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Problem Statement Problem statement

New operational challenges in distribution networks Scientific positioning

@ Rapid growth of EVs:

a Digital Twin e State Estimation ° Flexibility Management System
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- Bidirectional power flows

- More dynamic grid behavior
- Forecastable, but uncertain

:
This Thesis Key added value

-:(@‘/:I Improved observability

S

(- \"| Voltage & current estimation
Digital Twin-based Data-driven state  Grid-aware EV charging Real-time validation A J\"; &

ing management / ‘;\N N ined EV charei
! |Network-constraine chargin,
® Impacts on the electrical networks: (%) Low-voltage distribution (/) Scalable & data- (/) Robust & interpretable (¥) Real-world deployable = e
. b networks efficient o .
- Voltage variations along the distribution network (S Rel-time implementation
- Thermal constraints on cables and lines @ An integrated framework that combines Digital Twin monitoring, data-driven state estimation and grid-aware EV charging management for

reliable and real-time operation of LV distribution networks
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From operational challenges to research needs Objectives and Contributions
G
ol
&a

& Key Issues: | Network observability
2. Lack of real-time voltage and current information L& Data-driven estimation
(‘?\ How can data-driven models complement physics-based estimation to reconstruct unmeasured voltage and current

1. Limited observability in low-voltage distribution networks How can voltage and current states be estimated in low-voltage distribution networks using limited available
3. High EV charging demand during peak hours states from limited measurements?

measurements?
\ Smart EV charging

How can EV charging be optimized by balancing peak reduction and user charging requirements?
Grid-aware constraints

How can voltage and current limits be included in the charging optimization to ensure safe network operation?
Integrated real-time validation

Q How can the complete monitoring and flexibility management framework be implemented and validated in real time?

S Proposed research direction: Monitoring and Flexibility Management System
=" 1. State estimation from limited measurements
2. Real-time Digital Twin monitoring

3. Grid-aware EV charging management

@A Monitoring and Flexibility Management System is needed to ensure efficient, and voltage-safe operation of future distribution networks
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o Part 1: Digital Twin-Based Monitoring for Low-Voltage Distribution Networks

Part 1: Digital Twi
Overview of the proposed methodology
Study case:

0 Physics-Based Linear State Estimation
Q Data-Driven State Estimation Methods

Q Real-time Implementation of the Monitoring System

o Part 2: Flexibility Management System for Smart EV Charging

Q Optimization Framework for Flexible and Grid-Aware EV Charging

Q Multi-objective optimization including load hosting capacity

@ Real-Time Flexibility Management System

o Conclusion

n-Based Monitoring for Low-Voltage Distribution Networks

@© Online & Real-time Implementation
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Part 1: Digital Twin-Based Monitoring for Low-Voltage Distribution Networks
Overview of the proposed methodology

@  Offline development

(1) Study case

e [:f =5 2. CANN-based estimation
itiemietoritd
. Qﬁ} 2. Training and comparison of T
* Radial low-voltage feeder ] estimation methods »
3. OPAL-RT / SPHEREA

platform

* Not all buses are equipped with sensors l

*  Network parameters are not fully known

@] 4. SCADA

Problem:  Limited  observability  and
incomplete knowledge

Objective:
Estimate the unmeasured voltages and line currents needed for the Flexibility Management System (FMS)

1.1 Physics-Based Linear State Estimation (PLSE) _

Design of the PLSE architecture

Red color: non-measured guantity

Green color: measured quantity

Blue color: estimated quantity :
« PLSE architecture is derived from the network topology @ .m ., lﬂ . @l‘ .. l‘j
*  The network is divided into electrical cells between % @ @ Q
neighboring voltage buses « Current I,3 is estimated with

h EsmE & Anne
H D D

* Radial low-voltage feeder
& :Paremeasured quantity
v i measured quantity

* Residential loads and EV charging station + Lestlnabid geinity

* Limited available measurements

* Unmeasured Voltages and currents to be
estimated

Problem: Limited observability and incomplete knowledge

Objective:
Estimate the unmeasured voltages and line currents needed for the Flexibility Management System (FMS)

Each cell is modelled with local voltage and current
relations

Estimated variables are propagated from one cell to
the next, following physical causality to estimate
other variables

State 2 is obtained from its local estimation cell

sensed voltages:

T,4(s) = (92(9)=75(s))

