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B Research Background

1. Overview

lllustration of a traditional power grid Siieration I M
2. Power Systems —, g7 {om=nn
N
2.1 Frequency control o - Y'Y
C? y High-Voltage Power Lines § Industrial Consumer
2.2 Optimal power flow - IIH ]]IIQ
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2.3 Topology optimization Power Plant Station §
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. Microgri S
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~
3.1 Frequency control 3
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3.4 Volt/Var control Residential Consumer
Distribution
+ High-level renewable energy « Longer transmission distance » Distributed energy resources (DER)
resources (RES) integration « Higher transmission capacity integration: distributed generators,
+ Power-converter interfaced + Higher voltage energy storage systems, flexible loads,
RES power plants + HVDC & HVAC new loads (EVs, data centres)
+ Higher operational uncertainty « Inter-area (nation) connection * Microgrids & Active distribution networks
and lower effective inertia * Smart homes, smart appliances
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1. Overview B Research Background

Calero et al.: Review of Modeling and Applications of Energy Storage Systems in Power Grids

\,;/ Energy Storage 4®  Electric Vehicle

& Solar PV Plant § Ev Charger
Wind Power Plant g Antenna

I Protection and Control Grid

d Industrial Load —--  Communication

g Commercial Load % Power Plant
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Fig. 1. Renewable-based|smart grids of the future.




B Preliminaries of Reinforcement Learning (RL)

1. Overview

[Wikipedia]: Reinforcement o2re
2. Power Systems learning (RL) is an interdisciplinary 'b ol Al phaGO
area of machine Eﬂwroﬂment
2.1 Frequency control : :
: learning and optimal c 465 Google DeepMind
g 2ioptinalipoweistion control concerned with how an Rer S
. . . - . ﬁ.l"
2.3 Topology optimization mtelhgept aggnt ought tq Iﬂterpretem' <
take actions in a dynamic
3. Microgrids environment in order to maximize %’ GEJ
the cumulative reward.

LEE SEDOL

3.1 Frequency control | 505828

Agent . :
3.2 Controller tunii o DR N C h too?l. 2 4Id Champion in 2016
3.3 Energy manag m«ni aj Wark O py rl g

3.4 Volt/Var control . . .
One of the most popular research topics in power systems area, with numerous publications...
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https://en.wikipedia.org/wiki/Action_selection
https://en.wikipedia.org/wiki/Reward-based_selection
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B Preliminaries of Reinforcement Learning (RL)

RL methods

1. Value-based methods —train a Q-value predictor (Q-table)

Principle & Framework

* Principle: training an agent via iterative interactions with

the environment. Given an action, it evaluates the how good the action is.

I
! | |
! I I
! I |
! | |
! observations L1 QGea) < QG a) +a(Ry, +y maxQ(s,, a) —Q(s, a,))
. actions Lo ,
| rewards Agent o . mee Q)
| T sies — ORBIUAL 5 o0
1 1 1 States ——
: 5¢ P a; : : Action a, Q-table Q(s.a2) Q(s.as)
! I |
! | I
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I <}
: . 1 discretized action §
O

: . I I Space 3 n() 50 100 150 200
: » Agent: decision-maker (controller, operator) : : ‘ Time (5) ‘ '
e Env_lr_onment: physical'sy SiMEEREEER S ! I' 2. Policy-based methods —train an action predictor (actor)
| decision process) | I 2 _ :
|  State (s): current situation of environment (measurements) | ! Explicitly learn a mapping policy z:s—a

« Action (a): agent’s decision (control signal, dispatch order) | 1 P
: : ’ ' V. J~=—> V.Q(s,a) | . e V.. 2t(s]0%)|_
I« Reward (r): feedback from the environment (system I I Z N Z‘ Q83 ks amsis) Vortt(8107) iy
: performance, operation objective) : ! -
1 A _ 1 1 Environment
1 * Action value (Q-value): total expected reward over T I 1 Advantages:
: _ : : Actions States + Continuous action space.
; » Howto m(_)del power system control and operation | | Actor le——— - Better performance in
| prOblemS into a RL prOCESS? | | Values (gradients)+ convergence and Stabmty
: » How to solve the RL training process considering .Q‘ : : Criti States
1 power system’s own characteristics/model? { I | e [ y— 5
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B What are interesting research problems in this field?

1. Overview

A quick answer: simply running existing DRL algorithms/open-sourced codes for well-

2 [HOE B EE modeled problems are NOT interesting..

2.1 Frequency control

2.2 Optimal power flow
2.3 Topology optimization Our viewpoints and our research efforts (since early 2018):

3. Microgrids e Problem modeling — target at power system engineering problems that really need DRL

3.1 Frequency control e Learning framework — problem-specific design, rather than a universal framework

3.2 Controller tunii o Y - r tralnlng
e ﬁ isfac ha ﬁn; ] JQ it e effectively
3.4 Volt/Var control

Safety Iearnmg maintain (ensure) safety during the Iearnlng and decision process
e Learning efficiency — improve the learning speed and convergence performance

e Vulnerability of DRL models — enhance robustness against adversarial examples

e Interface with large-language models (LLMs) — leverage LLMs for modeling difficult
problems and solving through interactive learning

@g\{@%\ﬂg‘ NANYANG . . . . q
TECHNOLOGICAL SODA group started this research in early 2018 (our first paper was published in early 2019)
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: B Our Research Framework
1. Overview

2. Power Systems Deep Reinforcement Learning for Modern Power Systems

2 Bulk Power Grids — —— e
A

r
|
|
| — Decentralized Control
|
|
|

2.1 Frequency control

2.2 Optimal power flow

2.3 Topology optimization

Load frequency control

3. Microgrids

3.1 Frequency control

Microgrid
frequency |—> Distributed Control

2' E Efzﬁ_t?lerq-;ning

Power system
control

Problems

— o e o = o= oy
\ 4

3.2 Controller tunii o

3.3 Energy manag :m«ni

. B B I |

3.4 Volt/Var control T Power »|  Optimal power flows _ _ —|  Energy Management
Microgrid
I system :
: ) — operation
: operation »| Network reconfiguration —> Volt/Var Control
s e S = - S e — — — —
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B Power System Frequency

1. Overview

The Generator

3-phase output

4+ Phase & = FPlaseC — Prase B \\

2. Power Systems > Frequency
 AC power system

» Reflection of rotation speed
2.2 Optimal power flow of synchronous generators

Qurert or EMF

2.1 Frequency control

2.3 Topology optimization » Importance
« Grid: system stability
« Consumers: power quality

SUPPLY DEMAND

Neutral

3. Microgrids
Source of pictures: website (searched in Google)

3.1 Frequency control B T e — —— e -

3.2 Controller tunii o & o T : ~
on a Euro| N a Singapore
3.3 Energy manag :m«nt a I I . rl |
‘ e Mgnin 50 50 60

50
3.4 Volt/Var control

ncies (Hz)

Targeted frequency band:
Eastern Interconnection:
Interconnected +0.018
system: £0.15 Western Interconnection: +0.2
Islanded ’ +0.0228
system: +0.5 Texas Interconnection: +0.030
Quebec Interconnection:

1

1

|

|

|

: Normal operating
|
|
|

0s 5s 30s I +0.021

|
1
1
|
|
|
1
|
|
|
1

frequency bands

Frequency (Hz)

Nadir

Time (Sec)
* Inertia Response (IR): the inherent releasing of

energy at the rotor of synchronous machines. Under-frequency load

e Pri trol: mitigate f iati Emergency * shedding: ey
rimary control: mitigate frequency variation Extreme frequency
& = (seconds) frequency frequenc +0.8 Eastern Interconnection: 59.5 load
& {@' & NANYANG L o tolerance bands toIeracrllce b:nd' Western Interconnection: 59.5 shedding:
TECHNOLOGICAL * Secondary control: eliminate frequency deviation (H2) e Texas Interconnection: 59.3 P

Quebec Interconnection: 58.5

% UNIVERSITY (seconds to minutes)
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B Load frequency control (LFC)

> Lower inertia and o . Conventional methods
w 7 Sk
, ?4» < ‘

1. Overview

/ Generation side: power-converter

|

|

|
. . . . | . 1
2. Power Systems : load damping: interfaced generators (wind, solar). I Tosetl)'based- I |
! P—" I 1. Robust contro I
2.1 Frequency control ' o I . - I
9 4 ! - tnfal e conos Transmission side: asynchronous y Parametric uncertainties. I
2.2 Optimal power flow I | 2 : interconnection through HVDC links. I 2. Fuzzy control I
i —§ W ! Adaptive for unknown system !
. . . | - ) ] 1 ' 1
2.3 Topology optimization ! \ Load side: inverter-based loads. I 3. Variable structure control .
___________________________________________________ : I Robustness and response speed. !
! ) L |
3. Mi id P - 1 4. Disturbance rejection control
. icrogrias \ R R [~ '/AP \a\_ : Augmented model to reject effects. :

Prima 1 [ ! -
3.1 Frequency control B o ol | = LY 1 5. Model-predictive control I
Il I ) \ap |/ : em’s behavior and control. |
o I
3.2 Controller tunii - : !
3.3 Energy manag m«ni y B ol
> = +
3.4 Volt/Var control + Tostl| [T+l & "
| Governor  Turbine : System inertia
AP | : and damping
te | 1 1 | AP, coefficient
|

—
Tgs+l T;s+1] =

Secondary
frequency control

Generator n .

MACHINE
LEARNING

Generation side: intermittent
renewable power generation

+ Stronger modelling capability

» Better control performance

» Higher flexibility anijlscalability
+ etc.

Source of pictures: website (searched in Google) e e e e e e e e e e e e -

&t NANYANG
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Load side: demand response
program, EV charging load, etc.




1. Overview

2. Power Systems
2.1 Frequency control

2.2 Optimal power flow
2.3 Topology optimization

3. Microgrids

3.1 Frequency control
3.2 Controller tunii o
3.3 Energy manag :m«ni

3.4 Volt/Var control
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G: generation; L: load;
RES: renewable energy resources;
BESS: battery energy storage system

DL

r system

YD;anpoli
for single-area po
frequency control

» Minimize expected frequency
deviations

* Model-assisted gradients derivation
» Stacked denoising auto-encoder
(SDAE) for feature learning

[1] Z. Yan, Y. Xu*, "Data-Driven Load
Frequency Control for Stochastic Power
Systems: A Deep Reinforcement Learning
Method With Continuous Action Search,"
IEEE Trans. Power Systems, 2019 — Web
of Science highly cited paper

B Ourresearch works in LFC

Single-area controller [1] Multi-area controllers [2] BESS for frequency support [3]

Area 1 e @

Tie—liny

Tie-line

e

e

|
|
|
|
&e—line !
|
|
|
|
|
|
|

|
* D@’@pcyg’ﬁig I It . 2@2 BESS for f support
models for multi-areadpower sy

Centralized learning, decentralized
implementation

Optimize global action-value function
Constraints-aware gradients derivation

Network initialization to quick start

[2] Z. Yan, Y. Xu, "A Multi-Agent Deep
Reinforcement Learning Method for
Cooperative Load Frequency Control of
Multi-Area Power Systems," IEEE Trans.
Power Systems, 2020. — Web of
Science highly cited paper

Tie-line

Tie-line

* Minimize expected total control cost
considering the degradation of battery

* Modelling of BESS lifetime
degradation

e Actor-critic framework

» Cost approximation with critic

[3]1Z. Yan, Y. Xu*, et al, “Deep
reinforcement learning-based optimal
data-driven control of battery energy
storage for power system frequency
support,” IET Gen. Trans. & Diit2 2020.




B Single-area LFC controller

» Principle
Optimize the parameters §=[W",b] of DRL agent based on data, such that the control policy is optimized and
2. Power Systems expected frequency deviations are minimized.

2.1 Frequency control

2.2 Optimal power flow n I n Agents-Environment Interaction
' Af 1+5T, T+sT, *?_’ 2H,;5+D, e
AP_ - AP,

1. Overview

: Governor Turbine = Action-value function:

PC -‘
Environment

2.3 Topology optimization

Maxgmize E [Q“(s.,a)]= ED[—(ZN: AtAf?)]

= Training process

3. Microgrids

3.1 Frequency control Actor
States

|
Actions Input; Y DNNS I
3.2 Controller tunii o pi v L VS ontro | o
syste . 3 signal

3.3 Energy manag m. nt s | O p I JQE (
|
|
|
|

3.4 Volt/Var control f Actor Gradients
pI A Zv Q(5,8) by acp(sy Ve (516" |

. Rewards
LFC Model-based CritiC | g—— |

DNN Updating rule
I

The gradient of action with respect to agent’ parameters

| |
I |
: Vgu ,U(S | 9#) = Vgu ( fe(n)[ fe(l) (X))]) |X is input vector with s=s; :
| |

Deep reinforcement learning process

Physics-informed gradient derivation

The gradient of expected action-value with respect to control action

V.Q"(5,2,) = —2AtAF (5, ) (R — k(A ean Bea) = AT (50, 21),

@3 NANYANG ] At !
= TECHN O L O G C /A L | e B
o 45 \"
Y ’\; UNIVERSITY [1] Z. Yan, Y. Xu, "Data-Driven Load Frequency Control for Stochastic Power Systems: A Deep Reinforcement Learning Method With Contirguous

Action Search," IEEE Trans. Power Systems, 2019 — Web of Science highly cited paper



B Single-area LFC controller

1. Overview
Tricks to improve performance

= Model-based gradient derivation process

2. Power Systems : : : : : Stacked denoising auto-encoders: _ _
Model-assisted gradlent derivation | Initialize the DRL agent by SDAE (supervised learning
2.1 Frequency control I with data generated by PID controller), a deep learning
. OAf (s,, I tool widely used for feature extraction.
2.2 Optlmal power ﬂOW l‘. VaQ”(St ' at) - _ZAtAf (St ’ aT) % | | y Input X: sigmoid(><)=L
. . . I Derivative & Integré\te of system 1+e™
2. T I . d f (t) d f (t) df (t) I state, Proportion of System state
3 Topology optimization a(t) =b, e +b, —~ e +b, ——= ” + b, AT (t) I : SRS ot
. 2( OPO000000000)
3. Mi id b, =1/R,b, = 2HT,T,[2H + (T, +T,)D]/ D, I ) : T ]
. Icrogrias 2. 5 b, = 2HT T.[T,T,D+2HT, + 2HT,]/ D, b, = 2HT,T, I : DAER i, —sigmoid (A, Y, +Bs)
3.1 Frequency control V.t =2 (b, d df§t) b,V d dzz(t) —byv, dfdit) +1) | gwfopooooooooo@
£ Y, = sigmoid (W,,,Y, +by,)
3.2 Controller tunii o Y f (t) ki 11 oufin
Yan-(Ng-L1 L opyr :
3.3 Energy manag :m«ni infl DD e ted
3.4 Volt/Var control il il R R B R R R Zf (— —— 7 _Af? - )— _I I abilize the exploratlon process W|th moving average.
S + ] +, - S ] u " ! j —_ - —F explored by noise withoutinertia
i VaQﬂ (St y a.t) ~ _ZAtAf (St y at )(R - k( AL at it L at )) I I - "\‘1 /\ ‘ Wmd power modeledas load
I A1 ,"
_ (n) ) AT AN T
4_ ng,u(s | 0”) = VH” ( fgn [ fg (X))]) IX is input vector with s=s; : [ £ 004 li‘ f’; LM XA
__________________________ I " me« Poise without inertis introdigeg!
| M S e g g 4 5 EI 7 8 a 10
- s
Improved agent updatlng rUIe I o % ‘7‘77F'mexp\nredhvnnisewithmer‘tia
rem I I am _5‘ Wimépnwermndeledaslnad
5 W <WT) =y 5 V.07 (50 Sy aW.,<'T> aW. b) 1| Zoul
T bu(I'T):bn(l'T) —n= fv Q”(S at) (IT) a(\N b) I : 006
—————————————————————————— I -0.08 -
@g\@}%\“g\ NANYANG | 1 2 g 4 .:9 3 7 B 5 10
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B Multi-area LFC controller

1. Overview Multi-area power system Multi-area LFC block diagram

S e
' I

2. Power Systems p— @ | e

2.1 Frequency control ' K,(s) P‘ M) |

Controller for Area i Govemnor - Turbine

Area 2 Area 3
@ Tie-line @
3.1 Frequency control i i i i i

I
|
|
I
I
1
|
|
I
|
|
|
I
|
|
|
I

3.2 Controller tunii o Y N l l ( :O I

I |

3.3 Energy manag :m«ni I newable 8nergy s py

!
|

|
3.4 Volt/Var control : Each area has its own control agent

2.2 Optimal power flow

AR,

2.3 Topology optimization

Control Area i

3. Microgrids

balancing between generation and demand.

