, no. 2, pp. 520-528, 2000.
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Estlmatlng Sensitivities and Uncertainties from Y

3
@ IL1// ILZ//é// I

24.9/4.16 kV
6MVA

4
sy |
/4

-

\_

Hi1 = 01°Y5) = v{" V31" = 03" V33" — 03¢ + 205 Yy5 + 036V,
Hyp = v3" V33" + v5° Y3y,

H13=v1 Yy, +Y2’1”‘v1’e+2v£’" 2’2e+1/§m 3o + Y”"v’e,
Hyg = Uz "Ygy - Yslzm v;°,

Hpy = v3™ s*izm+U3r 3rze'

Hyp = v]° V3 = v{" V31" = 03" V33" — v3€ + v3° Vg5 +205° Y3y,
H23=U3 Y Y312ml/§e

Hag = VM YJE + YIMule + vEim Y2 + Y vle + 20im v e,
Ha) = vi™Y}), +Y’1'"v{e+2 e 4 M YIS 4 Vi le,
H32— Y32m V£e 112 3’-26

Haz = v{"™ Yp1" + 205" Y3 + vy Yoo — 0] Yy — v3° Yy,
H34=U2 YZ +U2 3’:26,

Hy = Y32m V3¢ — 1;3 ghd

Hyp = Vi™YJF + Vi vl + vi™VE + Y vhe + 2V vle,
H43=v3 £ +v39Y3’29,

Hyg = v Ya1" + 05" V3" + 203" Va3 — 0] Y3 — v5° V5.

)

COV(Hmn’H—1 )= ZZ[H— H]‘?j[H—l]?‘n
’ -1 -1 _ -1, -1y . 2 or-17. pg-1y.
COV(Hmn,Hab)—ZZ[H ImiH ]az[OH]ij[H linH “ljb
i j

i3 T T o 001 03 3 Ty
R(5,,) | RG,) | R(Gp) | SG,) | SG,) | SG,,)
Nominal value 0.0071 0.0152 | 0.0239 | 0.0077 0.0176 0.0288
Variance (Analytical) | 0.0006 | 0.0012 | 0.0018 | 0.0006 | 0.0011 | 0.0016

Gupta, R. K. (2023). Quantifying the Uncertainty of Sensitivity Coefficients Computed From Uncertain Compound
Admittance Matrix and Noisy Grid Measurements. IEEE Transactions on Instrumentation and Measurement, 73, 1-4.
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Monte Carlo Validation

@ |L1// |L2/// L3//

/4 /4 /4
__________________________________ 24.9/4.16 kV
e s 6MVA

Random noise introduced on
voltage magnitude/phase and

: ‘:
! 1
! 1
1
- : (i) 03 a0, av3 i) av;
| admittance matrix | Rap,) | Rigp,) | Rap,) | 3Gp,) | S(gp,) | Slap,)
! | Nominal value 0.0071 | 0.0152 | 0.0239 | 0.0077 | 0.0176 | 0.0288
! | i Variance (Analytical) | 0.0006 | 0.0012 | 0.0018 | 0.0006 | 0.0011 | 0.0016
| -1 ! Nme
| [ Compute H E 10 0.0009 | 0.0016 | 0.0021 | 0.0006 | 0.0012 | 0.0018
| ! ! Variance 100 0.0007 | 0.0013 | 0.0020 | 0.0007 | 0.0013 | 0.0019
| 1! (Monte-Carlo) 1000 0.0007 | 0.0014 | 0.0020 | 0.0007 | 0.0013 | 0.0019
: ‘ Compute x ] 10000 0.0007 | 0.0014 | 0.0020 | 0.0007 | 0.0013 | 0.0019
! 1
| |
! 1
:[ Repeat above steps for N, |
I Analytical propagation is coherent with MC.
[ Compute variance on x ]
Gupta, R. K. (2023). Quantifying the Uncertainty of Sensitivity Coefficients Computed From Uncertain Compound
Admittance Matrix and Noisy Grid Measurements. IEEE Transactions on Instrumentation and Measurement, 73, 1-4.
Stop
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Scheme?2: Using Taylor’'s Approximation

Nodal voltage/current
and power J

= J

First-order Taylors Sensitivity coefficient
approximation estimation

measurements

&
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Sensitivity Estimation (Scheme?2)