Ra3+Ly3s



1.1 Physics-Based Linear State Estimation (PLSE) _

Design of the PLSE architecture

Red color: non-measured quantity
Green color: measured guantity

Blue color: estimated quantity

« Estimated variables are propagated from one cell to
the next, following physical causality to estimate
other variables

 State 3 is obtained from its local estimation cell

« State 4 is then estimated using the output of State 3

* State 5 is then estimated using the output of State 3

1.1 Physics-Based Linear State Estimation for Distribution Network Monitoring

Results of the PLSE
Cascade organization of estimation equations:
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«  Current I,5 is estimated with .
sensed voltages:

(2(9)-0:(s))
Rya+Lazs

Current i'3, can be also estimated
with voltages:

(S) _ (03(9)-P4(s)

f23(5) = Raqtlaas

*  Current I34(5s) is estimated with
sensed current and the previous
estimation:

134(8) = 155(s) — i5(s)

1
Bag+ Lyys

I estimation

* The voltage ¥, is estimated to decrease the estimation error of the current ,
T4(s) = Ga X (1'34(5) — T34(5))

 In this case the inductance and resistance are
considered known

* Alinear system is suggested

* Butin real-world the system is not linear

= Memrement of V4
™ o Eimlnd ol V4
£ A
T
\ | \ 3. 1 |
\ | | | l". | <=« The estimation is good and the
error is quite small (less than 2%)

LU} 113 LY L2 Ll 06
Time {s)

1.1 Physics-Based Linear State Estimation for Distribution Network Monitoring

PLSE

* Nonlinear scenario: distribution network with parameter variation

* Nonlinear effects are considered through saturation of the line impedance

¢ Inreal network, most of time the characteristics of cable are not known

The system is nonlinear one

« This result motivates the need for better estimation algorithm that deals with those obstacles

o Problem Statement

o Part 1: Digital Twin-Based Monitoring for Low-Voltage Distribution Networks

@ Physics-Based Linear State Estimation
Q Data-Driven State Estimation Methods

Q Real-time Implementation of the Monitoring System

o Part 2: Flexibility Management System for Smart EV Charging
Q Optimization Framework for Flexible and Grid-Aware EV Charging
@ Multi-objective optimization including load hosting capacity

@ Real-Time Flexibility Management System

o Conclusion

The estimation does not

accurately  follow
saturation behavior

the

- § i



1.2 Data-Driven State Estimation Methods 1.2 Data-Driven State Estimation Methods m

From physics-based insight to learning-based methods Cascaded Artificial Neural Network (CANN)

«  Data-driven state estimation learns the mapping between available measurements and unmeasured voltage/current states directly from data CANN architecture -
o
i—rl-l

—@— %%ﬁ—,"{%,

Available Dataset Learning Estimated o ) LT S RN SN
measurements model currents & Augmented CANN architecture
voltages »  More measured electrical quantities are available in the network

* These quantities are added as additional inputs to enrich the information provided to each ANN

* An augmented CANN architecture is then obtained

Objective: reconstruct unmeasured voltages and currents from limited measurements, while handling nonlinear network behavior

/ 1. Learning the relationship between sparse 2. Able to deal with nonlinear behavior
measurements and unmeasured electrical states

1.2 Data-Driven State Estimation Methods 1.2 Data-Driven State Estimation Methods

Cascaded Artificial Neural Network (CANN) Cascaded Artificial Neural Network (CANN)
CANN * The CANN is composed of several ANN blocks connected in cascade
¢ Use the same methodology of cascaded and equation using in the PLSE * Each ANN estimates local electrical quantities for one network section
“ method . .‘..‘.....‘.......v...;............‘.‘..;_,.L-
" = * The outputs of one ANN are used as inputs for the next ANN > CANN is developed in Python using TensorFlow
La physique ne nous donne pas — i =
seulement I’occasion de e Hidden layer 1
X ) ilh
résoudre les problémes, Elle , ) L 'I_"‘ Number of hidden neurons 4
nous aide a en trouver les I.yom linear baselnv\e to /.-u- Rectified Linear Unit (Relu)
moyens. nonlinear cascaded estimator H [0 Adaptive Moment Estimation (ADAM)
FOTE T Early stopping

—Henri Poincaré

* The structure of the ANN:

[2] H. Poincaré, Science et méthode. Paris, France: Emest Flammarion, 1908 * This methodology give the following CANN architecture . . . .. .
(~) Simple architecture with fast training and inference