: c < AF,
» Cooperative control: how to coordinate the 2 ] - lT ' o T . 7N . '
o a + 5 / o ;
multiple controllers in all areas. L | ! =i |
> Constraints: how to consider nonlinear physical e !
Governor Turbine

&t NANYANG LA TSE S P ool (2 | generation dead band (GDB) and generation rate constraints (GRC)
TECHN O L O G C /A L |y e e S

8% 58 UNIVERSITY | | | _ |
[2] Z. Yan, Y. Xu, "A Multi-Agent Deep Reinforcement Learning Method for Cooperative Load Frequency Control of Multi-Area Power 15

Systems," IEEE Trans. Power Systems, 2020.




1. Overview

2. Power Systems
2.1 Frequency control

2.2 Optimal power flow
2.3 Topology optimization

3. Microgrids

3.1 Frequency control
3.2 Controller tunii o
3.3 Energy manag :m«ni

3.4 Volt/Var control
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B Multi-area LFC controller

Centralized training and decentralized implementation

/ - - - """ "” - "” "”- "\”-"”"»¥7”¥¥7¥7V7VV'V77 77777 7 07— 07— 07— 07— ~N
o \
= I' Centralized Learning |
g |
§ : \\ s, T T T T T T 0= N
I [ . \ |
: 1 [ovieave |
g : :Exploredl I
£ , Adtions : : I
D &States -
o ” Calculate Centralized | | :
§ : I I Action Value Q I
E | : [ Environment: | | : |
g, | Iti- | | |
2 | Multi-area | | I
= 1| Power Systems || Calculate Ador |
S nts

[N R | I

I
: I L _
o |

I

g, 2~ W SAATThh————— /

‘ Optimized Agents Parameters

2 o7 T T T T T annarat ST - - - -0 == ~
S v / \ Soernnerjnraat:(c)irs] / Tnterconnected T \
?.)— | Observed | | Power Systems | |/ States \ \
o | State ACE 1| | | 006 | |
= | | Pal =~ [ARalfey | |, 1
D | | A - |
2 Observed | : I VE
& | | ' - H m \i )
S | . I x : I e ' | |
—_ | H e | |
g | | | Y b g
S | Observed = | AreaNje- | : T e N
g\ State ACEN, \ 7  Frequency and Tie-line ly
= \ T — __power flows__ 7
@) N _  ~m— T P

Agents-Environment Interaction

Global expected action-value:
T n
Q“(5.8,,8,,...8,) =2 [ALY [(BAF)* +(AR,,)°]]
t=1 i=1

Maz(in;ize E,[Q“(s,a,a,,...a,)]

2

=  Training process for each agent:

%+ — gk Vv

al(k) 'J

oy

~ e—p— — = ISR -
[ |
= =Y
=L
< s

Physics-informed
gradient derivation

DNN Updating rule

[
1 Gradient of the action to
| each agent’ parameters

Gradient of global
objective to each action

|
|

1

: V. QU (s,a,a,,...,a,) =
! dAf,
|

|

|

|

|

|
1 V,.u(s6%)=
i 1 n
“RESR LV (L OO
N
_4”Apﬂe‘i ZTij (Ri - K%) : |X is input vector with s=s;
J#i 1



Considering generation rate constraints (GRC)

B Multi-area LFC controller IO 3/t 0

1. Overview

: |
I e , I
: |dP,(t)/ dt[>0o il 0.8 fit>oT, :
0N 0Q/0a, ~0 |
! P_(t—At)+ oAt = + DA (t) Nt 078 <0.da [dt<—oT.
2. Power Systems Gradients for all actors (MA-DDPG) : 4 v I________Et _____ ] I________f_a_Q/_aa'_E'd_a'/_dt_l "
2.1 Frequency control I ! L N — % : T [ e :
I H —_ AP, | 1 ) - !
2.2 Optimal power flow ' Q5880 8) Z[AtZ[(BAf) AR : : I 7T lar,] - *?Q SN
1 . Dead band GRC |
2.3 Topology optimization : 1. o =g +77V9<k>~] : : \ - oo eT T e . —b——————*l :
| S Ly o - -
1 Vv (k) ~ vak)ﬂ.(k)(o WV, Q"% (s,a,8,,...,8,) :
3. Mlcrogrlds ; Expand P Agent updating rule considering physical limits
! ! 1 1,T+1 1T 1N “
3.1 Frequency control I oA, Pied t,eJ | : WD WD gy L ZV Q*(s,,a)—2 W(.T) a(W ,b) :
3.2 Controller tunii o I . !
| | m =
3.3 Energy manag :m«ni : w O p'- -I'g - o= 1 """~ ~——-—- !
3.4 Volt/Var control ! 2Tl 6a I Tricks to improve performance
|_______________'_:J___' _____________ |
| Initialization:
: : : : ' Initialize the DRL agent by supervised learning (data generated by
Model-assisted gradient approximation PID controller), then further improved with reinforcement learning.

_________________________

A Initial DNN

r 1
|| ADNNforsingle-areaLFC | |
_________ ==
| 'Y_ SADRL .

I Optimized DNN 11
L for single-area 11

|
: ~ Transter |
| Learning

1
1 dAf(t)) Loy dzAf@) B — d3Af (t)
: A T T

1 3 Lo =1/R, g, =2HT T,[2H + (T, +T,)D]/ D,
1 O.

=

1

1

1

Generate LFC database
based on PID controller

V. Af(t) =—(@1— 5,
a()/5,(ﬁ

/ \
| |
| |
| |
| |
| Use the database to initializea | |
| DNN with supervised learning | |
| d |
| |
| |
| |
| |
| |
| |
| /

B, = 2HT,T,[T,T,D + 2HT, + 2HT,1/ D, S, = 2HT,T,

ACE;,— ACE,, | ACEdt
g ACE. [ ACE ‘

|
SDAE [27] (oes000) " &= gyl _____Y =g -
p2i BERL. ) | Initial Models %0 |
aaQ ~ =2 BiAfi (Ri - dAf ) 47AR, tie, i § ,T (Ri = dAfl : I_fo_ri"ireES_A%;Eﬂtl_ AdentN! !

L X & q; =i |
ot NANYANG L_______________________J_ ________ ) [ Mo T |
7/

~
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B Testing results (on LFC model)

. L d LFC model h | limits):
inearize odel (no Sical lImits): !
2. Power Systems .
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» Less expected
frequency deviations:
87.7% better than
DQN, 57.5% better
than PID.

» Smaller frequency
nadir: 39.6% better
than DQN, 17.1%
better than PID.

» Less deviations: 62.5%
better than DQN,
2242% better than PID.

oves the LFC
performance by better
coordination among all
the areas
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B Testing results (on time-domain model)

| = NE 39-bus system with full dynamic model Lo Numeric comparison
2. Power Systems [ :
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B Battery energy storage system control for frequency support

Battery Energy Storage System Problem description

= High c.ontrol flexibility and response speed. Optimize a DRL agent, such that the expected
= Intensive usage can cause battery aging. total control cost is minimized

s Mlnlmlze E [ZZ(CU, +Cy+C, )AL ]
P
‘ } Depth of discharge

A‘pfv..i A‘p'

j=1 i=1

* Modelling of BESS control cost

» Cost due to battery marginal degradation.

N (R 00 (5)

» Cost due to frequency deviations and
unscheduled power interchanges.
0 if fe[l.006f,1.02f)Hz

a, + p,Af  if f e[0.99f,,1.006f,) Hz

System dynamics with BESS
|

o ==

___________________ﬁ________________

| ) o | P(T)= a,+ A if fe[0.984f,,0.99f,) Hz
I Af; = 5 (AP + APppssi — APy — APpi) — Afz (1) I a, if fe[0.98,,0.984f) Hz
1 - 1 1 L e — = = ST S S S S S e
| APy, = T_ﬁAPgi - T_ﬁAPmi 2 System :
! . 1 1 1 frequency
AP, = — AP, — ——Af; — —AP,; 3 I I
: .gl Tgi CI\lI RiTgi Ji Tgi 9! ®) | L = Additional generations to maintain
! APy = 21 Yj-q j2i Tij (Af; — Af)) (4) ! ! 5 frequency 2 i
! t 196 BESS SoC : : J.! 'h ¢, (0 ZZ(bi Py +CiPyi) !
. — . LA 1 i=
: SOCl(t)_SOCl(O) fo3600Eratel t (5) I l__________________________1 ______________ :
| . .
: AP;(t) = —KpACE;(t) — K; [ ACE;(t) (6) HETe I 1 ¢ Control cost approximated by critic network
[3] Z. Yan, Y. Xu, et al, "Data-driven Economic Control of Battery Energy Storage System Considering Battery Degradation," 20

IET Generation. Transmission & Distribution, 2020.



B Battery energy storage system control for frequency support

(Offline Deep Reinforcement Learning A Agent-Environment Interaction

1. Overview

3 State . ion- .
2. Power SyStemS  Environment \—P Deep Deterministic Policy Gradient BESS i?St Expelc:/t[ed acfion L\Z/'alues;
2.1 Frequency control estimation aximize S¢, A
e o I L .
2.2 Optimal power flow 7 p Parameters aging = Cost: battery marginal aging, unscheduled
IS alar iz St miaaim- Actor NN: Critic NN: interchange, AGC generation

BESS controller Cost estimator Unscheduled . ) i
: = Cost approximation with critic:

o VA\ \  Estimated|Data\ interchange
O ,

A control [
cost AGC
Generation

Q“(50,a) = = ) [e5(8) + cu(®) + o (D]AL
minl| Qg — RS G35, )] II2

|

I

|

I

|

|

I

|

|

I
. |
ight-2624

O =61 + 1 - VguJ
I

1
| Ve 25 ) TaQ(s,al09) Toun(s10M)
L
|

3. Microgrids

3.1 Frequency control

9" )

EHE

3.2 Controller tunii o

Arive

3.3 Energy manag m«nt ;
BESS controller]

3.4 Volt/Var control

> BE(;(;ntrol Reduge
Dutpu power | | operating
output cost

Measured | (Measured
system BESS
frequency ) _ status

= Offline Deep Reinforcement learning Critic-based gradients

The critic NN approximates total control cost and actor gradients.
The actor NN (BESS control agent) is optimized with actor

DNN Updating rule

Gradient of objective to BESS action

Gradient of action to

1 1 1

| ! , I

gradients. . ~ h(n) h(l) e I agent’ parameters .

» Online BESS control ; U = hgel---hoo(s, @) : ! Vouu(s|0*) = :

293 NANYANG The real-time control action by the optimized DRL agent already : 7,0(s,a) ~ Vahgé) [... hélQ) (s, a)): I Veu(fe(n) [.. .fe(l) (X))]):
1 1 1

e TECHNOLOGICAL considers the control cost.
s UNIVERSITY
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2. Power Systems

2.1 Frequency control

& NANYANG
TECHNOLOGICAL
UNIVERSITY

o

Cost component ($)
N

Frequency deviation t

—
a i " nerator fuglicost

2 L il
L e e e e |
- = e B T T I
P SSer s SNRTITTLLL
0 ket I I I I I I
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Time (s)
= = Proposed optimized controller
----- Droop control with SoC feedback
[ Droop control with larger gains T
= \Vithout Batteries -
- r -
L -——— N
——————
- /’ -
I L L I I I I L L
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Time (s)

B Battery energy storage system control for frequency support

| .

;= System frequency in 3 areas

1 0.15 T T T T T T T

I g —_- \I;vri(:r;‘:)::ezac::)etir::iszed controller

I \% 0.1 == == Droop control w?th SoC feed_back

I g o.08 Droop control with larger gains J

1 3 b A

1 = 0 Lhrg o) A £ o T o s = o A‘I—-— ree b
L S Al e
I :"j -0.05 N

! 0.1 ‘ : : : : . : :

1 e (o} 20 40 60 80 100 120 140 160 180 200
1 Time (s)

I = Accumulative cost (each component)

I — 5r - ;c;ttilaf;:;ing C )

Time (s)

e Reduced 32.1% total control cost.

» The BESS control is improved by avoiding discharging

|
1

1

I

I

1

1

1

1

1 » Simulation Results
1

I

1

1

| when depth-of-discharge is relatively high
I

1

1
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Converter-interfaced RES

Interfaced into the grid with power
electronics converters.

Fast changing power and lower
synchronous inertia...

Intermittency of RES

Weather changes and cloud
movements.

= Power systems with high-level RES

Source of pictures: website (searched in Google)

Follow the variations of generations
and loads under uncertainties

>

Modeling Difficulties

The behaviours and dynamics of
power systems become more complex
to model.

Faster Decision-Makings

To timely and safely provide operation
decision under uncertainties.

B Power System Real-time Operation Challenges

Fundamental Changes

» High-level RES

* Difficult to have accurate models.

* More complexity to handle the
uncertainties in real-time in faster
changing environments.

» Power System Operation

* To provide quality power at a
reasonable cost across different
timescale (faster).

Power balances, er flows,
camtingengies.

Data-driven methods

Modelling Capabilities

Modelling
capabilities to
uncertainties.
Still complying
constraints.

Fast Response Speed

Inherent faster
decision speed.
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B Our research works in Power System Operation

= : I :
u

» Developed a policy-based
d real-
aﬁoﬁptim Ip
lo

* Minimize augmented
operation cost.

* Model-assisted gradients
derivation

» Stacked denoising auto-
encoder (SDAE) for feature
learning

[4] Z. Yan and Y. Xu, "Real-Time
Optimal Power Flow: A Lagrangian
based Deep Reinforcement
Learning Approach,” IEEE Trans.
Power Systems, 2020.

Security Con OPF [5]

A

Developed a hybrid data-

ive el forgfast solution
securityscon ained@
idering cre
ie

continge .
Hybridizes primal dual
DDPG and SCOPF power
flow models.

Optimize augmented
operation cost with model-
assisted gradients derivation

[5] Z. Yan and Y. Xu, " A Hybrid
Data-driven Method for Fast
Solution of Security-Constrained
Optimal Power Flow," IEEE Trans.
Power Systems, 2022.

F————————————————— ==

Linguistic OPF [6]

T Leveraqe GPT-Agent to
i t e
p rcT'ﬁee'v f Operation.

Improving ration
performance by considering
Grid Code.

* Optimize augmented
operation cost with
additional GPT-interpreted
rewards.

e Constraints with Primal-Dual
DRL.

[6] Z. Yan, Y. Xu, "Real-Time
Optimal Power Flow with Linguistic
Stipulations: Integrating GPT-Agent
and Deep Reinforcement
Learning," IEEE Trans. Power
Systems, 2023.

Topology Optimization [7]

+ DRL model for topology
tinlizag

te and mitigate the
security risks of DRL models
in power systems

* Vulnerability assessment
method for DRL models under
noisy data and cyber-attack.

* Perturbations to minimize the
model's performance. Several
vulnerability indices.

[71Y. Zheng, Z. Yan, K. Chen, J.
Sun, Y. Xuand Y. Liu,
"Vulnerability Assessment of Deep
Reinforcement Learning Models
for Power System Topology
Optimization," IEEE Trans. Smart
Grid, 2021.
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B Real-time computation of optimal power flow (RT-OPF)

= Real-Time Optimal Power Flow Problem Formulation

~ © « Maintaining accurate

» Faster changing
environments bring more
he uncertainties in real-
time

models of the continuouslyn

eal-time so
I Y~ — T T T T T I
! A !
1 Offline OPF Offline OPF |
1 T —— RT-OPF Operating Points 1
I P R Offline OPF Operating Points |
b - RT-OPF RT-OPF RT-OPF I
= |
1 = |
¢¢MMMHMMMHMH |
1 g I
1§ 1
I |
I I
: ———— =:
| (k-1) T, for offline OPF (k) T, for offline OPF (k+1)T, for offline OPF Timet
I I

Z. Yan and Y. Xu, “Real-Time Optimal Power Flow: A Lagrangian based Deep

Reinforcement Learning Approach,”

IEEE Trans. Power Systems, 2020.