= Hypothesis:

« Sensitivity coefficients remain unchanged till next control actuation,

« System is in stead-state and have small dynamics: First-order Taylor’s approximation is

sufficiently accurate, and

« The magnitude error noise of the volt-meter measurements is Gaussian and

Independent and identically distributed (1.1.D)

p
I,
Kq
i,
Ytk htk N— m—
X
Deviations of Deviations of gensitivity
the voltage from the active/  coefficients
previous reactive

timestep POWETS

|—\l"|i.rkl ~ IAPrk A%—l

Gupta, R., Sossan, F., & Paolone, M. (2022). Model-less robust voltage control in active distribution networks
using sensitivity coefficients estimated from measurements. Electric Power Systems Research, 212, 108547.

[=HX+%# # eN(,2),

I' € ]RN — [’Ytl’Ytz < 'fYtN]ll
H c RYV*2Ne — [h, hy, oo by ]t

Objective is to estimate X
using measurements
contained in H matrix.

WASHINGTON STATE Rahul Gupta | PSERC Seminar | Oct 8t 2025
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Recursive Estimation

» Using Least Squares with quadratic regularization term (Ridge regression), 4 is
positive weight to penalize high values

X = min||T' — HX||; + AXTX

¥

X, = (HTH+ \I)"'H'T = (R,, + ADH'T

= LS suffers from multiple problems
- Bad estimation in case of low excitation.
» High bias with high measurement noise.

- Performs poorly with multi-collinear measurements, when power injections at different nodes
are similar.

= With state changing, it might make sense to use most recent estimates
applying recursive methods.

Gupta, R., Sossan, F., & Paolone, M. (2022). Model-less robust voltage control in active distribution networks
using sensitivity coefficients estimated from measurements. Electric Power Systems Research, 212, 108547.

WASHINGTON STATE Rahul Gupta | PSERC Seminar | Oct 8t 2025 >

UNIVERSITY

&




Recursive Least Squares

Offline LS (once
a day)

X4, l Initialization

Online Estimates at 1, 1

RLS

= LS for (Offline) rough estimates Historical data
= Online estimation of sensitivity from previous day
coefficient is proposed using Recursive
Least Squares where LS estimates are
refined using most recent 2t astmatoe ot &
measurements. A forgetting factor u is
used to partially forget previous
estimates.
_ T S
Rtk T luR'tk—l + htk htk e[k = Yrk — hthrk—l
Recursive e§timation th = th_l + Gy, e,
of the covariance
matrix using recent = P he
measurements e — 1+ hfkp(;:_\; hz;
disviouion networks using sensiiy coofidients setimated lom messuremants. £ocric  Pgp” = (I—= G Ry )PL

Power Systems Research, 212, 108547.

at

RLS-F suffers from
windup problem

&
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Recursive Least Squares

Tackling windup problem

» Constant-Trace scheme (RLS-CT): setting an upper-bound on the trace sum of
covariance matrix and adding offset.

« Selective forgetting (RLS-SF): using different forgetting factors for different
eigenvalues of the covariance matrix. The factors are updated iteratively.

 Directional forgetting (RLS-DF): the covariance matrix R is split into orthogonal
parts, first part is propagated whereas second with forgetting factor.

[RLC-CT] Fortescue, T.R., Kershenbaum, L.S. and Ydstie, B.E., 1981. Implementation of self-tuning
regulators with variable forgetting factors. Automatica, 17(6), pp.831-835.

[RLS-SF] Parkum, J.E., Poulsen, N.K. and Holst, J., 1992. Recursive forgetting
algorithms. International Journal of Control, 55(1), pp.109-128.

[RLS-DF] Cao, L. and Schwartz, H.M., 1999, June. A novel recursive algorithm for directional forgetting.
In Proceedings of the 1999 American Control Conference (Cat. No. 99CH36251) (Vol. 2, pp. 1334-1338). IEEE.
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Simulation Setup

@ I L1 L2 I L3 I
24.9/4.16 kV
6MVA —l | |

|[xtrue —X||,
|[Xtrue||,

RMSEX) =

1 I
PICP= — Z btk
T =t

1 RP. —-AKP? <RP <KP +AKP
btk — 1], 1],k 1],k 1]t 1],k

0 otherwise.