« Estimation equations define the inputs of each ANN

FEF

~ Able to capture nonlinear relationships between measurements and electrical

« The CANN is built as a cascade of elementary ANN blocks at
states

Fi

* Each ANN estimates one local electrical quantity
* The output of one ANN is used by the next ANN

* The architecture follows the physical causality of the feeder

« Each estimated variable keeps a physical meaning

As CANN belongs to the neural network family, it is compared with other data-driven architectures: RNN, LSTM, and GNN
[@ Goal: Learn the relationship between sparse measurements and unmeasured electrical states while handling nonlinear behavior ]




1.2 Data-Driven State Estimation Methods

Graph Neural Network: GNN

« The feeder topology is encoded as a graph: buses are nodes, lines are edges, and the adjacency matrix describes their electrical

connections.

LR

» Buses = nodes
» Lines = edges

« The GNN uses graph convolution layers to learn from both measurements and network topology

Node feature 2 graph convolution layers

RMS Vand| 16

Dense layer

[E]—D{H[ﬁ e 5

Estimated States

G m— [}

Vi, Va, Iz, Ipz, L34, Is

* The main architecture and training parameters of the developed GNN estimator are summarized below
[Parameter __ [Description ________________________|

5 features per node
EED]I_ 2 graph convolution layers

32 and 16 (tanh activation)

Vi, Va, Lz, I3, 134, @Nd Iys

Early stopping on validation loss
[T Adam

Mean Squared error (MSE)

1.2 Data-Driven State Estimation Methods

Recurrent Neural Network (RNN) and Long Short-term Memory (LSTM)

* RNN and LSTM are used to exploit temporal dependencies in voltage and current measurements

RNN
( t—1 ¢ . t+1 N
(& &0
(. Txt-l . T Xt Txt+1 )

g - Txt_l. Txt . Txt+1 J

« The main architecture and training settings of the RNN/LSTM estimators are summarized below

Characteristics Description for RNN and LSTM
Model architecture Sequential (linear stack of layers)
Lo1, Yo, Va,12,V3, 13, Vs, I, Ve, I
Qutputs (targets Vi, Vi, L1z, I3, 134, and Iyg
Activation function Relu (Rectified Linear Unit)

Number of hidden law ers 3
[OUEa8 . short for Root Mean Square propagation (Rmsprop)

7 TR Ealy Siopping Process

» RNN captures short-
term dependencies

» LSTM uses memory
cells and gates to learn
longer-term behavior

1.2 Data-Driven State Estimation Methods m

Comparison and Selection of the Best Estimation Method

*  Tested multiple algorithms for response time, accuracy, and robustness
¢ Results with training database (learning process)

o Erron(%) = erue=Xeestl 100
Xtrue

* To ensure a fair comparison, the same training and testing datasets are used for all studied algorithms

* The objective is to compare them and choose the most appropriate for the estimation process

Type of algorithm Number of Average relative Average relative Training time on the [
iterations error of voltage (%) | error of current (%) | learning dataset (s)
CANN 78 <1% < 6% 61.243 Enu
s ||
GNN 183 < 1% > 20% 177.066 “iin |
RNN 125 < 1% > 10% 101.029
LST™M 142 < 1% > 10% 154.424
W= -, CANN was the best choice due to fast response and high accuracy in current estimation.

P i
[

1.2 Data-Driven State Estimation Methods m

Obtained results with the testing database
* Results from the CANN:

v |

—— W1 Estemato

—— ] True
2221
o 5 10 15 20 2
Time (h}
10! » The error is acceptable
Zos
=
.% 0.6
o
)
204
[
Moo
g0z
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Violtage (V)

223 — 1 Estimated

* Results from the GNN:
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Time th)
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Time (h}



1.2 Data-Driven State Estimation Methods m
Obtained results with the testing database g

* Results from the CANN:

= 117 Estimated

|12 True
5001

Current (&)

200}

10 15
Time th)

20 25

Percentage Error (%)
L5 £ L]

=
=

5 10 15 20
Time (h}

» The error is acceptable
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1.2 Data-Driven State Estimation Methods
Obtained results with the testing database

« Results from the RNN:

223 —— VI Estimated

222 E

5 10 15 20 5
Time (h}

fad o
L g L4

Percentage Error (%)
£=3
(Y]

[
L

L ! ! J
10 15 20 25
Time (h)
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» The error is acceptable