Ucff’?@mﬁyng 20 24 -

RT-OPF Formulation

Minimize the operation cost (fuels)

I

I N

: min )" Ce,(PS)

I Satisfying operation constraints

I

I P, - VZV (G; cos8; + By sing;)
I
I

Qsi — Qi VZV (G, sins; — B, cos ;)

Vimln S Vi S Vimax

[V, (G, cosé, +B; sin6,) -V’G; |< Li™

Constrained DRL Formulation
N

mg'”Zi:Li (a,,6,1, 1) :
Ng N, N, I

I—(atrei/lv/u):ZCGi(at)+legj(at)+21ukhk(at) |
i1 i—1 k=1

Lagrangian function
(primal-dual safe reinforcement Iz%arning)



B Real-time computation of optimal power flow (RT-OPF)

1. Overview

= Physics-Informed Policy Training Constrained DRL Formulation
2. Power Systems N l
y (o - — ) N (o : A I min > L;(a,, 0,4, u)
2.1 Frequency control Offline Policy Optimization Considering Constraints Online Optimal Power Flow 0 < |
X Real-time operating points I Ng N, N, |
2.2 Optimal power flow Environment Adiusting _ I L(a,.0.4,1)=2 Cu(@)+2 4,9;@)+ 2 uh (@)l
2.3 Topology optimization ( Evaluate augmented cost ) Take action controllable Reg(u;l;:tmg . _ _ __ = = k1l
(Quantify Reward of Operating) veriable

Agent:
deep neural network

Solving the training problem

‘ Reward

Deep Deterministic Policy]

3. Microgrids

3.1 Frequency control I 6“'=6"-nv,L(@a6,4,4) (descent)

Gradient with constraints

Operation Safety
Costs Constraints

Formulation of deep reinforcement learning for
real-time optimal power flow

3.2 Controller tunii o
3.3 Energy manag :m«ni

3.4 Volt/Var control

Monitor
and state
estimation

Input of
DNN

Physics-informed gradient derivation (KKT)

Expand with mini-batch gradient descent:
v,L=V_L-V,a
V.L=V.(Cp (a))+V, (iuk h(a))
V,a= 9, (1L (0 PL QY. P

Constrained Optimization of o ] i
optimization for deep neural network ra'-} {W G } [—VC(a)— H u_[H jA”:|
@ & NANYANG multiple scenarios parameters AL G O —g(a) 0

where, c=o6g(a)/ oa,w is the Hessian matrix of
Lagrangian, H=oh(a)/ éa 26

TECHNOLOGICAL
UNIVERSITY Primal-dual safe reinforcement learning



B Real-time computation of optimal power flow (RT-OPF)

1. Overview

» Simulation Results on 118-bus system

2. Power Systems 55 X10° | | | | 500 —
IP method OPF IP method OPF
2.1 Frequency control - = = =Proposed DRL-based OPF : = = =Proposed DRL-based OPF
1.32 |- DC OPF solved by IP method n
C . e T - T S A Supervised Learnin DC OPF solved by IP method
2.2 Optimal power flow B P T Supervised Learing
S 1.31 .
2.3 Topology optimization 2
@©
o 1.3 -
[oR
® ) o H i
3. Microgrids 129 :

mﬂﬂ il M/MM‘

180
n enc "J
ohs ts; - . OW comparison

of different OPF methods

3.1 Frequency control

1.28 '
" 0 50 150 50 450
3.2 Controller tunii 2 Didbatciltime Bter |
3.3 Energy manag :m«ni a plimalit rat 0] par p

3.4 Volt/Var control OPF ethods agalnst random load change

Average Average . Average
. Inequality .
Method generation absolute errors Constraints time
cost (USD$ of P. (MW saving

= Accuracy
o Mostly closed to converged IPO;

I
|
|
|
| . o
";’I;"Fei‘;‘g]d 1o The average cost is similar to IPOPT.
5 icfi |
(benchmark 0.00 Al satisfied 0.0% '=  Speed | |
1o Average 99.8% time saving.
ocorr 74 0610 Brgﬂfh fI'OW and 0011 o 0.000625s. Feasible for real-time applications.
. X . nodal voltage not AN | 2
satisfied 1 y Cor)stralnts
Supervised Branch flow and 1o Satisfied
— learning s generator e e 4
&t NANYANG [29] using a d2edidll S ramping not 2B
DNN satisfied v Best balanced performance

1.3018x10° 0.186 All satisfied 99.8% 27
method
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B Hybrid Data-driven Method for Security-Constrained OPF
» Preventive SCOPF through physics-informed safe DRL

1. Overview

3.2 Controller tunii o

3.3 Energy manag :m«ni

states U for all

e y Preventive SCOPF Formulation
2' Power SyStemS i Offline Policy Optimization Considering Preventive Security Constraints : I—
2.1 Frequency control : /' AgentEnvironmentInteraction ) [~ Constraints-satisfying learning rules \\ | = Objective considering contingencies: I
2.2 Optimal power flow E : ‘!’Enwronment\ 5 P Power flows and operation states for R | min f,(X,,U,) Base scenario |
i |1 Powerflow 3 Critical " Augmented Calculate | | base case and contingency scenarios : : I Ug [
2.3 Topolo optimization ! it equations | contlgenmes cost '
pology op || R < Calouete I 0 (X Ug) =0 k=0...,Nc  ~qnii 1
P TR Y G Model-assisted derivation \: E . on mge_ncy I
3 d b actions ........5.99[1..@['.9.1 ....... | E : hk (Xk ] UO) <0 k=0,..., N scenarios |
1 1 : < s Jacobian of Hessians of :
. Microgrids o /" Contingency : . B _ _ _
9 b ﬂ ..seenariof constraints for all || Lagrangianfor | -~ w  Constraints for each contingency scenario: |
3.1 Frequency control b "Eé's'é"éé's'é __________________________________ contingencies || all contingencies || - :
. q y b | | Foi < Fei
| BN |
i |
|
|

the contlngenCIes

3.4 Volt/Var control

contingency scenarios |

< L Approximate

4” <Y S
X o f max
- ele. i B
: nd & Ot;t:r'r;'lrl]?(i%‘g:;rfigws { [Solving KKT for approximating primal- : E
| dual deep deterministic policy gradient : . .
D S ) Constrained DRL Formulation
_____________ SN — o — T, 4
oD --i  Optimized """"""""""""""""ﬁ"' Environment i---* N

--------------- P SCOPEPONGY joueenemneaneeennaeeneeneeaeanees - settings - mgn Z L (a,0,4, 1)

U, =0.V.pd)

=' PSCOPF Agent
Input .O
Changing '
! ) ) Base case Base case
oper.a'qon Active Reactive active voltage U= (UO’Ul’ ""Un l Vg 2 pg)
conditions net loads | | net loads

generations || setpoints

semeeesccccccccccccccnaay
oo P

N#
%?3\{@}%\“&5 NANYANG L= f(U)-I—ﬂ G(U)—i—y [H(U)-I—Z]—}/;h’l(zk)

! TECHNOLOGCA L |
% UNIVERSITY Z. Yan and Y. Xu, "A Hybrid Data-driven Method for Fast Solution of Security-Constrained ~ Safe Reinforcement Learning

Optimal Power Flow," IEEE Transactions on Power Systems, 2022.
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. B Hybrid Data-driven Method for Security-Constrained OPF
1. Overview

= Physics-informed gradient derivation
2. Power Systems

2.1 Frequency control

Constrained DRL Formulation Formulation of Jacobians and Hessians
|

I L | : |
2.2 Optimal power flow I mJ”ZLi (a,0,4, 1) I I Formulate sparse Jacobians :
S ' I og 0
2.3 Topology optimization : U, = (8,0, ) I 60 99 4 9 9 9 I
e ek Constraints w.r.t. variables 0 N 04, oV o, 0G| | _| Vox Py I
3. Mi id : U=U,U,..U,.vy,p,) : => " Tl oh o eh on| Y| eh oh :
. Icrogrias N, 20 ov. ob. aa. ov 0
g ! L= fU)+ATGU)+ 4 [HU)+ Z]-73 In(z,) l % M P O, sk Pa]
3.1 Frequency control | k=L I l s i |
——————————————————— . pare Jacobians of.
3.2 Controller tunii o Prepare KKT . |
- [ rl '
3.3 Energy manag m«nt . — . I
3-4 VOIt/Var ContrOI 6 ’ : mxkn Iocal k 0m><(Nc—1—k)n ‘]global,k I
I P 1 17 T T T T T T T T i I I :
| i KKT i i Newton’s step i I I Oneve-tn Jiocat,ve-y  Omeo ngobal,(NC—l)_ I
I conditions ! I I
: 1 AZ=-HU)-Z-VHU)'AU : | = Spare Hessian of Lagrangian I
I , ! : 1 |
1D Vyb=0 1 Au=—p+[Z](e-[kAZ) ¢ 3
| ; : i . : . I 0o Hioio Onenveyn Hio,gioba |
| » GU)=0 = [AU}N{M G} {—N} ' Prepare KKT |
! i | Tl T . : 1
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B Hybrid Data-driven Method for Security-Constrained OPF

= Physics-informed gradient derivation

Model-assisted gradient derivation

Ap=—p+[Z]" (ye-[11AZ)

Lo e A

|
|
|
|
|
|
I ) = T
I M—VUUL+VUH[Z] [,u]VUH

AZ=-HU)-Z-VH@U) AU —

VL=V, L\V L ~Aa

__ Actor gradients are
solved along with the
updating of SCOPF
optimization variables

- ko

Model -a

dient erlvatlon

O =0"-nv,L-V,a

I
I
I At =2 nAA
I
|

Update neural networks
for descending
augmented costs

o Rt

Improved agent updating rule

r+m

r+m

bR =) _py = Zv “(s.2)

W KD 0k _ = ZV L4 (s, a)

o W b)

T 4% W b)

Tricks to improve performance

- . N

Data Generation

(G_enerale operating states 3} SCOPF L o0ty assessment Operation
with Monte Carlo samplin program points with
,FSSSsSss==s==sx * feasible
I( Distribution . \,\I Discard SCOPF
| «_Ofloads I - infeasible Solution feasible? solutions
| —r— : regions_J -\ -_

e Yes —
| i N ——
I ‘Day-ahead load N 1y —
\| predictions " Sl ) Gather feasible samples

Model Initialization

Sampling from
mini®batches
|

Initialize the actor DNN by
learning the SC

Initialized DNN
.
QOO

Training error

Generation
dispatch )

dispatch back propagation

Model initialization process

Data generation:

Monte Carlo Simulation to generate day-ahead distribution
of loads. The states with infeasible SCOPF solutions are
discarded.

Model initialization:

Initialize the DRL agent by supervised learning with SDAE
(using the OPF output to train the DNN). Initialize network by
minimizing differences of solutions.




1. Overview

B Hybrid Data-driven Method for Security-Constrained OPF

= Testing on 57-bus system
______________________________ I
> 10°%

2 ° Powe r SySte m S ° | l | "I"."" Operlation cost d‘uring super:/ised Iearnirl1g process ‘ . Disc u SS i O n Of Res u Its

—©—— Operation cost during the proposed learning process 18
2.1 Frequency control i A Brancn o vaton erng oot oroposes ioarrg srocass | | 16 . . -

I Supervised learning (OPF output) for training DNN

5.3 - e 2 ¢ = YA

2.2 Optimal power flow
2.3 Topology optimization

Average SCOPF operation cost ($)

3. Microgrids
3.1 Frequency control
3.2 Controller tunii o

3.3 Energy manag :m«ni

5.25

-

A

ABAALAL:

100

erage branch flow limits vioP@tion (MWZ)

\
\

—— e e e o e o =y
\

\j

f@pyr

gets oscillated costs (after fine-tuned initialization).
The physical model-based gradients tend to be more
stable.

Supervised learning (OPF output) for training DNN
does not consistently reduce the constraints
violation. The physical model based gradients tend to

minimize constrai
ch fl s violates.

34 Volt/Var control 15 T T I I T T T e e e e e e e e e e e m e ———— = -

& ====@---= Supervised learning (fine-tuned) 8 2 T T T T T

= =—&—=The proposed method (after 100 iterations) ,I sre@unes Supervnsed Iearnlng (fine-tuned)

= Benchmark SCOPF with IPOPT / 5.6 - |4 The proposed method (after 100 iterations) 7

S 4 Benchmark SCOPF with IPOPT
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Time intervals # of preventive dispatch

The comparison of branch flow limits violation with respect to different
samples obtained by different methods on 57-bus system

Time intervals # of preventive dispatch

The comparison of operation cost with respect to different samples
obtained by different methods on 57-bus system
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B OPF with Linguistic Stipulations — Problem Description

1. Overview

2. Power Systems

2.1 Frequency control

» Human > Algorithm
Human oversight in:
* Interpreting regulations
« Making decisions

« Implementing corrective actions
to ensure operational safety.

2.2 Optimal power flow
2.3 Topology optimization

3. Microgrids

3.1 Frequency control

3.2 Controller tunii o Human Cpearatorsin the T |
3.3 Energy manag :ment o - AW IGIVATE B LW i il | A S |

3.4 Volt/Var control ' Language-based Standard that specify
the performance of operation

1
|
I
| I
RC), ..f::abnhh' Pnnmzl:; — | : - :
I ' “Guide” ; » Human-in-the-Loop i
. . . I ° i i
: y LlngUIStIC | Human expert!se |.nterpret§ power :
| : . I system operation in the Grid Codes. |
— , Stipulations . ,
| e . > Informed-Decisions .
,*+ Difficultto : ; : .
I model I » Ensuring compliance and safety in |
! ' : operational practices following I
kel N I standards :
@< NANYANG [ : .
TECHNOLOGICAL Bttt |
U N IVE RS |TY Source of pictures: website (searched in Google)
Z.Yan and Y. Xu, "Real-Time Optimal Power Flow with Linguistic Stipulations: Integrating GPT-Agent and Deep 32

Reinforcement Learning," IEEE Transactions on Power Systems, 2023.



B OPF with Linguistic Stipulations — Problem Description
» Grid Code and Operation Manual

Country | Grid Code or Operation Manual 7
UK The Grid Code, documented by National Grid  [2][R1] E%?{ﬂsvest P.riOI’
Electricity System Operator Limited and Ofgem experience of

1. Overview

2. Power Systems

2.1 Frequency control

2.2 Optimal power flow i
Italy ITALIAN Grid Code, documented by TERNA [R2] operation
under different

Indlar? 'Electrlmty Grid Code', <'jocumented by Central [R3] scenarios
Electricity Regulatory Commission T
us Operation Manual for the IEEE 118 bus system [3] Manual for the IEEE 118
- documented by the Pacific Northwest National Bus Transmission Model
Laboratory
uS

[R4] September 2022 L| n g u |St| C
||

Operatin Manual _for general operation of Stipulati
nected [Systems fdocu th o : tipulations
n Energy|Stan@lards Board (NAE rl i
ansmission Codé™which' outlin e cOnditions tha [R5] e

2.3 Topology optimization

3. Microgrids

3.1 Frequency control

3.2 Controller tunii o

3.3 Energy manag :m«ni

5' ngapore th T . ) L t t Yousu Chen
e Transmission Licensee must meet.
3.4 Volt/Var control PR e———— Formulate
Singapore Market Support Services Code, which defines the [R6] e ggmfi”:uf“;vgéf‘s’??“m;gffyi,"fz‘?‘tﬁ“”g:m‘?r&:w context (input)
. ’ SWOR X s 1 & s et e i v 3 e
Standards Of SAnAEE prOVIder performance BREED (bus 10) is a;asslér:Ego;I generator that is (ﬂy]plcally kept cérglne m—g::ggs fo r G PT'Ag ent
Singapore Regulated Supply Service Code, which outlines the [R7] S0 10) st b oo vt r v e
requirements for market support services TR b o ook S o
10 a voltage collapse IROL.

[1] The North American Electric Reliability Corporation (NERC), “Reliability Principles”, https://www.nerc.com/pa/Stand/Pages/default.aspx. 2023.

[2] National Grid Electricity System Operator Limited, “The Grid Code”, https://www.nationalgrideso.com/document/162271/download, 2023.

[3] Pacific Northwest National Laboratory, “A Real-Time Operation Manual for the IEEE 118 bus Transmission Model”, PNNL-33499, pp. 28-30, 2022.