1 A
PINAW = Y (2AKP ).
1 , , , , , , S . T(K] o) =t
098 pouf bt CWC = PINAW(1 + 7 (PICP) e~ (PICP=CD)
o6

: —node 2

~node? _ )0, PICP=CI
0.94 - de 4 -

—Qgc; node | [ | | | W 1, otherwise

5 10 15 20 25 30 35 40 45
Hours

£
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Estlmatlon Results (K 3)

QoO. 01 Q0.99
—estimated

Q0.01 - Q0.99 |
—estimated

LS fails in reliably estlmatlng the coefficients.
RLS-F have very high variance (windup
problem).

RLS-CT does not have good coverage.
RLS-SF and RLS-DF shows similar

—true,

Hours
T

40

45

e e U e NP S s G AU~ e U AR
—— —

T
Q0.01 - Q0.99
—estimated
—true

3 of LY W\/\v—\l

1

1

-2 | I L
25 30 35

Hours

40

45

performances.
2 T T T T T
1L i
N
a 0 ~ o e T —
. Q0.01 - Q0.99 |
RLS-SF — estimated
—true
) I I I I !
25 30 35 40 45
Hours
2 T T T T
Q0.01 - Q0.99
N —estimated |
1 —true
o 0F ol
-2 | 1 | | |
25 30 35 40 45
Hours

Gupta, R., Sossan, F., & Paolone, M. (2022). Model-less robust voltage control in active distribution networks
using sensitivity coefficients estimated from measurements. Electric Power Systems Research, 212, 108547.
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Performance with Different IT Class

* Measurement noise added

from measuring instruments of

different IT classes.

2,3

2,3

IT class | Voltage transformers [120] | Current transformers [119]
mag. error | phaseerror | mag. error | phase error
(™) [%] o”? [rad.] (™) [%] o? [rad.]
0.1 0.1 1.5e-3 0.1 1.5e-3
0.2 0.2 3e-3 0.2 3e-3
0.5 0.5 6e-3 0.5 9e-3
1 1 12e-3 1 18e-3
IT 0.2 IT 0.5 IT1.0
Method | RMSE | PICP-PINAW-CWC || RMSE | PICP-PINAW-CWC || RMSE | PICP-PINAW-CWC
LS 0.97 0.93-4.21-7.81 2.58 0.93-9.73-18.04 8.78 0.69-17.07-28.19
RLS-F 0.31 0.99-5.08-5.08 1.03 0.99-7.49-7.49 1.98 1-13.71-13.71
RLS-CT 1.11 0.89-4.45-8.11 2.1 0.89-11.23-20.41 5.61 0.85-20.1-35.83
RLS-SF 0.2 0.99-2.39-2.39 0.69 0.99-5.74-5.74 1.55 1-10.78-10.78
RLS-DF 0.12 0.99-0.94-0.94 0.37 0.99-2.25-2.25 0.46 1-3.16-3.16
IT 0.2 IT 0.5 IT 1.0
Method | RMSE | PICP-PINAW-CWC || RMSE | PICP-PINAW-CWC || RMSE | PICP-PINAW-CWC
LS 0.78 0.99-4.97-4.97 1.05 1-8.49-8.49 1.93 0.99-10.76-10.76
RLS-F 0.29 0.99-3.23-3.23 0.46 0.99-4.69-4.69 0.98 0.99-8.32-8.32
RLS-CT 0.29 0.93-1.74-3.22 0.44 0.95-4.39-4.39 1.4 0.85-7.87-14.06
RLS-SF 0.15 0.98-1-1 0.24 0.99-2.4-2.4 0.61 0.99-4.52-4.52
RLS-DF 0.16 0.97-0.41-0.41 0.17 0.99-0.95-0.95 0.37 0.95-1.31-1.31

Gupta, R., Sossan, F., & Paolone, M. (2022). Model-less robust voltage control in active distribution networks
using sensitivity coefficients estimated from measurements. Electric Power Systems Research, 212, 108547.
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Scheme 1 vs. Scheme 2

Grid topology

Y
-
Nodal voltage and ) Compound Sensitivi - Nodal voltage/current First-order Taylors Sensitivity coefficient
. ' ensitivity coefficients and power o o
current phasor Admittance Matrix tati approximation estimation
measurements J L Estimation computation measurements
J
4