1.2 Data-Driven State Estimation Methods
Obtained results with the testing database
* Results from the RNN:

¢ Results from the LSTM:

iy |

¢ Results from the GNN:
a0 F

—— 112 Estimated

—— 113 Estimargd

= |17 Estimated
—— 112 Ttue. 500/ |12 True so0 |12 True
500/ Lo 1
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e @l R
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25| %12_5! > The error is unacceptable 5
o
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§1s 773 |
£ § 5ol g
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» The error is unacceptable

* Results from the LSTM:

o Problem Statement
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228
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=
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2231 — V1 Estimated
— V1 True
@2y 5 ) 15 35 Q Real-time Implementation of the Monitoring System
Time ih)
EM' o Part 2: Flexibility Management System for Smart EV Charging
§0.3
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0.2
go.x @ Multi-objective optimization including load hosting capacity
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1.3 Real-time Implementation of the Monitoring System m

Real-time Implementation
Model of the distribution network

(D . e e .
Distribution Network: CANN Estimation: . . "
] - 6 buses - 10 inputs Distribution network

- 6 unmeasured - 6 outputs

electrical variables

MATLAB
SIMULINK®

!

OPAL-RT

TECHNOLOBIES

%@m O
m&:mnonﬂ _ SPHEREA

l '\MQTT l

15:34:41

1.3 Real-time Implementation of the Monitoring System m 1.3 Real-time Implementation of the Monitoring System
Methodology Real-time implementation results
*  Offline Training: Determine weights and biases for CANN *  Objective: validate that the CANN estimator can provide real-time voltage and current states required by the Flexibility Management System
. . . . . Current I, . Current I3 Voltage V
Real-Time Deployment: Implement CANN in a real-time system T S iz — Ve [ * _,__ | Main observation:

A  Evinated ek 12
S . . .
N * Voltage estimation is

* Tools Used: Opal RT and Spherea (2 calculators)
more accurate than

Real-time Simulator : t '-\\rﬁ:a— £ current estimation
| - Y=t == . d & L = il 5
At i o J9EALET : I
+ Pg L .
' ' vl Ve vl I. ' l ; w 1L o — ¢ Current e§t_1matlon is
3 ; ZRS O PR | MATLAB — ke R more sensitive to load
ol = SIMULINK® e " - L . variations and EV
@ Percentage error Percentage error hari
| g e charging events

rl 1 iy * More available inputs
J\! \ improve CANN

’ﬂ| ||r LJ 1 |-
J fl
Vl v IJ.;'-;” S |‘\| I accuracy. I3 (more
| U inputs) shows lower
| : ) sh 1
f M g error than I, (fewer

* 10 measured variables k [ I ! v "N
—— SMarT H S R KAV : ] :
| 6 estimated variables ] I | | | : | ; - inputs)

Real-time code processor

U-TEST®

A
L
> CANN based estimator 4= A python « ; SPHEREA . . . . . . . . .
- PR B Py eI g l’ ,/:;\I The augmented CANN estimator provides reliable real-time voltage and current estimates. More input information leads to higher
] \Z/  accuracy, which is essential for effective monitoring and FMS operation




2.1 Optimization Framework for Flexible and Grid-Aware EV Charging 35

- |

General framework

o Problem Statement

o Part 1: Digital Twin-Based Monitoring for Low-Voltage Distribution Networks

0 Physics-Based Linear State Estimation for Distribution Network Monitoring
==+ Measured and estimated V and | Load smoothing / peak reduction —_—
Q Data-Driven State Estimation Methods BV E Charei
ata: E} . X - 7 arging power
i i *| [887 Grid-safe EV charging schedule :
Q Real-time Implementation of the Monitoring System =31 SOC, arrival / departure time © il setpoints Pgy ()
.~ Load forecast / historical ) Objective 2: E—
0 data [if Fast charging / user satisfaction
o Part 2: Flexibility Management System for Smart EV Charging _— [{@E b Updated SOC
Grid limits:

@ Optimization Framework for Flexible and Grid-Aware EV Charging

Q Multi-objective optimization including load hosting capacity

@ Real-Time Flexibility Management System

o Conclusion

Part 2: Flexibility Management System for Smart EV Charging

Overview of the proposed methodology

-

Distribution network system |

- o
| State estimation I

Real time Visualization and maonitoring

Real-time
salver

Criterla

Techno-econcmic
Objective functions

features

Flexibility Management System

c/@ Objective
@ Enable smart EV charging while preserving

safe distribution network operation

Considering distribution network

operational constraints

2
(i
Optimization objectives

= (1) Objective 1:
il Shift charging to-off-peak periods

(2) Objective 2:
Fast charging as soon as possible

Subject to grid and user constraints

Expected benefits

f Avoid network overload and instability
% «l | Maintain a stable demand profile

s Support reliable EV charging decision

[ @ Coordinate EV charging while respecting user needs and distribution network constraints J