[R1] The Office of Gas and Electricity Markets (Ofgem, UK), “The Grid Code”, https://www.ofgem.gov.uk/sites/default/files/docs/2004/08/7885-grid_code_betta04b_0.pdf.
[R2] TERNA, “ITALIAN GRID CODE”", https://download.terna.it/terna/Chapter_1_Section_1B_8db5644575f445d.pdf

[R3] Central Electricity Regulatory Commission, “Indian Electricity Grid Code”, https://cercind.gov.in/2010/ORDER/February2010/IEGC_Review_Proposal.pdf

0, 1 2 NANYANG [R4] Electric Reliability Organization Enterprise, “NERC Operating Manual”, https://www.nerc.com/comm/OC/Operating%20Manual%20DL/Operating_Manual_20160809.pdf
& e TECHNOLOGICAL R5] Energy Market Authority of Singapore, “Transmission Code”, https://www.ema.gov.sg/cmsmedia/Licensees/Electricity/Transmission-Code-6Aug2021.p
% S8k G k hority of Si = ission Code”, h I / dia/Li /Electricity/ ission-Code-6Aug2021.pdf
- (o [R6] Energy Market Authority of Singapore, “Market Support Services Code”, https://www.ema.gov.sg/cmsmedia/Market%20Support%20Services%20Code_Nov%202018.pdf
/”\; U N IVE RS ITY [R7] Energy Market Authority of Singapore, “Regulated Supply Service Code”, 33

https://www.ema.gov.sg/cmsmedia/Regulated%20Supply%20Service%20Code_Nov%202018.pdf




B OPF with Linguistic Stipulations — Proposed Method

» Recent breakthrough of Large Language Model
ChatGPT is a chatbot developed by OpenAl based on a large language model to

1. Overview

2. Power Systems

2.1 Frequency control Chat GPT: produce text outputs.
2.2 Optimal power flow @ Essence of Ch_a_tG_PT: Proba_blllstlc model that analysc_es textg. |
- * Probabilistic: Answer is generated based on maximum likelihood.
¢:3 Topology optimization - Text: any questions; any requirements; any text formats. Output
Deciphering « Model: given a Context and Question, provide the Answer.  Pobapiies
3. Microgl‘ids the new artificial intelligence Softimax

3.1 Frequency control

3.2 Controller tunii o o
3.3 Energy manag m«nt I IPr t @@y rl
3.4 Volt/Var control ) 3 | > Add & Norm Ahjf.ff':i:
A Feed Attention
Forward F ) Nx
-
o I Add & Norm :
Nx ;—b{ Add & Norm | Ma;ked
epe . '\T‘ti'Heﬁld Multi-Head
ttention Attention
probabilities o | |y
— J —
Positional Positional
Response Ercoding (9 & Ercoang
Input Output
“Sampling Via Embedding Embedding
@ % NANYANG conditional probability” S N
TECHNOLOGICAL - ishited ight

X% 52 UNIVERSITY

Figure 1: The Transformer - model architecture. [1]




B OPF with Linguistic Stipulations — Proposed Method
= Mathematical Modeling

7777777777777777777777777777777777777777777777777777777777777777777777777777777777 )} RT-OPF Formulation

1. Overview

2. Power Systems

GPT-Agent Definition Role | | Memoryas |_,| APlorother | | GPT-350r | | OPF with Iinguistic stipulations '
2.1 Frequency control and Configuration Definition context z 1/0 other LLM | [
T T I | Cg (P: P.,Z A |
2.2 Optimal power flow e e I I mlnz ai{ G')+ZW‘ CalFe2.Qp A)
- : - DRL Agent - Interpretation - GPT Agent . , I
2.3 Topology optimization i L . I Satisfying operation constraints I
géwajrd Parse thfe qualitative GPT-Agent - n |
I3 analysis as JSON T P, —P, =V, ZVJ (G; cos s, + B, sing;) :
3. Microgrids | ' t - T !
g SR Aeart Actiera Rewards with reasoning Packaging resultsinto | | | Qsi —Qp VZV (G; sing; — By cos ;) I
3.1 Frequency control g and criticism text and question : :
3.2 Controller tunii o - max[RE", in[RF", P + R |
man-interpretabl |
3.3 Energy manag :m«ni r uIts Ian on | |
3.4 Volt/Var control | — - VY, (G; cos g +B, sing,) -V/’G, [< L™ |
|
| GPT Agent Is a Generatlve Model Sample from a probablllty | Ak,i (a,s,z, qi) < Ak,i,max (s, z, qi) |
I distribution under a contg}xt (conditional probability). e |
I Pr(x, Xy,.... %,) = [ [Pr(x | %, X;_1) |
| i=1 |
: P | Constrained DRL Formulation
i . : 11 N
I Parse the Results of C_EP_T Agent_. process string as JSON, : minz L.(a,6, 4, 1) I
I then process JSON as dictionary with multiple keys and values I 0 < I
t — 11 . . .
: Cai(Feir2,0;) = parseco{X - X 12,8,2,0;,8;3 | Primal-dual safe reinforcement learning :
G Q
5 o _ t
%ot %> NANYANG : Rager =[-2_Cai (F5) —W; 2_Cq; (2,5, 2,0, 8, ;)] 'l L=-R(s,a,0,2,q)+AC(s,,a,,0,2,9,) I
by S TECHNOLOGICAL L =1 =1 11 I
’\‘;’7 UNIVERSITY | T T e
) Z.Yan and Y. Xu, "Real-Time Optimal Power Flow with Linguistic Stipulations: Integrating GPT-Agent and Deep 35

Reinforcement Learning," IEEE Transactions on Power Systems, 2023.



B Simulation Results

1. Overview

= Simulation Results on 118-bus system

10° -
2. Power Systems : , 100
L] R — [ Y SO S S . S VI - Q" S—" . - N S G . :
MG o- ° I’ \g .8% @ /g:--‘&";_ "V_-’st &0 A ana -‘. < ',9 < contingency case voltage Post-contingency constraints violation: OPF based on IP method
~ oo gt N =N, gt s / - J Lo . N N e ° i
14 y / > N f: Ql}., \-\ / 90 Ew’ violation is too high and there = # = Post-contingency constraints violation: supervised learning
2 1 F re u e n c co 4] t ro I ) % AN = b= is risk for voltage instability.... Post-contingency constraints violation: Proposed data-driven
. q y 1.35 <7, — 80 é 'g 12 - The maximum loading — % = Post-contingency constraints violation: Safe DRL without GPT-agent
(25 2 - - *= =% | Bescentage is relatively low,
. 1.3 - —q70 S 8 N o .
2.2 Optimal power flow = 2 8 which % a posive facor.. .
= 1205 160 H 2 (other analysis)... Therefore, »
§ . o % 00| the overall féward is low. GPT-agent reasoning: The maximum ’
2 3 To pology optimization S 12k ds50 2 £ * contingency case voltage is slightly above I(
: % . g § GPT-agent reasoning: The ‘\ the limit of 1.06, but still within a safe ranger
§ 145 = —x— ¢ = e — » x = \ - —— g -’ e . x40 § % 0.6 | | Power system is experiencing ’ (other analysis) Overall, the system is )(
@ 1IN ~ - - ~ 9™ ity i i s erforming well. x”
o * * Gneration cost: OPF based on IP method for optimization 2 = voltage security issues fn both \ P 9 Ll 3
11 — ® — Gneration cost: Supervised learning & g the base case and contingency L PR ° i
® L «=::@+++ Gneration cost: Proposed data-driven .‘_9 8 case. Immediate action is required to k= —x” el P
° I C ro rl S 1.05 Generation cost: Safe DRL without GPT-agent o 8 0.3 || address this problem.
Linguistic reward: OPF based on IP method for optimization o -g
1k = ® = Linguistic reward: Supervised learning ©
3 1 Fre uenc co ntl‘Ol Q Linguistic reward: Proposed data-driven é =
— =% -— Linguistic reward: Safe DRL without GPT-agent 7 - -
* q y e e == T R e Y SU WU S S S S-S

t o _;, — 15 25 % = 5 20 25
3.2 Controller tunin o Ya) lityfo ng Iostcdp ison of di ‘ rl htithe nti (ﬁperformance
3.3 Energy manag m«ni PE methads against r m |oad in ateo gent

3.4 Volt/Var control

Average
performance

Average
generation

Average
contingency Qualitative - P_erformance . .
o Highest average score considering costs

and satisfaction of linguistic stipulations;

a  Slightly higher costs than benchmark

| 1
I 1
Method | !
I 1
I 1
- :
1
1.2393e5 80.87 0.0404 No I Optimization, 1
1
| .
I |
I 1
I 1
| 1
| |

score evaluated . ..
costs by GPT-Agent constraints objectives
— linguistic reward EME (1)

OPF based on
IP method for
optimization
= Speed

a Average 99.8% time saving.

a 0.000625s. Feasible for real-time

applications.

Supervised 1.2532e5 39.58 0.6963 No

learning

method

Safe DRL
without GPT- 1.2540e5 85.63 0.0080 No

agent v Best balanced performance
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B DRL for Power Grid Topology Optimization

1. Overview

= DRL for Topology Optimization
2. Power Systems A . Environment: Learning to Run a Power Network

) Environment: : . . |
2.1 Frequency control Messurementfrom | power systems E : Network reconfiguration: | |
2.2 Optimal power flow v ) : ' Reconfigure the topology for power network: lines I
A +  Agent: topology E E Substation T switching, substations busbars splitting and coupling
2.3 Topology optimization s controller ‘ ] | ’ o
: |/ . ’ \| : : : . . .. ey . I
} ! generations branch flovand | | ' ; : Maximize the remaining transfer capabilities for all time :
0 | he on/off f o : ' ; . .
3. Microgri ds b theonfoff satus of : : ; : (sometimes after contingencies) :
31F | 1 E E Reconfiguration action E I N |
-1 Frequency contro ; : ; (Node splitting/coupling, 3~ Maximize [1 — (Sei/Sum)?] (7.1a)
] ' i ] L "
3.2 Controller tunii o ' ' : swit Se) I
3.3 Energy manag :m« ni ; 1. Ay Ir ubsta y rI g , :
: : Action: decisions for lin \: : : :ACtion l i ] E ' .PGi T b= .(Gij €os Sij Bij St Sij) (7.1b) :
3.4 VoIt/Var control ' : switchi'ng, node splitting | ' ' : I o j=1 |
E i or load disconnecting ! . ' ~ "‘.‘\ e s |
et S TR | RSt S |
assdon () Action P T -4 Qi — Qi = iZ j(Gijsin 8y = Byj cos 8yy) (71c)
CEER2 e 2y 4 Reconfiguration Problem E = I
........................... - A . 00 0
! ! I
DON Penalty (—7,), power flow diverges Q"(s,a) « Q™(s,a) +n = [r+y*maxQ™(s’,a’) —Q"(s,a)]  (7.3) I
N
=141 . (7.2) I
Agent (s, a) —Z max[ 0,1 — (S.i/S.mi)?] ,otherwise
S N - o L(6) = Z[(Tt + ¥ max Q" (S¢11, Are1;07) — Q7 (Sp, ar; 6))?] (7.4) I
&t NANYANG 7 I
- TECHNOLOG!C /A L |5
R0 e
/’3\ UNIVERSITY Z. Yan, Y. Xu, "Topology Optimization of Power Systems Combining Deep Reinforcement Learning and 37

Domain Knowledge," Automation of Electric Power Systems 46 (1), 60-68, 2022. (In Chinese)



B DRL for Power Grid Topology Optimization

1. Overview

» Topology Optimization Results: IEEE WCCI Competition

2. Power S Stems 15240 MW 11 .
y soon 1 Much better performance than exhaustion and no
2.1 Frequency control s ! | control with 45.5% less costs, while saving 92.3%
2.2 Optimal power flow o “ : ! ! computation time.
1646 MW 3 e o 0
. . . 12.15% 16,525 -1 Sw.\!lW 810N I I
2.3 TOPOIOQy optimization I - 5 b St : : Method Blackout Operation Total Improvement
b Ll Cost/$ Cost/$ Cost/$ /%
3. Microgrids . k1
. g o : ; Proposed 0.0 4.738¢6 4.738¢6 97.17%
o) |
3.1 Frequency control 5 y : 1 No Control 1.650e8 2.212e¢6 1.672e8 0.0
- 1l
3.2 Controller tuni o Eafore: branch flow con >tm|nt /|olat| MRS . :
3.3 Energy manag mcnt \ -

. N
0.00 MW @55 37 90 MW ‘,' PO MW

SITOOMW DN

3954.23%

3.4 Volt/Var control

24.80 MW §

LIOMW
31.40° 9

0.00 MW

Ty 17.40 MW (3, STATE Gi
.70\ RID
g 62.11% g 43,14 ({. GEIRI NORTH AMERICA
16.26 MW § aisn |l LI0MW et 7.06% \7 SRMEANE XTI "15“7’"?:‘." :
-11.50 MW qaa\:‘u@;n SAD MW . V. /
94.84% 96.00% y 4 éﬂ'“¢ezr‘z;‘c C w ‘!z‘t

71.08%/ ¥

@I'M \(\\
This certificate is awarded to
Ziming Yan & Yan Xu

School of Electrical and Electronic Engineering, Nanyang Technological University

For Ranking 3rd at 2020 WCCI
Learning to Run a Power Network Challenge
The L2RPN Team - 07/07/2020
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1. Overview

2. Power Systems
2.1 Frequency control

2.2 Optimal power flow
2.3 Topology optimization

3. Microgrids

3.1 Frequency control
3.2 Controller tunii o
3.3 Energy manag :m«ni

3.4 Volt/Var control
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B Vulnerability Assessment of DRL Model

= Motivation

The previous Chapters are mainly based on deep reinforcement learning methods, whose performance partially

inherits from deep neural networks.

+.007 x

(9J3u

Yam NTEH: Opyigh

ulnerability of deep neural networks

eslgn(V J(G z,y) |

Reward

State
(input)

A

Environment

Provide rewards
Policy Take Evaluate performance

parameter 6={W.5}

Observe state

r atIOI’l

ay | y small
4 ao cks) of input
ange

It is important to evaluate and mitigate the security risks of DRL models in

= Reviews
e ettt
: » Many recent attempts for leveraging DRL into
I power systems.
1
1 TS SYStems_< * Very limited works have investigated the
| community vulnerability of the DRL models in power
: system.
|
1

__ + State estimator not sufficient against attacks.

I
1

1

I DRL research
: community
1
1
I
1

power systems before deploying the DRL models in real grids.

* The performance of DRL agent inherits from
deep neural networks (DNN).

» Practically verified that adding small
perturbations in the input data may lead to
drastically different control actions for DQN.

* DRL model’s behaviour can be intriguing and



B Vulnerability Assessment of DRL Model

1. Overview

= |dentify the vulnerabilities When-to-perturb: criticality-based timing
2. Power Systems T —
Construct adversarial perturbations | | How-lo-perturd | hibiectporturbation. N
2.1 Frequency control | i take}asnona £4 (3).take action a’ ! Q i |
2.2 Optimal power flow Adversarial perturbation to mislead the DRL I B e P IO S N L= . ¢
. i — f (4) power flow diverges! !
2.3 Topology optimization model to make a wrong action : : ; ' . :
, T i PR
- o S =S+ A (- :
3. Microgrids &= (7:6) ST . i I
I I E 3 08 - ‘, i
3.1 Frequency control a, = argmax Q™(s;|0) 77 1 N ? ~ B o
3.2 Controller tunii o R :
N | v i
3.3 Energy manag ment aln € B (s) (s)+ | I | Lol
3.4 Volt/Var control L~ e e L I ——
Optima| attack strategy with maximum effects I 1  Thevalue of vulnerability indices with respect to time under FGSM attack (actual |
| I index value divided by average value for normalization) |
\ T—1 I I The attacker-preference is calculated: :
ko'---:ka?rllrtl):---ﬂi Z Ea~n(st+ktlt)ytrt (7'10‘3) : :_ p(sy) = maxateAﬂ(StIat) - maxateA\{a*}”(stmt) (7.11) [
t=0 I ______________________
s.t. 2ll, <€ forallt (7.10b) |
Y-k, <N (7.10¢) : :
_______________________ o The fast gradient sign method (FGSM) is leveraged: 1
s — s + ¢ . sign(V.L(mg(s),d I
- TECHNOLOGICAL T
Y \‘/.
\}’,\; UNIVERSITY Y. Zheng, Z. Yan, K. Chen, J. Sun, Y. Xu and Y. Liu, "Vulnerability Assessment of Deep Reinforcement 40

Learning Models for Power System Topology Optimization," IEEE Transactions on Smart Grid, 2021.



B Vulnerability Assessment of DRL Model

1. Overview

= Vulnerability index: to evaluate the risks of DRL models in power systems against the
2. Power Systems attack and data perturbation.

2.1 Frequency control
. Probability-based criteria Gradient-based criteria
2.2 Optimal power flow

2.3 Topology optimization

» Overall vulnerability

|

: » Operational vulnerability
| failure rate, expected performance decay (EPD),

|

I

p-function: risks of being mislead.
expected performance decay rate (EPDR) Gradient saliency: sensitivity of DNN to perturbations

3. Microgrids

3.1 Frequency control

3.2 Controller tunis o Y EPD = NT US, "] C 63 p(se) = Fiat AT (s O z\{a (selae)  (7.16)
3.3 Energy manag :m«ni p y rI g ; (i _ N T 4
I

|
|
|
|
|
!
I
|
(7.15) I
|
|
I
|
|
|
|
|
|

3.4 Volt/Var control EPDR = i(sD[1 — R;(s{16%)/R;(5;16")] (7.14
where where,
Failure rate N, /N,: percentage of diverged power flow G Cpe RS DIREUEIIIG Elai St INEIA-
solutions

A: the action set.
a* = maxg, e a7(s¢|a;) is the optimal action with the highest
future return

7;(s;) : the probability of i-th abnormal state s; to happen
R;(s;|6") , R;(s{|8") the control rewards for environment

|
|
I
I x;:the i-th state variable.
I
I
state before and after perturbations: I
I

I The indices quantify the importance of control actions
I and the sensitivity of neural networks to perturbations I
I under certain states |

The indices quantify the overall DRL performance

|
|
|
|
|
|
|
|
|
|
| under massively sampled datasets.
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2. Power Systems

2.3 Topology optimization
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B Vulnerability Assessment of DRL Model

= Assess the vulnerabilities: 14-bus system

The performance of DRL with and without attacks

< p-function index predicts — — — Branch flow of transmission line #1

6 the malfunction of DRL Gradient saliency security index -
p-function security index

3
8

Branch flow (MVA)
Branch flow (MVA)

5000

3000

20 00 2000 -

0
Transmission line (#) . ‘ 0
Decision time step (#) Transmission line (#)

2000 2500 3000 3500 4000 4500 5000

step (#)
withi respgct to time L
y avgrage or

o W

Ratio between actual value and average value

Decision time step (#)

N \
(b)
respect t e in competition 14-
att

0 500 1000 1500

he vulnerabilityfin
index val@e divide

a)

| |
b 0 ranch flows rgsults
us sys aga

1 !