Noise level RMSE  PICP-PINAW-CWC Noise level RMSE  PICP-PINAW-CWC

J

Y

FEE A IT0.5 0.03  1-0.29-0.29 [T 02 Uz 1-1.85-1.85

IT1.0 0.06  1-0.59-0.59 1.0 0.37 1-2.62-2.62
Modified
'E'tEE4 ) Noise level RMSE PICP-PINAW-CWC Noise level RMSE PICP-PINAW-CWC
networkK —
lines length | 1T 0.5 0.02 1-9.3-9.3 ITO.5 0.31 1-2.54-2.54
increased IT1.0 0.05 1-19.25-19.25 IT1.0 0.98 1-3.46-3.46
by a factor
of 6.

WASHINGTON STATE Rahul Gupta | PSERC Seminar | Oct 8t 2025 v
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Incorporating Uncertainty into Decision Making

Scheme 1

Grid topology ]

!

Nodal voltage and
current phasor
measurements

Compound e .
Admittance Matrix Sensitivity iof_fflments
Estimation computation

Scheme 2

Nodal voltage/current
and power
measurements

First-order Taylors Sensitivity coefficient
approximation estimation

] -

Uncertain
model subject
to the noise on
measurements

Parameter
uncertainty-
aware decision
making

&
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Measurement-based Control on “Invisible™ or Partially
known Distribution System

Consider a distribution network whose network parameters are not accurately known.

Objective: to develop a measurement-based and real-time framework for
controlling distributed energy resources in distribution systems (e.g., for voltage
control). Experimentally validate on a real operational network.

. | N Voltage
Control

A
|
|
|
|

IIIIIIIIII
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Parameter-uncertainty aware Voltage Control

» This work proposed model-less and measurement-based robust control scheme
accounting for the uncertainty of the estimated models.

Uncertainty from Uncertainty of the estimation models

measurement-based can affect control performance
Parameter Estimation (Infeasible decisions)

[Measurements (1-sec resolution)]

sonsitviy cooficient Real-time robust
y voltage control

with uncertainties

Stage 1: Estimation Stage 2: Control

_________________________________________________________

WASHINGTON STATE Rahul Gupta | PSERC Seminar | Oct 8t 2025
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Voltage Control Example

« Consider a case of distribution system facing overvoltage issues due to

overproduction from their PV plants

PV curtailments

min . wP wq max
v < |Ul»tk-1|+Ki,tk_1Aptk"'Ki,tk_lAqfk <v

e
Grid constraints

PV constraints

Interval

P - RP PRP p
Ki,tk € [Ki,tk - AK" Ki,tk + AKi,tk]

ity’
S S . » Intractable
constraints | K/ e[K? —-AK? ,K! +AK! ]
1,1 LI 1,1 I, 1,
Gupta, R., Sossan, F., & Paolone, M. (2022). Model-less robust voltage control in active distribution networks
using sensitivity coefficients estimated from measurements. Electric Power Systems Research, 212, 108547.
43
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Robust Control Formulation

Introduce auxiliary variables z;, g, y;,y;, j € N°, i € NPV [Bertsimas et. al 2004],
nodal voltage constraint can be re-written as:

) 1744 w4 . . max \y :
Ivl,l'k_l |+Ki,tk_1Aptk +Ki,tk_1Aqtk + 'Zlgl + Z gl_] S vV Vl € o_/V

JENpy

P waq min o
Ivi,tk_ll'l'Ki’tk_lAptk +Ki,tk_1Aqtk — ZiGi— Z 8ij =V VieN

D. Bertsimas and M. Sim, “The price of robustness,”
Operations research, vol. 52, no. 1, pp. 35-53, 2004.

—vP<Ap? <P
] p]»tk y]
pv q
—vIi<Aqg. <y
] qJ»tk y]

. .. P p
Zi+8ij= AKij'tkyj

. . q P
Zi+8ij= AKij’tkyj

yf,y;’,zi,gijZO

* This becomes a simple linear program (LP).

J€Npv
Vj€E Ny
Vj€E My
€N, ]E Ny
€N, ]E Ny
€N, ]E Ny.