( Monitoring data: \

Optimization engine
@o Objective 1:

Transformer, voltage, currey

@ Vehicle + grid constraints /

/—m

- /

Sequential update every 15 min: @ E——— @ — @ o000

2.1 Optimization Framework for Flexible and Grid-Aware E
Unified Formulation of EV and Grid Power Constraints

State variables

SOC(kAL), Pgyig (KAL), Zgy,, (KAL)

0 < Pgy, (kAt) < Py (= 6.6kW)

SOC dynamics charging
SOC,(kAt) = SOC,((k — 1AL) +

SOC limits constraint

SOC deficit constraint

\ Zoy =SOCTTI — SOC,(Kgepuht) 20 J

Pgy (kAt)

Tom
EEV,u

SOCMn(20%) < SOC, (KAL) < SOCT (100%)

Decissen variables

Py (kAt)

XAt xXn

-
¥ RYOMO

Grid power limits

Peria (KAL) < Pgrid

@

Oiptimal decision variables

Design optimization

GUROBI

arTizATaN

Measuremonts ) T o / Charging power limits Optimization Algorithm
at charging sttion nodes e tesa stk Operational Perspective Objective function |
onstraints jective function

Parameters

Py, (kAL)

The optimization problem is formulated in a linear/convex
form to be efficiently solved by Pyomo—Gurobi in real time.



2.1 Optimization Framework for Flexible and Grid-Aware EV Charging

State vartahles

Formulation of the load-smoothing objective function

Load smoothing / peak reduction SOC(kAL), Pgria (kAt), Ly (KAL)

Optimization Algorithm

Compute the average demand level from the forecasted base load Purcic pantieter

1 ~ 1 _
Pavg = ;E'E=1(Z§=1 Plaad.b (kAt)) = ;EII§=1 Pfeeder (kAt)

Compute the total grid demand including PEV charging

Pgria(kAt) = ﬁfeder(kAt) + E¥=1 Ppgy »(kAL)

Oiptimal decisien variahles

Py (kAt)
Puyg: average load demand
L P, : power at each feeder (in other word power at each bus)
Define the upward deviation above the average demand feeder: PO P
Pyen: penalized power above the average demand level
Poen(kAt) = Ppriq(kAt) = Payg
Pen(kAE) = 0

Pgriq: the total grid power drawn from the upstream network

We assume that arrival and departure time of EVs are known

Minimize demand peaks above the average level

K
L= Z (Ppen(kAt))z
k=1

2.1 Optimization Framework for Flexible and Grid-Aware EV Charging

Sease variahbes

Fast charging and bi-objective formulation

Fast charging / user satisfaction

SOC(KAL), Pgria (KAL), Zpy,» (KAL)

Optimization Algorithm

) o ) Pareto parameter
Constraints [l Objective function ) E—
@

Sensitivity paranmeter

et

Define the SOC deficit at the departure time
Diecision variahles

Zgyp 2 SOC,T9% = SOC, (KyeppAt)

Minimize the total SOC deficit of connected PEVs

Oiptimal decisien variahles

Py (kAt)
=y
J2 = Xv=12svp
Zgy: deficit of SOC level
a€l01]

Normalize both objectives to avoid scale dominance
Pyen: panelized power above the average demand level

J1 J2
Jmax and max We assume that arrival and departure time of EVs are known

JT and J§*** are obtained by solving each objective separately
under the same conditions.

Pareto analysis
Varying a allows the evaluation of the trade-off

L Lo K _ J2 between grid-oriented load smoothing and user-
Objective Function: min OF = e +(1-a) e oriented fast charging

Combine grid-oriented and user-oriented objectives

« Six PEVs are connected at different buses with different arrival times, departure times, and initial SOC levels.