1 !

] Method CAR=N,/N, EPDR = EPD / A.S 1 !

1 (C/Non-C) ;!

| No attack 0% = 0/0 0% = 0/3347.1 0/0 '

1
Rand 0.021% =

| ! A6%=823/31577  A6K/0% 02ms ! |

1 Noise 5/23709 1 : |
1 1

FGSM 0.101% = 32.1% = 1073.2/

! ° 31.4%/0.7% 22ms ! | !
| (every step) 20/19817 2273.9 : | :
] Critical ! |
| attack 0.3860% = 32.1% = 1072.6 / I ] !
! ' ' ' 31.3%/08% 31ms 1! I
] (chosen 18/4658 2274.5 : : ms (@) (b) |
1 1 Topology decisions based on DRL (a) before and (b) after deploying perturbations 1
1 step) 1 : (attacks) for IEEE 14-bus system at time 18:55 of 03, Jan 1
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1. Overview

2. Power Systems
2.1 Frequency control

2.2 Optimal power flow
2.3 Topology optimization

3. Microgrids

3.1 Frequency control

3.2 Controller tunii o
3.3 Energy manag mcni a n
1.

3.4 Volt/Var control
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Microgrid Definitions

EXAMPLE ;ﬁ:ﬁ%%

& Facilites MICROGRID Clean Eneray Source of picture:

PN Oo
- ||||
2 [t

World Economic Forum

Microgrid
Controller
Electricity Grid Heat & Power

The U.S. Department of Energy (DOE) defines a microgrid as ‘a group of interconnected loads and DERs
within clearly defined electrical boundaries that acts as a single controllable entity with respect to the main
grid. A microgrid can connect and disconnect from the main grid to enable it to operate in both connected or
island-mode’.

The CIGRE C6.22 Working Group defines that ‘Microgrids are electricity distribution systems containing
loads and DERS, (such as distributed generators, storage devices, or controllable loads) that can be
operated in a controlled, coordinated way either while connected to the main power network or while
islanded’.

N. Hatziargyriou, Microgrids: Architectures and Control, UK: Wiley-IEEE Press, 2014, ISBN: 978-1-118-
72068-4. describes the microgrid as ‘comprising low-voltage (LV) distribution systems with DERs. Such
systems can operate either connected or disconnected from the main grid. The operation of DERSs in the
network can provide benefits to the overall system performance, if managed and coordinated efficiently’.
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1. Overview =  Microgrid Structure

Wind Turbine Photovoltaics Main Grid

Main . . el [>®_/,—
Grid . Microgrid %

2. Power Systems

Electrical : T
- + ACFeed
2.1 Frequency control Ty & CORED % | % | | | 1 1 i
N B . PV . . . ... Communicatign
2.2 Optimal power flow mnicerd S T | l I
2.3 Topology optimization ] Microgrid -
P 9y op & Controller - Microgrid-1 ) **°* Microgrid-i ° Microgrid-n
Main Grid

3. Microgrids

(a) Parallel connection

3.1 Frequency control E_@_A_ Math o v

3.2 Controller tunii o ¥ H_2

3.3 Energy manag mcni c rI |
3.4 Volt/Var control = c"};%z_\ir :

S

Microgrid-i

Single Microgrid
icrogrid-n
* Islanded mode or grid-connected mode

Microgrid-1

(b) Series connection (c) Hybrid connection
- Limited generation capability, low system inertia, Networked-Microgrids (NMG)
and geographical boundary « Interconnected individual microgrids

& NANYANG
LSO IElNE Y. Xu, Y. Wang, C. Zhang, and Z. Li, "Coordination of Distributed ¢ [yi '
UNIVERSITY o el GllB o T Diverse supply and demand profiles

Energy Resources in Microgrids: Optimisation, control, and hardware-
in-the-loop validation,” IET Press, 2021, ISBN-13: 978-1-83953-268-9

.45 )
» More complex network structure and interaction
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3.1 Frequency control
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= Smart Home: Nano-grid

Smart Home Appliances

Smart Air =

Smart Plugs

Washing Machine

0
)
&:zfs 6

Flexibilities of Smart Appliances

Time-shiftable Appliances: Washing machine, EV charging, etc.

Power-shiftable Appliances: Air Conditioning, Lighting, etc.

Home Battery (or EV)

Optimally managing
flexible appliances for
maximum usage of
renewable energies (or
minimal user electricity
bills)
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3. Microgrids

Interoperable o T 4
Grid of Grids WG, T
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3. Microgrids
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REIDS Industry Collaborators

© DetRs:

Diesel, Bio-mass, Bio-

Renewables:
Solar, Wind (onshore
/offshore) & Tidal

9 Energy Storage/H,
Batteries, Supercaps, CAES,

Flywheels, Power-to-fuels

and H2
SONY gﬁ e

fuels, Fuel Cells

Rolls-Royce anGie

EN&QGIESD REC
Trinasolar XANT . — BN
CNGIC & &mnum
§ZSUNSEAP s
Schnelder
gkiec tric

¥a\[;]izati£
izati ergy/Power

Optimization Al, En
Management Platforms

INETRON Schneider

l

@Techno-enviro-socio Impact

Techno-socio Economics, EIA

Certification

ClassNK VDE

RENEWABLES

SO
NS
\

NﬁJ Copyrig

@Microgrld Controller:
SW, HW, AC-DC Hybrid Grids,
DERMS, SST & Power

Electronics
METRON cncie @ Rolls-Royce
<seoF IDSUDEM» &
ENERGIES EMERSON
#SOCOMEC <,

- \\L ;_
= DS [
/" ‘l_,.\ X - 7\
" B
9 Multi-microgrid Systemu

Interconnection, Urban Mesogrids, Blockchain

' Energy Trading, Resilience And Security

ONDER  evenson

L
- -
- = €eDF

g\cs
Data Analytics & Control

ANLA

Systems _
&
BiMETRON  gwerson

@Rational End-use:
Utilities, Urban Residential,

Industrial, Agri Loads,

Desalination & EVs
National
{# RENAULT w Environment
Agency
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= REIDS Electrical Structure

Cluster-1 Cluster-2

REIDS
Hub 0~~~ - _

Central I
Lmk Bus | I

3 . Micro g ri d ) SOKVADiesel  10kWpWind  200kWpSolar  S00KWH Storage 35nkm Load ssuwa Load 500kWhStorage 200kWpSolar  10kWp Wind SOKVA Diesel |
N »— | —
000 - . -

Ao {1\

Shared Assets Set

Sharsd Assets Set- 2

6.0k

Central

. vV Link Bus
p i
X 9)
T. Jiang et al., "A Microgrid Test bed in —
Singapore : An electrification project for —
affordable access to electricity with
ElectricVehicles Aquamlbarn: _ Residential _ Industrial

optimal asset management.," IEEE
Electrification Magazine, vol. 5, no. 2,
pp. 74-82, June 2017.
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REIDS Components

350kVA Programmable Load bank Sttt
. Py

3. Microgrids
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= REIDS Components

1. Overview

— 200kWh Li-lon LFP
2. Power Systems 70kW Hydrogen ‘ = ___Murata
2.1 Frequency control : IR  : i

2.2 Optimal power flow

2.3 Topology optimization

3. Microgrids

3.1 Frequency control

180kW i Li-lon NMC
Drrapov/ r_Z“‘T| life EV

3.2 Controller tunii o

"-0"‘0—- l i :

3.3 Energy manag :m«ni

3.4 Volt/Var control
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1. Overview REIDS Components

2. Power Systems
2.1 Frequency control

2.2 Optimal power flow
2.3 Topology optimization

3. Microgrids

3.1 Frequency control
3.2 Controller tunii o
3.3 Energy manag :m«ni

3.4 Volt/Var control

:A

150KVA Gensets %Y 200kWp Solar
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N Overview Microgrid Control Hierarchy and Architecture

Tertiary Controller 7 7 : 7
2. Power Systems (Energy Management) ‘ ‘ ‘ ‘

2.1 Frequency control

J Power System

i i DG-1 J DG-2 J «=x DG-i J .=  DG-n J

T
1
1
1
1 1
L4 . 3 % ol
___ oecondgary Communication ‘\‘ J
o -

(a) Centralized Control

Primary Primary Primary
Controller 1 Controller 2 Controller N 7 - Power System 7 J

3. Microgrids 0 ' f romer Sy ) | | | |

3.1 Frequency control !
3.2 Controller tunii o
3.3 Energy manag :m«ni O

.
3.4 Volt/Var control ! E

2.2 Optimal power flow

2.3 Topology optimization

(b) Decentralized Control (c) Distributed Control
wcehmess
»  Tertiary control (centralized or distributed)
= Energy management, volt/var optimization _ L * Suffer from single-point failure
Centralized Global optimization  Unsatisfying reliability

» Secondary control (centralized or distributed)
= V/frestoration and accurate power balancing

* Heavy communication burden

Fast and do not need

> Primary control (decentra“zed) Decentralized communication Lack of global information
e3> NANYANG * Inner control loops and droop control .
RSN DIMelcl[VNM - | ocal V/f regulation and power sharing o STl BEOENES il » .
Distributed reduced communication Sensitive to time delay
UNIVERSITY e >



= Decentralized Frequency Control of Networked-Microgrids

1. Overview il _ _ _

ag@ 5N Single Microgrid

," @im oG \ * Distributed energy resources (DERs): DG, ESS, flexible loads...
2. Power Systems e ) ; - Islanded mode or grid-connected mode
2.1 Frequency control wonara1” S L - Limited generation capability, low system inertia, and
2.2 Optimal power flow N geographical boundary
2.3 Topology optimization A W\ ‘

: : LR . m& ..  Networked Microgrid
3. Microgrids ,/ Q&@ C? \ / @@,@@ C?@ " <Interconnect individual microgrids
Y >/ eDiverse supply and demand profiles

3.1 Frequency control \ \

\’ //
t - | P h/ * More complex network st interaction
3.2 Controller tunii o oeridd S~ @ |
3.3 Energy manag :m«ni ; _a mes i b - O;:p y_r.l g _______ :
3.4 Volt/Var control ' Decentralize requency Control equency Co

I and Economlc Issues.
Mostly model-based: modelling complexity
and parameter uncertainty

Decentralized || Decentralized Decentralized
Controller 1 Controller 2 Controller N

o1

B Separately considered and hierarchically designed
(different time-scales of secondary and tertiary controls)

B System will deviate from the optimal operation points
(renewable prediction errors during dispatch intervals)

1
1
1
1
1
1
1
1
1
: Economic Frequency Control
1
1
1
1
1
1
1
1

Control objectives: economic issues + frequency restoration

APp(S)

® AP( {S' KK KI \ KJ"
> > » 5>
’? L+ 5T, " T ltsT,
] -

AF(S)

Y

Microgrid Network

&3 NANYANG

TECHNOLOGICAL [ it
Y. Xia, Y. Xu, Y. Wang, S. Mondal, S. Dasgupta, A. Gupta, and G. Gupta, “A Safe Policy Learning-Based Method for Decentralized
and Economic Frequency Control in Isolated Networked-Microgrid Systems,” IEEE Trans. Sustainable Energy, 2022.




= Problem Formulation

1. Overview Ctreall lBnE Frequency Response Model of NMG System

T T A linearized load frequency control (LFC) model with

3.1 Frequency control

= O
. ) . v
3.2 Controller tunii o YE ! 'S the bat U rOgC I,,,,j N T ' | !
| | - )
3.3 Energy manag me«nt i th rate te apacity, O py - -|—--- !

3.4 Volt/Var control : Ng» Nc indicate th dlscharglng and charging efficiency. I ESS f requency support
A dynamic relationship betwe%n hattery output power and SOC

dis

" Busl  Microgridl | | BusN Microgrid N | m‘ﬂt_i?'_ef_o_r]t_r?l .. 2 |
2. Power Systems | | | L | | I |
| — | eoe | U _ | :
2.1 Frequency control | @ | | @ | | \pic
2.2 Optimal power flow \_——__ESS PV Load| \_——_ _ESs PV Load] v
. . . Schematic of an islanded NMG system |
2.3 Topology optimization | ith microgrid
l ESS modeling : R
3. Microgrids | State of Charge (SOC): : |
I EI PI dis /77d|s _ PI ch 77ch At SOCI _ Eti / Ei,rate : iAp_J:
: l
1 |

: State of Health (SOH):

& NANYANG

TECHNOLOGICAL
UNIVERSITY , ' the range of [0, 1].

Restore SOC under extremely high/low conditions.
If SOC is within a normal range: ESS output can be adjusted
by adjusting the parameter of the curve p. 55

1
l Note that SOC and SOH values are normalized within

| I

I

! | [

: ! Pmax I _____________________________ f | I

! SOH degradation: ASOH(t) = SOH(t) - SOH(t-1) - | Adjust reference parameter L :

. B _h. I G _~ P varies in proportion |

: ASOH, =SOH, -SOH, , =h -SOH, , : : Par / | to changes of SOC :
a | _ |

| ASOC, =SOC, —SOC, , I e | p=-1 's0Ce[soc,, socc] !

! htis the degradation factor, o l pref = pret. I

| a1, az are degradation coefficients determined by battery ; b [T S S A :

I characteristic. I ;0 SOCh SOCsq 05 SOCc SOCp 1 i

I [

I [

I [

I [

| I




DRL-based Decentralized Economic Frequency Control

1. Overview F6“?'i_’le__a_e_’lt_r_;'_i_z_';‘i_E_ef_r_H‘_EE’________________________________________T_"i : State (Input of the agent): Sti = {Aft‘, |3t[1L, Pt'_; pt[t; , |:>t[1PV , pt[;’V R[tF;V} :
Environment: Networked Microgrid System 11 It jmplicitly integrates the forecasting of PV and load into the proposed method. I
[ | . i i,C i |
2 Power Systems Microgrid 1 Microgrid i Microgrid N i Lo Action (Output of the agent): atl _{Aptl ) ptl} |
. -----I ------ | t ————— l ==y : AP}:C denotes the change of control command in the frequency response model !
2.1 Frequency control |[State 1 ] [Action || [Actionn |[swen ], | 1 P denotes the reference parameter of ESS characteristic curve at time slot t. :
________ 4 d Se=e e ——— T—— 1 . . . 1
2.2 Optimal power flow Sty fewarn Sty i , Reward: Evaluate the pewrformanf:e fcr)efr a pair of state and action {s(t), a(t)} !
. Cr — a” R®+a™ R R :_;‘]“’f“’ minimize frequency deviation !
2.3 Topology optimization L | o RPe :_Z al _(Ri,oe )2 4. pioe +Ci‘ and total generation costs :
Agent N Pl ieN _ 1
. . e 0 cTt ! : Constraints: Guarantee the safety of the policy @ <o, <o’ I

ate ate . L : : : ; - . .
3. Mlcrogrlds o i ' 1 0<PC <P -1<p'<l 0<SOC}, <SOC/<SOC! <1 OSSOH['mnSSOHt'SSOHI;axsl:
Policy Learning & Policy Learning & S P Py -
3.1 Frequency control Safety Model Update safety Model Updare [ EEE Rl el e e e |

—E— N |
3.2 Controller tunii o Bt . i io rlatiof
3.3 Energy manao -mqnt : 11 = a 1§ uggiog: ap hefac ted reward
gents gent \aximizing the reward wh

3.4 Volt/Var control

|
I
|
|
lle acting for exploration 1
I
|
|
|
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%)

the cost value based on (s, a,) before conservative action to replace the unsafe
the action is executed action 56

i
|
gl |g | 1 Actor network (continuous space): & =7(s.,& ) =tanh(u,(s,)+0,(s)-&)
I e oo o s T Tttt lmtoleltoteted -
2 el |2 2 =
2|18 Control Actions | : ) Environment Observed State —>  Agent I :
3 O| |0 3 : n conflict T ¢ |
Microgrid 1 Microgrid N : 1 m.‘ yRERSIE y Execution Action Agent Action :
- - . - I I - - - - -
| Online Decentralized Application | 1 B Avoid constraint violations during Gui danje Action Yes : :
; offline learning 1 @ Safey Evaluation :
Two stages ; B Monitor the safety of action durin . . I
. . . y 9 Guidance Action <2¥2
B Offline centralized learning I online application e :
ol o e . . . . | . . o -
%ot %> NANYANG B Online decentralized application I Safety evaluation network: predict ~ Guidance action network: generate a I
I I
I I
I I



= (Case Studies

H e ———— T T T T T T T T T T T T T T T e 1
1. Overview I Offline Training o 0 I
1 (= — — — — — — AN Mini-batch sampled |
1 | MATLAB | from replay buffer '__E)_P_ ;I_— _l_1__| - -100F 1
b o o o~ ] | ) PyTorch s 1
I Initialize | ! SIMULINK | | N g
2. Power SystemS ! DNNs_ = Matlab/Simulink Interface: > > | Python Interface: & 200 Episod d I
21F trol ! | Run simulation model, COIIECt' Trained DNNs :_ Policy learning : é MASAC with EJIISO € rewards :
o requency contro | :__t@llsgli)rls_ag@ela_y_bllfje_l’_: —————————— & 300k asac with sate layer | | :
2.2 Optimal power flow : The offline training framework of the proposed method. 400 , , — A :
2.3 Topology optimization : TABLE PARAMETERS SETTINGS OF PROPOSED ALGORITHM P w0 __son 6°|°° I
. 8 Wwith saie layer I
! Parameters T .
: Learning rate A 1e-3 Discount factor y 0.99 =y —wanore. Number of unsafe :
3. Mlcrogrlds l Adam Entropy weight 0.02 E I
1 : - s
3.1 Frequency control | Size of minibatch m 4000 Soft update rate A, 0.01 5 :
' 9 y 1 Activation function of Starting eplsode of safe § 1
! I
I

3.2 Controller tunii o

_hidden lye N i GO

3.3 Energy manag :m«ni

operating points

G in Mlcrogr1d2 g #  Battery |
3 .4 VOItlva r co ntrOI 03 DG in Microgrid3 DG in Microgrid4 0.05F #*  Battery 2
0.3 Loadl Load2 0.04 PVl PV2 : #*  Battery 3

Load3 Load4

PV3 PV4 Battery 4

£0.035

o
[oe]
O

0.03F

%3
|
(

DG power/p.u
< o
)
Reference Power/p.u
. s

0.025

I

—

O
o

Load demands/p.u.
(=]
[\

PV generation/p u.