Gupta, R., Sossan, F., & Paolone, M. (2022). Model-less robust voltage control in
active distribution networks using sensitivity coefficients estimated from
measurements. Electric Power Systems Research, 212, 108547.
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Performance Comparison: Simulation

_—\/oltage violations

1.05

pu

*

» *
® A *

0.95

1.05

pu

0.95

* %

I I I T I T T I
B model-based MRLS-SF [JRLS-DF - - limits

S Non-robust SN ,

3

= % *
#9499 segllﬂllamwﬂﬂﬂmm

® R R
% %
HRRORXX Rx Giwx xkx

T T T T

* ox

B03 Bo1
B02
L02 L01
L1 44 A 207TA ®+ @
s .
[ s =1 os: P L05 B06
5 A 108A 82A

L03
V102

* H

xR

PR3

*

T T 1 T T

EEORRA %an RRH R K

)L” *x . II
X XK

qaa;;ééignﬂnamﬂﬂﬂﬂ"am

.

* K

9 10 11 12 13
node

14

15

S orovust | Robust

Model-based
RLS-DF

1.05

1.031

1.034

=S
i -l = | >
B09 S8
: B07
——— : = L08 '
PVR1
~ [ 207A i
-  Gesscscccsnsccccccsed a
___________ gl>
B11
R B10 L A i
'IE IIE IIE B13 “wne T o=
% y E ‘\' E
1 1 1 : - B ki
16 17 18 g — /] a“ L12 @@
82A B12
10S @ PMU Locations
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Gupta, R., Sossan, F., & Paolone, M. (2022). Model-less robust voltage control in active distribution networks
using sensitivity coefficients estimated from measurements. Electric Power Systems Research, 212, 108547.
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Experimental Setup: Microgrid at EPFL, Switzerland

= A Ctu a t e th e t wo [ Start experiments at 00.00 J

PV inverters at !
each 30s

Retrieve measurements of the grid for the previous day

}

[ Offline estimation of the sensitiv-

ity coefficients using Least-squares

!

Start of the real-time operation at 00.00.30

l

Read raw grid measurements of last 5-minutes
17
Online estimation of sensitivity coeffi-

cients using the Recursive Least Squares

v

Update short-term MPP forecast of PV potential

[ W— A S S — O —

— —

@ PMU Locations k=k+l
@ AGENTS Locations
~ (W Breaker Locations \
Solve the robust voltage control problem J

|

[ Send power setpoints to the PV inverters )

L
P
Pmax = l s =
—[ Wait for the next actuation time )

oy, o 0 o | fw inf .. 0. ( Stop experiments at 23.59.30 ]
ax %ﬂ = >\ ; G ) .

)
~

PV1: can
operate only in 2
quadrants.

PV2: On|"y active Gupta, R., & Paolone, M. (2023, June). Experimental validation of model-less robust
,gx T voltage control using measurement-based estimated voltage sensitivity coefficients.
SEESE power is controllable.  in 2023 IEEE Belgrade PowerTech (pp. 1-8). IEEE.
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Experimental Validation: Microgrid at
EPFL, Switzerland

Experimental results:

Day without Control

Nodal voltage (measured) causing voltage > 240V

<

245

240
vy

, " M _
gl W Mmoo, (TP

235

230

— V_BO1 — V_B03 — V_BOS - V_BO9 V_B11 V_B12 V_B14

Nodal power (measured)
15K

10K
s . R Y i =
0

-5K
07/18 00:00 07/1804:00 07/1808:00 07/1812:00 07/1816:00 07/1820:00 07/1900:00 07/1904:00 07/1908:00 07/1912:00 07/1916:00 07/19 20:00

— P_B09 — P_B11

Gupta, R., & Paolone, M. (2023, June). Experimental validation of model-less robust voltage control using measurement-based estimated voltage sensitivity
coefficients. In 2023 IEEE Belgrade PowerTech (pp. 1-8). IEEE.
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Measurement-based Control on “Invisible™ or Partially
known Distribution System

Consider a distribution network whose network parameters are not accurately known.

Objective: to develop a measurement-based and real-time framework for
controlling distributed energy resources in distribution systems (e.g., for voltage
control). Experimentally validate on a real operational network.

f : State
| estimation
|

IIIIIIIIII
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State Estimation under Low Observability

 Assumptions —
* The topology of the network is known.
« Smart meters installed at all nodes with non-zero power injections.

 Subset of measurements can be accessed due to limited communication
bandwidth.