Results and analysis

PEV locatiol SOC at arrival Target SOC Departure time
[Ppev,] [socy™e™ [socky [taeppry, ]
PEV 1 at bus 1 07:00 pm 35% 100% 08:30 am (next day)
PEV 2 at bus 2 08:00 am 35% 100% 08:30 pm
PEV 3 atbus 3 08:00 pm 40% 100% 07:30 am (next day)
PEV 4 at bus 4 09:00 pm 35% 100% 09:00 am (next day)
PEV 5 at bus 5 09:00 am 50% 100% 08:00 pm
PEV 6 at bus 6 10:00 am 45% 100% 11:00 pm
220 - i — - e
— tu e The Pareto front shows the trade-off zp9/ = 0_5 9
= e | between load smoothing and fast '
i L . N |
- i charging, depending on the weighting | |
V 1501 & |
g - factor a - l
30 N 06 2 E (] |
i 7 \ % 5100 I
i R s 2 z |
= 370 % o . £ L |
= i * The optimized charging pfoﬁle 50/ |'| | | | I| |
R reduces demand peaks by shifting | '-,ljf' \f Iy J |
1) charging power over the available IR
T e connection windows “o ¢ w0 15 o 2% 2 o

fyi Lasd smoohing cost Time (k)

2.1 Electrical Network Design Optimization for Local Self-Consumpti
Results and analysis

< Study the impact of optimized PEV charging on the voltage profile

e bag at s 8 19

230 1n

. ﬂ M F F
=
R 2zp —— Wnltaga at bus & with charging PEV dié
o — Voltaga at bus & without charging PEV
8 215 === ltaga imit {207 ) .
= e

210

205 L V’

o 5 10 15 20 25 30 35
Time (h} e
a =0.59

« PEV charging may create voltage drops at the end of the feeder, especially at bus 6

« This motivates the integration of voltage and current constraints into the charging optimization



] 2.2 Multi-objective optimization including load hosing capacity T

Integration of voltage-aware constraints into the optimization
o Problem Statement Ttmmation oT e Toad hosting power
) v, "‘“"‘“‘“"‘Slg’lf/‘[‘"g power constraints ¢ CANN-based monitoring estimates the
es‘:;“;ﬁon Measurements | ———] unmeasured electrical states of the network
o Part 1: Digital Twin-Based Monitoring for Low-Voltage Distribution Networks —',—>
CANN v, * ANN-based load estimation provides the
0 Physics-Based Linear State Estimation for Distribution Network Monitoring g forecasted demand at each bus
Database | Total consumed
a a a Proadz, power at each bus
Q Data-Driven State Estimation Methods T
Measurements ) = * The total consumed power at each bus is
o o s o —» ) ini
Q Real-time Implementation of the Monitoring System P - computed by combining base load and PEV
: charging power
Estimation of the P
L load demand L’f“". P
o Part 2: Flexibility Management System for Smart EV Charging ANN %» : 2 + The admissible limits Py are introduced as
—» hosting power constraints in the optimizer
Q Optimization Framework for Flexible and Grid-Aware EV Charging
i e These constraints keep EV charging within
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2.2 Multi-objective optimization including load hosting capacity
Results and analysis
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o Problem Statement

o Part 1: Digital Twin-Based Monitoring for Low-Voltage Distribution Networks

0 Physics-Based Linear State Estimation for Distribution Network Monitoring

Q Data-Driven State Estimation Methods

Q Real-time Validation of the Monitoring System

o Part 2: Flexibility Management System for Smart EV Charging

Q Optimization Framework for Flexible and Grid-Aware EV Charging

Q Voltage-Aware Hosting Capacity Constraints

Q Real-Time Flexibility Management System

o Conclusion

« The estimation and optimization are developed in SPHEREA

* The SVM is implemented to force the charging in the acceptable range of voltage

* APcVue is used for visualization

2.2 Real-Time Flexibility Management System

Results
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o Part 1: Digital Twin-Based Monitoring for Low-Voltage Distribution Networks

0 Physics-Based Linear State Estimation for Distribution Network Monitoring

Q Data-Driven State Estimation Methods

Q Real-time Validation of the Monitoring System

0 Part 2: Flexibility Management System for Smart EV Charging

Q Optimization Framework for Flexible and Grid-Aware EV Charging

Q Voltage-Aware Hosting Capacity Constraints

Q Real-Time Flexibility Management System

o Conclusion

« Developed real-time monitoring
for LV distribution networks

* Estimated voltages and currents
using CANN and limited
measurements

Conclusion

¢ Designed a grid-aware FMS
with voltage-safe EV charging
constraints
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