3.5 4 4.5 5 5.5 6 6.5

I

|

I

I

|

|

I

I

1

: Generated power of each DG
. * Input data (a) Ioad demand (b) PV generatlgg p 085
1
|
|
I
|
|
I
I
I
|
I

I

o

)
w

The characteristic curves and operating
points of ESSs in the NMG system

15

o
—

S0.U1 After adjustment

by Equation (12) E] Proposed method B ==
-qed ., 4 08 After adjustment | [[----~- MASAC without safe layer
by Equation (12) 10F MADDPG
-(.66 0.75
-7.68 | 0.7 5k -
T T =

0.7 0.65

Reference Power Outnut Power Reference Power Outnut Power

wn
S
T

Power/p.u

frequency/Hz
B B
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O Ne
(%) \O
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_ . _ . . . Reference power and output power in case 2~ * Cumulative costs based on =
Frequency response of the NMG system  (a) ESS 2, SOH2=20% (b) ESS 4, SOH4=70% different algorithms
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B Distributed Control

1. Overview

v" No need for a central controller
2. Power Systems v One node only communicates with neighbouring nodes
2.1 Frequency control \\; Share com_rr_lunication and computation .b.urden among nodes
2.2 Optimal power flow Higher resilience, plug-and-play, scalability, data privacy
o e 7O Al 2R Example of communication graph Adjacency matrix of the graph

3. Microgrids

3.1 Frequency control
3.2 Controller tunii o
3.3 Energy manag :m«ni

3.4 Volt/Var control

Two conventional consensus rules:

& NANYANG

TECHNOLOGICAL lim||x, (t) - x. (t)”:O lim||x; (£) - %, (t)]| = 0
UNIVERSITY oW N T bel T T -

: a) Average consensus control b) Leader-follower consensus control
()= D a0 1) -x (1) X (1) = 22y (0%, (0 =% (1) + 9, (%O = % ().
| JeN; j=1




. B Distributed Frequency Control of Islanded Microgrid
1. Overview

0 Model-Based Method (Leader-Follower Consensus Control)

2. Power Systems

0 g ; |
2.1 Frequency control Inverter-based DG i :gi = -, Primary Control:
2.2 Optimal power flow L m r
e la)i_a)n_KPl(Pi _Pi)’ IEI|nv:
2.3 Topology optimization @} @} {D} Low Pass Filter AC Bus I I
\zP" =P —P" !
R IPVN A RN P !
. . C = g
3. Microgrids 1)
3.1 Frequency control ' Secondary Control
3.2 Controller tunii o

M 2P LG 7

|
|
|
|
AU, _Zakl +gk(fk_fn) i
:
|
I
I

3.3 Energy manag :m«ni

3.4 Volt/Var control

Power Computation

m

7.
' Droop Control >

+Zakl (KflPIm - kapkm)

1=1

' Secondar SR | e T T T T
'Controlle?/ S8, (KPP =K, ") CH IR AR DrawDacks :
; vy R 23 || 1 1. Fixed control rules are non-adaptive !
| o, | 2§ |! | 2 Hard to realize optimal control |
i > (f—f)+a(fi-f,) i« | =8 | ' 3. Susceptible to time-delay !
S ! : © || 1 4.Relies on accurate system model i
&4t $> NANYANG ! o I
} [} I

and parameters

' TECHNOLOGICAL oo _____________ N I
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B Distributed Frequency Control of Islanded Microgrid

1. Overview

O Data-Driven Methods (Deep Reinforcement Learning)

2. Power Systems | ittty
y : v' Model-free : Problems in the Conventional DRL methods
2.1 Frequency control I v Higher flexibility and scalability I | 1. Large amounts of parameters to be trained.
2.2 Optimal power flow | ¥ Faster solving speed : | 2. Heavy training burden _
... I' v “Trial and Error” interaction with a dynamic system to find an ! 1 3. Problem of Scalability: more DGs in the system
2.3 Topology optimization : optimal policy. : I means more agents

3. Microgrids O Development of Quantum Computing

3.1 Frequency Control Theoretical Foundations
1970 #1980 1981

3.2 Controller tunii o - - . ~
3.3 Energy manag -mnt a I I Y ' n, ies ol @ i Fonlrer rred

524

Topological

e o . Quantum ordor
3.4 Volt/Var control T I 120 & O
Development PRE=X A
2000 1996 1994 1994 1985 1984 Bonioffs Quantum
A f\ f\ e Turing Machine
Race A\ %4 i 4
First Trap lon D'Vnmmxo Critoria  Grovor's Algomhm Shor's Algorithm Dovtsch's Universal Quantum
Quantum Computer For Quantum Computer Quantum Computer Cryptography
(BBas Protocol)
Circuit
QEp ‘
Dome.
Ongoing Advancemonts
/ - 2007 2007 2013 2016 2019 2020 2021 2022
S P P o P P o P
e S & 7 ~ 7 7 7 A4 7
-~ The Transmon D-Wave Ono Rigotti Microsoft Google 1BM c = e
Suporcenducting Quantum Annoaler  Computing Station Q Q Q Boosiling sl o #
Qubit Supremacy  Roadmap v g =

%WJ {@} %\m&j NANYANG DiWwave m 8 Micosot (59 Jg|e IBMQ ?“‘4:“? “_"’j“""""' =

§§ TECHNOLOGICAL i
' NIVERSITY A Brief History of Quantum Computing (Web Source: Quantumpedia) 60




B Quantum Computing and Quantum Machine Learning

Quantum computing exploits the principle of state superposition to achieve exponential-scale computation space and
accelerate computing speed.

1. Overview

2. Power Systems Quantum Bit (Qubit) Variational Quantum Circuit (VQC) ' R(a,B,y) =R ()R, (B)R.(y)r  Unitary Operation
21F | ) = p|0) +<[1) Encoding Layer Circuit Layer ! L Utu=Uuut=1
.1 Frequency contro =PIV rely e == IF— - - === - i X !
220 : |y fl : |OH:R‘”(61)HR"(¢1)H: _"‘“ﬁl’“ -' ER(")z{_?Zassfe//Z;) 222'229/2?} ¥ 100 0]
.2 Optimal power flow . . n |
_|'{R9:(62 HRZ ¢’2)I'|Q (02,52,72) | I ) i 01 0 0Of:
2.3 TOpOlOgy optimization Rotation OperatorGatI : X R (0)= cos(@/2) —sin(@/2)| ;, CNOT = 000 1 .
#R(Hs LR ¢3)||'CNOTGale R(os, B3,19) i A], | sin(@/2) cos(@/2) | i1 5 o 0:
[— : % |
. . 0) [ Ra(00) |- R (60 h#—é A ' R {exp(—elz) 0 } -----------------

3. Microgrids RS om0 ap(eora)] |

3.1 Frequency control Users Appl|cat|ons Software offerings Hardware / components

Soloct examples oppod [0 vorticels Inclucts = ool soMvare Sojoct oxample = ony — nol
rep: esonio e of an'iro ecosystom

3.2 Controller tunii o

3.3 Energy manag :m«ni

3.4 Volt/Var control
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B Distributed Frequency Control of Islanded Microgrid

U Proposed Data-Driven Method (Multi-Agent Quantum Deep Reinforcement Learning)

Performance

Input o— H{ ]

(observed state)

g -

3.1 Frequency control

o]

Offline Training v Critic: Q(s,a)=Q, +Q,
____________________________________________________________: frequency deviations power sharing deviations
! T N ) - T N N N Kfj .
— Critic E Qs __;g(fi(t)_ fn) Q, __;:ZI:;[PI (t)_K_ﬁ'Pj (t)
E v' Actor Network (Hybrid Parallel Structure)
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. o Evaluate ] = P P ;
3. Microgrids | O
:
]
]
]
]

Lopyrl

Output:
""""" secondary
E control signal
Update : — a; = Au;
Parameters :
__________________________________________________________________ i ~Quantum Neural Network (QNN)

ii  QDRL-based 4—' QDRL-based 4—' QDRL-based i Input: local measurements and neighboring information

i controller 1 -—p. controller 2 -_p. controller N E S, =( f,P",F"™, Pinb)

EI . . . R b . F"™ = { filie Ii}, P"™ = {ij | je Ii} Neighboring information

1i Primary Control i i Primary Control | i Primary Control i _
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TECH NOLOGICAL i=1 =1 j=i fi i=1 i=1
% UNIVERSITY R. Yan, Y. Wang, Y. Xu*, et. al, "A Multiagent Quantum Deep Reinforcement Learning Method for Distributed
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B Distributed Frequency Control of Islanded Microgrid

O Simulation Results
= Case 1: 4-DG Microgrid , , , _ 510t : . :
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1. Overview

2. Power Systems
2.1 Frequency control

2.2 Optimal power flow
2.3 Topology optimization

3. Microgrids

3.1 Frequency control
3.2 Controller tunii o
3.3 Energy manag :m«ni

3.4 Volt/Var control
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= Communication Time-Delay in Distributed Control of Microgrids

DGi ______ LCfilter  Line ACBus ~ Communication UPrimary control: fast response for preliminary frequency
L mrrm— £ network ol lati
[, o MW voltage regulation (0.1ms~1ms) _
T I - A=y QSecondary control: fully restore frequency/voltage and achieve
e Rt . vase | Ll accurate power sharing by global coordination (100ms~1s)
| Current | Power D T T T T T T T T T T T T T S — s ————
| | Control Loop | ! Calculation @ Cyber 1 w;(t) = w™f — KF - Pi(t) + £4,,1(£), Vi () = V7 — K2 - Q;(0) + &, (1)
| T S IPiQ Attack | o
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I Droop I Distributed 1 H
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1
1
1
1

Serial delay .

appropriate secondary control gains
>>> a higher time-delay margin (TDM)

Existing gain-scheduling methods:

conservative, ineffective for time-varying delay in practical

scenarios
® Online gain-scheduling by solving linear matrix inequality
(LMI) equation: rely on an accurate and detailed system

Time-delayed microgrid >>> System instability 10

model, heavy online computational burden

i ® Control gains are determined by offline empirical set:

Y. Xia, Y. Xu*, Y. Wang, W. Yao, S. Mondal, S. Dasgupta, A. Gupta, and G. Gupta, “A Data-Driven Method for Online 64
Gain Scheduling of Distributed Secondary Controller in Time-Delayed Microgrids,” IEEE Trans. Power Syst., 2024



= Delay-Dependent Stability Analysis

1. Overview Small Signal Modeling of Time-Delayed Microgrids

AX sys= Asys - AXsys  Agys: COefficient matrix of the system, AX ! the state variable
2. Power Systems x| Mmoo AXinoy €t BN 3 Ern Delayed small-signal model:
SYS Aidq,load 1w Aidq,load K Aidq,line 1y Aidq,line L AXsys (t) = Asysl ' AXsys(t) + Asysz : AXsys(t - T)

2.1 Frequency control

>>> linear delay differential algebraic equation (DDAE): Ax(t) = A, - Ax(t) + ZAk x(t =)

>>> characteristic equation of the system: det(—sI + A4, +A;-e~5") =0 k

Root locus of the eigen palr (under different control gains B,,;, Bp; , time delays 71={0.2s, 0.3s, 0.5s})
15— T T T

2.2 Optimal power flow
2.3 Topology optimization

10 T T T |

7=0.2s
3. Microgrids
e ey T e [

3.1 Frequency control

ge(rad/s)

3.2 Controller tunii o

3.3 Energy manag :m«ni

3.4 Volt/Var control

ferent time delays

Root locus for er different time delgys
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. Reals(1/ ,
® Low control gain setting: A 'tore stable and robust system under time-delay. Reals(l/s)
® Aslow convergence speed and an ineffective operation (no time-delay)
® An appropriate control gain setting at online stage to improve delay-dependent stability

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

fp,; increases —» V'S 1
> . . oo rpeeedeects - :
: 1
e e e« |
1

1

1

1

1

1

1

1

1

1

Small Signal Model Validation Table Test Results of Small-Signal Model
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= DRL-based Controller Gain Scheduling

1. Overview

' Markov Decision Process Modeling for Gain Scheduling

i Environment - i . ) .
: Mvilcrogrid 3 = Offline Agent | State/input: Atime-series state set of current
2. Power Systems | 3 l%l | : St = lloai(t —ta), v loai(t = 1) logi(t —ta), o, logi(t — 1)
2.1 Frequency control | m System variables | [ Replay Buffer update | 1 Action/output:  a; = [B,(0) Bp(t) Br(t) Bo(®)]
! I m Control gai . L‘%I' f .
2.2 Optimal power flow | i : T%]efgeﬁa?,'?_s ! i : (distributed control gains)
2.3 Topology optimization i B 2 [ Reward | Policy Leaming | | [ | Reward: evaluate the performance of action a, at state s,.
I Small-Signal ssp [ Damping Ratio &| | by Constrained : H _ _ _ _ + i
! Model | Soft Actor-Critic | | [ 1 Damping ratio § of secondary control: Y =Yre + jim
. . D o— e o _
3. Microgrids U | 0 if &> ¢gref &= —Pre/\ (Wre)? + (Pim)?
________________________________________________ | =
3.1 Frequency control | OmmTe App;ﬁamg : 1 fref | if§<égres (.U' the critical root of
| ime-delaye
3.2 Controller tunii o Y inid ' tejjgtic equation
3.3 Energy manag mcnt i a Il I ,' py 99»
3.4 Volt/Var control | [~ Stabe Operation Active/reactive power: P;min < P < Pimax Qi min < Q. < Qi max
| i_/ : . Ensure the stability of the system: ¢ >0
e e e e e — — — — — . I e e e e e e e N P . . — e
FToTTo T = ST :
Offline learning and Online application i > DRL training (various scenarios) 1
> Offline learning: | ® Different time-delays i
1 e o
1. The agent for gain scheduling is initialized as a | @ Initial system setting i
deep neural network (DNN) ! _‘____L_O_filgj_\_/fl_“_{lt_lgfl _______________________ i
>> >> .
Sl SR - hewgain 23 (actlpn) : IO, O Work based on the real-tlme measured current
. . 4. Small-signal model >> damping ratio >> reward _ _
& ot & ¥égJﬁBIEOGICAL 5. {state, action, reward} into a memory buffer O Get rid of heavy computational burden
{5 =2 NIVERSITY update the agent (search for optimal policy) O Applicable under time/line-varying time-delays
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= Case Study : == = .
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= Microgrid Operation: Energy Management & Volt/Var Regulation