- Dynamically varying measurement set.
* Normally distributed random variables.

oo

Inaccessible smart meters (due to
communication limits)

TTTTT qI/VERSITY f Geor ia
O viscosn G Geors

Tech.
a ‘ Accessible smart meter measurements

Rangarajan, A., Gupta, R. K., Molzahn, D. K., & Roald, L. (2025). Forecast-aided state estimation in unbalanced distribution
networks using smart meter data under limited communication bandwidth. Sustainable Energy, Grids and Networks, 101863.
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Forecasting-aided State Estimation

VAR based Forecasting State Estimation Estimated
Historical Recursive Power Linearized Linear least voltage,

. T State > power
power parameter » injection *» Power flow [r5recas2l squares >  PUY
injection data update forecast model estimation '”JeC;“O”S’
A A 4 A e C.

|
Network Real-time
parameters measurements

Key Idea: Perform state estimation by utilizing power
injection forecasts from unobserved nodes to supplement
real-time measurements from a small set of observed nodes

Rangarajan, A., Gupta, R. K., Molzahn, D. K., & Roald, L. (2025). Forecast-aided state estimation in unbalanced distribution
networks using smart meter data under limited communication bandwidth. Sustainable Energy, Grids and Networks, 101863.
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Power Injection Forecasting

VAR based Forecasting

Historical Recursive Power
power » parameter » injection —
injection data update forecast

A A

Rangarajan, A., Gupta, R. K., Molzahn, D. K., & Roald, L. (2025). Forecast-aided state estimation in unbalanced distribution
networks using smart meter data under limited communication bandwidth. Sustainable Energy, Grids and Networks, 101863.
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Forecast model training: Power Injection

Nodal Power Injections are modelled using the Vector

VAR based Forecasting

Auto Regressive (VAR) model Ep—— Power
parameter injection
: update forecast

Recursive Least Squares (RLS) i

B, =B, 1 + K ((S)"—(S;-1)7T Bi—1)

where K; is obtained by solving
min || B — B||%

L

Initial parameter estimates obtained
during an offline training phase

Observed nodes M;

Stm =Sem VM E M; Inaccessible smart meters (due to

communication limits)
Unobserved nodes: persistence model

(quasi-steady state power injections) ’ Accessible smart meter measurements
Stm = St—1,m VM & M;
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State Estimation Model

State Estimation Estimated
Historical Linearized Linear least voltage,
power — — » Power flow forset:;;g squares » power
injection data model estimation injections, etc.
Network Real-time
parameters measurements

Rangarajan, A., Gupta, R. K., Molzahn, D. K., & Roald, L. (2025). Forecast-aided state estimation in unbalanced distribution
networks using smart meter data under limited communication bandwidth. Sustainable Energy, Grids and Networks, 101863.
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Forecasting system states State Estimation
Linearized Linear least
& measuremen tS Power flow > squares
model estimation
Power injection Voltage
forecasts Lin3DistFlow magnitudes and
S ~ N(ug, ) approximation angl(;i E‘)r;uc)asts

« Measurement Forecasts
Voo =Yoo+ 1
ygn ~ N(.uo»zo + Qo)

« Computed means (u, & u,,) and covariances (Z,,Z,,&X,,,) are used as priors to
perform state estimation

M. D. Sankur, R. Dobbe, A. v. Meier, E. M. Stewart, and D. B. Arnold, “Optimal voltage phasor regulation for switching actions in unbalanced distribution systems,” in IEEE Power &
Energy Society General Meeting (PESGM), 2020.
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Linear least squares estimation

* (Goal: Minimize the expectation of the squared error
: ~ 2
min & (|15, — wul?)
where 3, = g™ Is the state estimate obtained using
measurements

« (Gaussian Random variables = Linear State Estimator y,, = Gy)*

Vo = E(yul:%n) = Uy T 2:uo(zo + Qo)_l(ygn - :uo)

Rangarajan, A., Gupta, R. K., Molzahn, D. K., & Roald, L. (2025). Forecast-aided state estimation in unbalanced distribution
networks using smart meter data under limited communication bandwidth. Sustainable Energy, Grids and Networks, 101863.
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Case Study — Base case
* |IEEE 123 bus feeder

» Load profiles for an entire day from a 6-feeder
distribution network in Portland, OR [3]