1. Overview

Wind Turbine Photovoltaics

2. Power Systems n oW " :
y P T 7 =, * Control variables:
2.1 Frequency control < : > 1) N T
2.2 Optimal power flow PowsrAIEE 2) E Active
: % ner storage
:I% : I II% I FIexibIe ) gy g power
Microgrid : Electric Vehicle Battery_ 4) resource

Controller -

3. Microgrids

3.1 Frequency control

23 Topology optimization | —Ir: — ¥ 3) Demand response
|
|

Capacitor banks |
5) On-load tap changers Reactive
PV inverters

right 2024 =

resource
arameters:

Main Grid

3.2 Controller tunii o
3.3 Energy manag :ment e t

3.4 Volt/Var control

1) Load demand
| 2) Wind and PV output } Uncertain
H}xiueoa |% 1 |% 1 @ 3) Electricity price

I A A= 4) Network parameters (R,X,B)

|

« Network model: * State variables:
1) Linearized Dist-Flow 1) Bus voltage
%43 NANYANG 2) Second-order cone programming 2) Branch power flow

Q5 UNIVERa Ty Ak (SOCP) model 3) Power exchange with main grid
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B Data-driven Home Energy Management (HEM): Problem Description

1. Overview

Importance of HEM
= Power Grid: local renewable energy consumption
» Consumers: Reduction of electricity bills (demand response)

2. Power Systems
2.1 Frequency control

2.2 Optimal power flow Different load types

» Non-shiftable loads, e.g. refrigerator and alarm system
» Power-shiftable loads, e.g. air conditioner, heating and light

. . . L Non-shiftable Power-shiftable = Time-shiftable
» Time-shiftable loads, e.g. wash machine and dishwasher ‘..,p..‘..:e agent .pp.....ele | ..,pu.ncle agent, | EYouet

2.3 Topology optimization

Multi-agent HEMS

3. Microgrids

3.1 Frequency control limits of classic optimization methods

3.2 Controller tunii o - LOW co ienc . - ;
m uI fo no d no' r I_
3.3 Energy manag-ment ' L - FRL--S- V)7

3.4 Volt/Var control Uncertainty prediction

Data-driven based HEM . : :
On-line optimal energy scheduling

Uncertainties
= Electric vehicle (EV) loads = Rooftop photovoltaic (PV) generation = Electricity prices

|

|

|

|

|
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1. Overview

2. Power Systems
2.1 Frequency control

2.2 Optimal power flow
2.3 Topology optimization

3. Microgrids

3.1 Frequency control
3.2 Controller tunii o
3.3 Energy manag :ment

3.4 Volt/Var control
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B Data-driven Home Energy Management (HEM): Methodology

Schematic of the reinforcement learning based data-driven HEM system

Past 24-hour data of I
a. electricity prices
b. solar generations

Neural Network (NN) based
Uncertainty Prediction

Electricity price (/MR

Electricity prices

—400

s "

g 225 -=Predicted value
= 300 e 185 ~Actual value
=

<] f\‘.‘\

® 158 .(

@ Wi 1720 . i

(= : 3B e

w :

o

0

]

[=]

w0

0 12 24 36 48 60 72 34
Time slot (h)

PV generation

0 12 24 36 48 60 72 84 96
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Future 24-hour trends of
a. electricity prices =
b. solar generations

Multi-agent

(Decision-making)

Operation schedules of

b. EV charging

.. | Environment

Agent: house owner

State: predicted information

Q-learning Algorithm Jr a. home appliances
|
|

Extraci the future irends of eleciricity price and solar panel output at each hour i
(A1, Az, AFY - NN (A g3, ., 26) e
(B ety o B < NN (B, B

Initialize Q-value Q arbitrarily, £ = 1, episode = 1 spm——

'

Choose the action a; for the current state 5; using £-greedy policy
Observe the reward r,(s,, ,) and the next state 5,

t=t+1 ‘

Reward: (-) utility cost
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1
1
1
|
1
1
1
|
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1
1
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1
1
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1
1
|
1

Update the Q-value Q(s, a;) via Bellman equation (§)
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N =T
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97— g =1 —

b h=ht1
Execute the optimal action a; for current time slot £
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1. Overview B Data-driven Home Energy Management (HEM): Results

Performance of proposed data-driven model

2. Power Systems

I
- - - I
* Reduce electricity costs (via demand response) e ID _Electricity cost () !
2.1 Frequency control - With DR | Without DR _ -
= #0 40.04 ©0.08 ®0.12 W0.16 = MREFG MAS MAc1 MAc? IEH L1 L2 FUWM I DW | EV #Solar generation MElectricity price REFG 0.492 0.492
. z e e g = 15¢ 40 =103 o AS 0.098 0.098 L
2.2 Optimal power flow =131 s < s 5 Ol 0336 378 I
c L = E - 2
. s!2 € g 12 o= | = AC2 0.942 1378 :
2.3 Topology optimization 2111 g E _, &102 ¢ H 0731 L2176 I
E | = = 3 — - .
20 ; . 5 £2 20 S S L1 0.301 0.591 :
5 0.8 z o=6 algq L2 0.223 0.591 :
. = = = B L 10 = S WM 0.023 0.051
3. Microgrids 207} s 8 ° S ¢ “ow | oo 002 |
206, R 680 3 EV 0.399 1.262 |
3.1 Frequency control L LU slot 2 46 8 '|J|21;25|c1>t4 16 18 20 22 24 i Total 2057 2329 ;

SRR Y-\ (I TLI) Copyright 2024

3.4 Volt/Var control Comparlson withkgenetic algorithm

1

1

= Higher computation efficiency g ? I

= Near-optimal results 815 :

18 = , . . . ! i . T ir I

=3GA based optimization method CIEI 05 _’/ﬂz‘ e - e |

={-learning algornthm based RL method 1

=Conventional optimization method 0 . . . . . . . \ L 1

1'?L ' 0 20 40 60 80 100 120 140 160 180 200 |

Episode 1

1

Average computation time |

of running 1000 times !

5L : _ _ : _ : _ | GA based optimization method 46.296 s :

0 20 40 €0 Iterzotion 100 120 140 160 Q-learning algorithm based RL method 1.107 s |

ot NANYANG | !

TECHNOLOGICAL

UNIVERSITY X. Xu, Y. Jia, Y. Xu, Z. Xu, et al, “A Multi-agent Reinforcement Learning based Data-driven Method for Home Energy
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B Data-driven Energy Sharing among Buildings: Problem Description

1. Overview

Limits of iterative optimization methods | G e —

- . g H H 3 EED EEER EER EER ENER RRI i
3.1 Frequency control Certain assumptions and simplifications for convergence ", TER mEE mEE REE RER |
[ | |

. i = Impracti 0 > Power flow L
3.2 Controller tunii o - - .
1 I nildi I _____
3.3 Energy manag - mecnt - a- n - -1- %7 - —

3.4 Volt/Var control Data-drivert Game-based Eherg¥ Sharin

1 Rooftop PV System i
| 1 i 1
I Importance of energy sharing among builidngs E-- D I
2. Power Systems | = Power Grid: local renewable energy consumption I —— |
2.1 Frequency control ' = Consumers: reduction _of electricity bills (demand response) -———3“—"‘1"3"——@————————' :
: i = PV system owner: profits ¥ Q"R e e I
2.2 Optimal power tlow | Several deficiencies % RN B . 0 :
2.3 Topology optimization i = Uncertain renewable generation N s l | |
. = Multiple electricity consumers g~ o L,:JL,:L - |
. . I = Conflicts of interest = - eee - I
3. Microgrids ! !
| 1
| |
|
|
|

Advantages TOUpricedata  SOCOf ES Weight factor data
»  Off-line training
and on-line NN :
. - X NRX RERX Predicted data of .
implementation ~ PVPpaneloutputdata 5 . )‘( B | PV paneloutput Action
l a e\

= Uncertainty LSTM network

consideration

& NANYANG = Near-optimal
TECHNOLOGICAL results
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X. Xu, Y. Xu, M. Wang, Z. Xu, J. Li, and S. Chai, "Data-driven Game-based Pricing for Sharing Rooftop Photovoltaic Generation and Energy
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1. Overview

Data-driven Energy Sharing among Buildings: Framework

Schematic of the data-driven game-based energy sharing

2. Power Systems

Stackelberg game-based energy sharing | = ?‘{ = T
i

2.1 Frequency control : « Leader: Rooftop PV system owner : [2= shes ——{Update stateset s, andactionset |
2.2 Optimal power flow | = Followers: consumers I oot e g oteyiyogsesplt 021 gl
2.3 Topology optimization : [(Owner \J Building Users) | : |Ch|'“:a..::.m‘!;:u(‘:m;m'
S EVES 7 A N0 E o —
3. Microgrids : B RS Uy L ) 1 ( :
3.1 Frequency control i [{Rev]}. (U} : B
: e

3.2 Controller tunii o

3.3 Energy manag :ment

Long sho t-‘erm men ory (LSTM) based

uncertaint

3.4 Volt/Var control I ) > . G :
| ) Encoder I Markov Decision Process (MDP)
=3 Ci=z i [ Vectar . + |
|
I ﬁm = = 2 Decoder o Agent: Rooftop PV system owner
: mm———m————— - - - - - I L = State: all system information
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tan
| | : L = Reward: revenue
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B Data-driven Energy Sharing among Buildings: Results

1. Overview

3.2 Controller tunii o

] |
2. Power Systems 1 Performance of proposed method Pricing strategy Daily profit (S) :
: = Accurate PV prediction Strategy 1: Internal uniform price | 41.99 |
2.1 Frequency control 1 = H|gh da||y profit Strategy 2: TOU price 39.71 :
2.2 Optimal power flow : =  Well utilization of PV energy Strategy 3: Market clearing price | 24.47 |
. e .. 1 _ N . — !
2.3 Topology optimization I 1 , : t=12 , , 014 - Mintemaluntorm pice@ TOUprice KOptimalacton 1, o ENSST—. &
15 BActual value ®Predicted value 6l [Ewith internal uniform price lWith TOU price BWith market clearing price | |
15075 0655 &/ I

s 3% =
° ° 1 g E L 4t !
3. Microgrids 12 05 “MEE Il :
025 oz%% £l !
3.1 Frequency control s 1t |
|
|
|

3.3 Energy manag-:meni

3.4 Volt/Var control

Comparison with optimization solvers
» High computation efficiency
= Near-optimal results

I I
I I
I I
I I
I I
1 50 1
I e e e e e e e e e e e e e e e e e e e e I
1 AQ F —_— %}‘?ﬁ_@.@f&%ﬁa e %%ﬁﬂ*%‘?xJ | | | | | | | | | 1
: &g LT l 0 05 1 15 2 25 3 35 4 45 5 :
= W Episode «10% .
(=] i
I 5 20 1
: - Solution method Profit ($) | Computation time (s) :
| Conventional optimization method 43.075 3400.42 |
& NANYANG : 0 1 2 3 4 5 6 7 8 g 10 O-learning algorithm 41.994 15.339 :
TECHNOLOGICAL & Episode x10% !




= Hierarchical Coordination of Networked-Microgrids

1. Overview i . —y e i — — — — = — = = == === === I
ey @ N I Uncertainty from renewable energy sources (RESS) I
S PY RN  pmr— _—
2. Power Systems aB NN : _PVpanels = Wind turbiné® i
\\ ':7.:;-.' A..";:._ g ‘ M // v * - ' e v
2.1 Frequency control MicroGrid 175, % e - : 7 | :
2.2 Optimal power flow ¥ : & : |
- |
2.3 Topology optimization R/ Ly AN I+ Penetration of RESs (more complexity and uncertainty): :
/,/é @ N e ‘/’é @ . : flexible and self-adaptive controller is required. |
. . e s /B > (3. '+ Economy and efficiency: integration of secondary and 1
3. M'Crogr'ds [ Q@ 450 | Q@ oW : tertiary layer |
\\ £ NN /, \\ EEy B /I _____________________________________ i
3.1 Frequency control \a S Wamses A N
3.2 Controller tunii »> ) > icroGrid3 tagEhll Wen W3 d
3.3 Energy manag-ment ° rcfaﬁwe“ e (F2\gd in oo Xty indu odeltbasedfmethods/dhcestainty from RESs
' . 'rP/-Q Coord-ina-ti:) I ““Resilient and ‘adaptiVelapproach f rogrid 0peration and control
3.4 Volt/Var control Only measurement data are required without parametric identification

* Energy Management System (EMS): P-
management (microturbine, energy storage
system, dispatchable load...)

» \Volt-Var Control (VVC): voltage regulation,

Reinforcement learning:

O Use “trial and error” interaction with a dynamic system to
find an optimal policy
O

1
|
1
|
1
1
1
I .
. State => Action => Reward :
. hetwork loss minimization (OLTC, ...) : x conflict
| |/ PV & Load _JI_ —)l Inverter R eactive Power Output Setpoint | | N m
: : Predictions [} "] ‘____I__\L_I____‘ : ~| Agent
: = ime ] : i 1
I :’Uncerta}nty\_ir HCVVE | L ¥ A )LT> 1 1 reward| |state action Design of algorithm
I B o N T A O Action exploration
| I — i Control | - .
I usssel ) I I e— I S . O Operational constraints
@ NANYANG | L3 Optimal Droop Control Function_| | «— Environment O Achieve the balance
TECHNOLOGICAL i ., b R
% UNIVERSITY Y. Xia, Y. Xu, and X. Feng, “Hierarchical Coordination of Networked-Microgrids towards Decentralized 75
Operation: A Safe Deep Reinforcement Learning Method,” IEEE Trans. Sustainable Energy, 2022.
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Objective: minimize the total operation costs

° ° t ref min ref
3. Microgrids e ek e Plesi + Ky (S0C{" ~S0C), SCEy <S0C < SoC

m U.-.
(2}
Z’
) U.-.
m
I

= Problem Formulation e, =
10 ) P/SoC droop-based ESS control |
. overview == I
5 Upstream Grid «—(() —eqPCC I
——————————————————— e . . 1
e —— | —— T Objective: I
2, Power Systems : Mlcrogrld 1 | i i Mlcrogrld N restore SoC under :
2.1 Frequency control | ) | | g_ia soc eXtI‘g.rtT.]er high/low :
' an )] coo | ... 1 ) conaitions.
2.2 Optimal power flow :E @ ﬁ ] ; l[ | :@u -4 ; ge:d-bandRR?mn :
| | ererence Region 1
2.3 TOpOlOgy Optimization L _M _______ E_S_S_ _Li)&_d_' ) L _MI — _\PV , £SS, Droop Region |
.. Networked Microgrid System S min !
0C < SoCg, 1
|
|
31 Frequency control [ e . SoC{" <50 < SoC’ :
' | ' f’“_"_%r_‘?_%?r?_e_'zs ﬁm e
3.2 Controller tunii o I U I
S Minimize operation ¢ O s., operation cost)
3.3 Energy manag-ment i JRLA = b SR T . NG AN AN LYy o\ Y ___ I
3.4 Volt/Var control Cost of MT: CMT. =a, (PimAt) +b, (RnAt) +c GG ';O;[;_ba;e;;P'\,'lgv'e;t;;ggn't;oy """"""
Cost of ESS: Cees =4, (PEtSSiAt) Q.
Cost of energy trading: Cig = AP At = 4Py At O ot

Objective:
restore the voltage if the
voltage exceeds limits

Q-management:

Droop Region

3.
=
M
'Q

Reference Region
Dead-band Region

P+

Vi =V =2(RiP+ X Q) )+(R +X, )—Q
poiverMidw relationship imin(QtREFii+KV,i(Vimin_vit)’ ;n\?ix)1 vt <y

T 92 Qt s [QUoy] €4S 2 =Pl '

SR ?éggﬁgEOGICAL ,9’.--.?12\i__|?lfv| IP¥vaildble reactive power capacity

C 1\ 7 min t max 1
219 UNIVERSITY Vi =V =V Voltage constraint

Optimize Q reference value
~K, (Vi‘ _Vimax) (purpose: minimize network loss )
T e 6 - - - l

1
1
1
1
1
1
1
1
1
1
M|n|m|ze network loss & voltage regulation :
1
1
1
1
1
1
1
1
1
1

I.____________________




1. Overview

2. Power Systems
2.1 Frequency control

2.2 Optimal power flow
2.3 Topology optimization

3. Microgrids

3.1 Frequency control
3.2 Controller tunii o
3.3 Energy manag :ment

3.4 Volt/Var control
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= Proposed Method
Markov Decision Process (MDP) Modeling
Reactive Power Management
state: Sy =[AVit,Ap;]1,...,Apf]}t°,
Ap,°

action: a(t?i =Q§Eﬁ reference Q output of PV inverter

t-1 t-tp
LOADI ! ***1 "!LOADI

_ Dt t-tp ttp _ ptio
= PMTi + PESSi + PPVi PLOADi

reward: rqt =—q,P' global reward (active power loss)

» Centralized offline training
» Decentralized online application

P outputs of MTs and ESSs are managed in a slow time-
scale (1-hour).

Q outputs of PV inverters are dispatched in a fast time-
scale (3-minute).

Active Power Management
state: s, :[/1; A3, S0CT, ApT T ApT 2., Ap] ‘TD} Apl ™ =Pl T _pTTy

PVi LOADi

towards minimizing the local
generation cost, also coordinate to
minimize the total network loss.

T
. Tl T T t
reward: ' =-a,Cyg I, =-adg Z N

local reward

I
I
|
I

action: aj, = [P,\;Ti, PRTEH] P outputs of MTs, reference P outputs of ESSs |
|
I
I

global reward I

|

Mini-batch sampled
from replay buffer

| OPyTorch
¥ Python Interface:
LPoIicerarning

i
|
. SIMULINK |
= Matlab/Simulink Interface: |
|
|

imulati el, calle
ensiols agyeflay buffepf
Process (

A update

Safety Model

Microgrid —> State | Q-Agent |5

Surrogate
Agent

~-

Replay Buffer No
Executed Action € : <" safe? > CoStESHimation
,,,,,,,,,,,,,,,,,,,,,, : Yes ~T - Network
R SRR

cost estimation network ®(s',a'o|Q): 2

) " . . () Lal|Q)=(vHt -V
predict the condition of voltage violation ™ (SQ % ) ( REF)

If the predicted value exceeds the threshold &, (unsafe case):
A surrogate agent is generated and adjusted by minimizing the cost

f i lue ®:
unction V%lijini_AsVQi‘]cbi(Qi) J (0Qi ) = sQER[(Di (SQi +qi (SQi | O ) | )}



= Test Results
i I Microgrid3 | T . Y <
1. Overview i g | ' Simulation Results
Upstream I | | 08 a 30073
' wa e A 1l il
== P === == 1 v ot A o v
2. Power Systems i | g B F [ endiads llllill” I"“ ..mu“m |‘|I|HH
————— =1 | Z l:l"\ [ \:.\\'J,‘ v ,\" e E 0
2.1 Frequency control T o %, Flose o C b e
““““ BT g ot |
H — 0 6 12 18 240 6 12 18 24 -30 i
P Optlmal power flow 3 : 1 PN renl) Active power outputs
2.3 Topology optimization 26 27 2% 29 | A : Input profiles of PV, load historic data (@) microgrid 1 (b) microgrid 2
"= ™7 T T T[4 | 2500 60 1 | |
B B Microgrida | | o o e ] e i
= Loe I 1500 ————1- MASAC with penal’y ----- MASAC with pengle” _ 440k~~~ 7" MASAC SRS S =27
* 4 19 720 121 122 I I@ % Rotan B | aiels MASAC with penalty LT et
3. Microgrids faugmead | 210 o
31F ol | Microgrid 2| | S0 ‘:,;/ 20 ’__’,’— ]
.1 Frequency control N e 2
L y NMG test model based on IEEE 33- bus dlstrlb ion network : 0 = lative 8 tf d Ia T
S Y S __ - _ umulative Eost for fhicrogrids 24
3.2 Controller tunii o : . . MG system
3.3 Energy manag :ment I
9y . | ters f flin®Traiing : | cOnt din operatlng pomts
3.4 Volt/Var control I Parameters lue Parameters Value
: Learning rate A 1e-4 R, size 2x10% | : - o
. . 1 2 +
I Learning rate A, 1e-4 R, size 5x10% 1 % ’
: Learning rate A, 1e-5 m, size 2x103 : : B '“)Oi . S — _ N
: Learning rate Ag 1e-3 m, size 5x10% 1 : | ——ry S sl P70 20 30 40 0 e 70 80 %
i 1 0 6 12 18 24 SOC(%)
1 Threshold ®,, 0.05 Maximum N, 5x10* | time(h)
: Discount factor y 0.99 Entropy weight 7 002 | : Node voltages (a) with/without PV inverter control
A S— : | (b) Wlth/Wlthout the safety model
1.05 1.05
L) ¥
I 5 ) ! ~ r 1~ F -
1 g :{0 Microgrid 1 : ! i l M 2" 1 w‘ Deava
I -80F m:zzg::i 1 -30 Proposed Method I I :095 _________________________ ﬁ \&/095 __________ ’ me _:9_95_ [ili_ _._V_ - .%
Microgrid 4 | | MASAC | - - -
& @ %% NANYANG Lol " wisicra ] 1 e o
TEC H N 0 LOGICAL : 500 1000 1500 e;i()s?)(;e 2500 3000 3500. 4000 0 500 1000 1500 esi(:g(;e 2500 3000 3500. 4000 | I 0,90 p i 1I8 B 0_90 p T 1I8 24
% UNIVERSITY I Reward of local benefit Reward of global benefit ., (I tife(ilot:r) ________________ ti_me_(h(:xr)_ -




1. Overview = Real-time Voltage/Var Control (VVC) Support from DERs

2. Power Systems > Existing Challenges: High PV penetration level, massive EV charging.
2.1 Frequency control . . . .
> : .
2.2 Optimal power flow Voltage quality issues: Voltage rise, drop and fast fluctuations
2 E Tl @rtstte » Potential solutions: inverter-assisted voltage/var support
3 Microg ridS PV type smart inverter 04
3.1 Frequency control <Bidirectional Power Flow +
3.2 Controller tunii o | T P
3.3 Energy manag :m«ni | :
. . I
3.4 Volt/Var control Main Substation Im;l;elcliljnce Voltage Imrj;el(lilaence I L
Grid OLTC Regulator J
(" (b)
[ ES ! .
Power Distribution System — : EV type smart verter o A
Inverters : -I@ OP1 _ ~ 1
| ¢ | ’~
A By OF2 t /:/\ P
» L i !
. l |
OP 3 ' )
%@ % NANYANG o N "
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B \oltage/Var Control (VVC) in Active Distribution Network

1. Overview

O Impacts of RES high penetration level on VVC in distribution networks
2. Power Systems

1.02
2.1 Frequency control Traditional VVC Device

2.2 Optimal power flow

—_

! |

—_ ! I

- 30.98 I |

2.3 Topology optimization %096 | » Step Voltage Regulator (SVR) !
S 094 : » Capacitor Bank (CB) :

I I —High PV Penetrati
3. Mlcrogrlds —prv i Problems: mechanical apparatuses cannot

3.1 Frequency control respond quickly to fast voltage fluctuations caused

0.9
3.2 Controller tunii o Y 012 ell7 ofl11218 141516 1718 1920212223 PV g&neratipn.
Times (
3.3 Energy manag :m« Nt aLl ith hi pO = -
& : — i L llLRtuz S AT [ rower Electruiics baseu Device

3.4 Volt/Var control

o
©
[N]

I o Static Var Compensator (SVC)
I
1 = Voltage fluctuations and violations : '+ STATCOM
I
1 |
|

: High level of RES will lead to:

. = High network energy loss

* PV Inverter (High Flexibility)

U Centralized, Distributed and Decentralized VVC

» Neighboring communication = Based on local measurements
ot NANYANG = Central controller/optimizer = Consensus based method, ADMM, accelerated = Reduced communication requirement

TECHNOLOGICAL ADMM, etc. = Faster control actions
% UNIVERSITY .

Centralized Distributed Decentralized



1. Overview

2. Power Systems
2.1 Frequency control

2.2 Optimal power flow
2.3 Topology optimization

3. Microgrids

3.1 Frequency control
3.2 Controller tunii o
3.3 Energy manag :m«ni

3.4 Volt/Var control
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B \oltage/Var Control (VVC) in Active Distribution Network

% Output Dispatch Command (Zonal Var dispatch)

O PV Inverter based Decentralized VVC % Input System State (Zone Information)
- m m m T
Partial Decentralized Decision Process O 2 ®Om Om,t - [Xl ! XZ U X anz]
Observation m _ PV L inv L
0, ] Ag: 0, ] Ag:"" o Ag:%ﬂ" X =M mi B Bom Qe Q]

. o . see : S | F t
0,, 0O,, ; 0 = C = @Cm caling a%

.
c,.,C C } Com €[-11]

1,m?!~2m? " NnI:V,m

Agent 1 Agent 1 Agent 1
O [
in
0

sl < - e t@ L Ol,h—l _ ’@ Cm =
Global State
@—ror @i -

+ Each agent controls the reactive power output of all the
inverters in the zone.

> hi i h
H t — e the g™ inverter in m*" zone
Zone M ) ) o
Environment (Controlled by AgentM) Formulation of constrained Markov Decision Process
(Distribution Network) E @ it L
Bne 3 (Controlled by Agent 3) I < Problem Formulation v -
! o t,m
. max S E| D>,
Zone 2 (Controlled by Agent 2) : 7=y 7y ot } o~ —
Main Grid @ @ @ : st. F (ﬂ'm) <d Vm=12,...M
Zone 1 I % ; F
e o Lagrangian Rlalaxatlon
J L (z,A)= R(z. )—A (F(x,)—d
+ Each Zone has a central control agent/controller. : ( ) ;[ (7n) m ( (7m) )]
I
I

A=l 2y g 7 =A, 70y 0 }



1. Overview

2. Power Systems
2.1 Frequency control

2.2 Optimal power flow
2.3 Topology optimization

3. Microgrids

3.1 Frequency control
3.2 Controller tunii o
3.3 Energy manag :m«ni

3.4 Volt/Var control
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B \oltage/Var Control (VVC) in Active Distribution Network

O Data-Driven Method (Multi-Agent Primal Dual Graph Reinforcement Learning)

K/
0’0

N

i

A

R. Yan, Q. Xing and Y. Xu*,

B m
Xl,t
m
XZ,I

Xm
| " Npt

0) _
Hm,t - Omt Graph Fourier Transform

h, _flatten(H‘L)) h. eRNfﬁ,Hr(nL,t)eR

C,. =W, h

_______

|
|
|
|
|
|
]
|
|
|
|
|
i |Ol
| i
1 : s s :O: Cm,t_ :
— >/ > — /> —> lo—> -
| T T IOI m
1 C
: \ NPV
(0) 1 !
| |
Partlal : !
|
|
|
|
|
]
l

Feedforward Calculation Process Scheme: Use neighboring

is the adjacency matrix, D,,

Multi-Layer GCN

_______

Flatten

H 3) !Ol

Message-Passing

data to fill missing value
w-Pass Filter

B

NmXR
PV B

eRNm x R Nm

m,t?

is diagonal matrix of node degrees

"Multi Agent Safe Graph Reinforcement Learning for PV Inverters Based Real-Time

= Actor Network: Graph Convolutional Network
(GCN) Embedded

Input: System Operation State

(node features organized as graph-structured data)

Opy =[XJ X ]y X T
Xm | mt’PP\r/M’PLmt’levmt’QiLmt]

).Copyright 2024 . _ .,

% Loss Function & Updating Process
1 K
LP (¢m) = RéQ;nFi (Om,k ’ Cm,k) _ﬂ'mQ;% (Om,k ’ Cm,k)

1 K
= R ZQ{L} (Om,k 2 :u¢m (Omk)) - Z’mQ;:nﬁ (Om,k 2 lu¢m (Omk))
k=1
Main actor network: @ <—¢@_+ Otv% L" (4.)

Target actor network: ¢, <— ¢y +(L—7)¢,

82

Decentralized Volt/Var Control in Zoned Distribution Networks," IEEE Transactions on Smart Grid, May 2023.



. B \oltage/Var Control (VVC) in Active Distribution Network
1. Overview

O Data-Driven Method (Multi-Agent Primal Dual Graph Reinforcement Learning)

2. Power Systems

=  Critic Networks: Reward Critic Network and Cost Critic Network

2.1 Frequency control
: Reward Critic Network Cost Critic Network
2.2 Optimal power flow

2.3 Topology optimization Neural Network Parameters ok 0%
Input system state s, action a system state s, action a
3. Microgrids
g Output reward Q value QRR (s,a) cost Q value QCC (s,a)

3.1 Frequency control
reward funcuon ction
3.2 Controller tunii o
an- ) of
3.3 Energy manag :m«ni
3.4 Volt/Var control Updating Rules R @R — aV LR (pR) < O — a¥ e LE(of)
= Primal-Dual Policy Optimization Algorithm

< Primal Space: policy m updating /\ < Dual Space: dual variable 2 updating

R R R R .
D, < P —Olv(pm L (o) Update primal | +,BiZK:(QC © © ))—d)
P policy and dual m K o5 m.k 1 Mg, m
¢m < ¢m + OCV¢m L (¢m) variable in turn k=1
.53 NANYANG By < B +V, L (4,) J An 20
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1. Overview

2. Power Systems -l Case Study

2.1 Frequency control

2.2 Optimal power flow Main Grid

2.3 Topology optimization

3. Microgrids
3.1 Frequency control

3.2 Controller tunii o

3.3 Energy manag :m«ni

3.4 Volt/Var control

19 18 | 16 |15 14 |
_O O_
136 13 116 113 114 115
{+ PV unit ® Bus in zone 1 ® Bus in zone 2 ® Bus in zone 3 Bus in zone 4

Businzone5 ®@Businzone6 @ Businzone7 Bus in zone 8 ®Bus in zone 9

S 141-bus distribution network with 9 zones and 22 PV units.
&% NANYANG
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UNIVERSITY

B \oltage/Var Control (VVC) in Active Distribution Network

0.9

£08

o

So7

0.6

205

204

= —SADDPG

g 03 —MADDPG

02 ——SAPDDDPG
01 ——MAPDDDPG

: —MAPDGRL

0 100 200 300 400 500 600 700 800
Training Episode

0.1 7
~0.09 ——SADDPG
5 —MADDPG
£008 ——SAPDDDPG
& —MAPDDDPG
.E .06 —MAPDGRL
3005
; 0.04 5
2,003 82
3 0.02 1<)
> S1
<001 g

0 <o

0 100 200 300 400 500 600 700 800 0
Training Episode

100 200 300 400 500 600 700 800
Training Episode

ethod

Single Agent DDPG (SADDPG) 1h 49min 54s
Multi-Agent DDPG (MADDPG) 2h 54min 5s

Single Agent PDDDPG (SAPDDDPG) 4h 34min 35s
Multi-Agent PDDDPG (MAPDDDPG) 5h 22min 33s
Multi-Agent PDGRL (MAPDGRL) 6h 32min 50s

84



B \oltage/Var Control (VVC) in Active Distribution Network

1. Overview

O Simulation Results on 141-bus system
2. Power Systems

2.1 Frequency control = Testing Performance in Ideal Scenario (no noise and missing data)

t theoretical best result, * proposed method.

. 015 -
2.2 Optimal power flow 3 WOWC e MAPDDDPG MADDPG Network Max Voltage |  oltage Computation
I e ) Methods Enerav Loss Deviation Violation Time
2.3 Topology optimization 5 --+-=MAPDGRL - VVO -==- Safety Constraint gy Rate (Each Step)
2 01
3 WO VWC 16.22 MWh 0.101 p.u. 46.57 %
3. M.Crognds %”0.05 ______________________________________ VVO + 10.11 MWh 0.05 p.u. 0% 2.6 mins
= e SADDPG 16.51 MWh 0.0403 p.u. 0% 25 ms
3.1 Frequency control E
o
\ 2 MADDPGI 89 MWh 5 17 ms
3.2 Controller tunii o < ; \ 121
i . 94 MWh 27 ms
3.3 Energy manag :m«ni
Without VWVC | MADDPG | MAPDDDPG MAPDGRL DDDP 5.22 MW .05 p.u. 18 ms
3.4 Volt/Var control
FR 36.09 % 45.24 % 97.48 % 95.95 % MAPDGRL* 12.61 MWh 0.05 p.u. 0% 81 ms
= Robustness against Noise 0,, =0,, + N(y,0) = Robustness against Missing Data
45 + Disturbed by noise + Disturbed by noise
= Network Maximum Minimum
40
: /-// Methods RSB e ETEIERT SRS
<35
Sw0 o MADDPG MAPDDDPG 15.22 MWh MAPDDDPG 16.96 MWh 1.028 p.u. 0.979 p.u.
5 s , MAPDDDPG +MAPDDDPG 35.49 MWh +MAPDDDPG 19.51 MWh 1.019 p.u. 0.979 p.u.
w | MAPDGRL
&% NANYANG g20 | | MAPDGRL 12.61 MWh MAPDGRL 12.14 MWh 1.028 p.u. 0.978 p.u.
= TECHNOLOGICAL 15— #MAPDGRL 16.218 MWh +MAPDGRL 13.16 MWh 1.029 p.u. 0.973 p.u.
’\ UNIVERSITY 1 (620.01) -
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