» Load profiles represent a small geographic region
with low renewable generation
h | "‘ Phase 1 -—0'55
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Thesis, University of Wisconsin—Madison, 2023.
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Case Study — Low Correlation

« Small geographical region = Highly
correlated power consumption oy e e Sl
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u | | u u
— VAR based Forecasting State Estimation
Hi Recursive Power Linearized i I
> parameter injection Power flow
i update forecast imati

lllllllllll

Recursive least squares accurate even with 10% measured
nodes and with access to limited historical data
— 0.1 :
Mean Root Mean 3 "."\T,C\’,e(zoo {me steps)
Absolute Square Error @ 00051 | RS 100% (200 time steps)
Error [pu] [pu] % ol * RLS 10% (200 time steps) .e L
Yule-Walker 1.40x1073 2.14x1073 € *
Recursive Least 6.74%x107* 4,45x10™4 % 0.005r I
Squares (100% & ol S
measurements) %
Recursive Least 7.01x10* 4.47x10™4 § -0.0151
Squares (10% ‘g _
measurements) o 002
o .’
“ 0.025=

-0.025 -0.02 -0.015 -0.01 -0.005 0 0.005

. ) ) ) True active power injections [p.u.]
Table 1: Forecasting accuracy with differing access to measurements

(Yule-Walker method serves as a benchmark)
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u u VAR based Forecasting State Estimation
Historical Recursive Power Linearized Linear least
— ower ——p| parameter | — injection Power flow _S@_, squares H—
P update forecast model forecasts| estimation

injection data

Estimated
voltage, power
injections, etc.

T f
NEt\L’Ufk Reall-time
1 W Phase 199.7% Cl  Phase 299.7% Cl Phase 3 99.7% Cl 1}-Phase199.7% Cl Phase299.7% Cl Phase 3 99.7% CI
P —Phase 1, SE —Phase 2, SE —Phase 3, SE c —Phase 1, SE —Phase 2, SE —Phase 3, SE
= —Phase 1, True Phase 2, True Phase 3, True =3 ——Phase 1, True Phase 2, True Phase 3, True
20995 6.0.99§
= =
2098f = 0.98f
- )
© (1]
=097t =097t
5096} S 0.96}
> >
0.95 : ' 0.95 : ‘
0 500 1000 1500 0 500 1000 1500
Time Steps Time Steps
(d) BC: 10% measurements (e) PV: 10% measurements
Mean Root Mean Th d sch el
Absolute Square Error (_9 proposed scheme acgura ely
Error [p.u] | [p.u.] estimates system states with
_ _ measurements from only 10% of nodes
Base case (BC) 420x10™4 5.50x10~4 y 10%
50% Renewables 3.88x10~*% 5.14x10~%
case (PV)

Table: Voltage estimation errors in different scenarios
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Results — Impact of number of measurements

Performance improves with more measurements.

-4 -4
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% of Sampled measurements % of Sampled measurements during state estimation

Performance is more sensitive to the
measurements accessed during the
Rangarajan, A., Gupta, R. K., Molzahn, D. K., & Roald, L. (2025). Forecast-aided state estimation in real_time state estimation Stage-

unbalanced distribution networks using smart meter data under limited communication
bandwidth. Sustainable Energy, Grids and Networks, 101863.
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Summary

* We developed a measurement-based and real-time framework for controlling
distributed energy resources in distribution systems (e.g. for voltage control).

« Experimentally validated on a real operational network.
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State
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Thank You for Attending!

Learning Power Flow Models
Review paper on Power System and Constraints From
, . _ Time-Synchronized
Estimation Techniques: Measurements:

A Review

This article presents a comprehensive review of measurement-based estimation methods
for power flow models using time-synchronized measurements.

By RAHUL K. GUPTA, Member IEEE, PAOLO ATTILIO PEGORARO , Senior Member IEEE,
Ra h u I G u pta ) P h D OGNJEN STANOJEV, Student Member IEEE, AL1 ABUR ", Life Fellow IEEE,
H CARLO MUSCAS ', Senior Member IEEE, GABRIELA HUG",
ASSISta nt PrOfessor, AND MARTO PAOTLONE  Fellow TEFFE

EECS, Washington State University

E-mail: rahul.K.gupta@wsu.edu
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Group: https://rahul-kgupta.github.io

Time for Q&A!
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