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1. Background B Load frequency control (LFC)
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Methodology

load damping: interfaced generators (wind, solar). Model-based:
1. Robust control

Parametric uncertainties.
2. Fuzzy control
Adaptive for unknown system.
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interconnection through HVDC links.

\ Load side: inverter-based loads.
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Robustness and response speed.
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Generation side: intermittent
renewable power generation

« Stronger modelling capability

» Better control performance

» Higher flexibility and scalability
+ etc.
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1. Background B Reinforcement Learning (RL)

Principle & Framework

RL methods

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

Methodology

* Principle: training an agent via iterative interactions with

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

Single area

observations Q(si,a) <= Q(s, &) + ar(Riy + 7 maxQ(s,,,, &) = Q(s:, &)
\J actions
j- rewards Agent SRS e ola) Qs
M u Itl a rea ‘ el e States — Der\?!e)t Neulzal Q(s,a2)
S Ste m S \ . wor
y 3t Fe d; Asjte ° Q-table Q(s,22) Q(s:a3)
5. Optimal BESS Disadvantages: .
control Environment * Discretized action. 59 Discretized action!

* Non-satisfactory
performance due to
discretized action
space.
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Q() controller
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AGC controller output (MW)
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Time (s)

Agent: decision-maker = frequency controller

* Environment: physical world - power system

State (s): current situation of the agent - f, ACE, P
Action (a): agent’s decision = generation control signal
Reward (r): feedback from the environment - power
system’s frequency performance (at time t)

Action value (Q-value): total expected reward over a

2. Policy-based methods —train an action predictor (actor)
Explicitly learn a mapping policy z:s—a
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certain time period T e\ Advantages:
‘ Actions States « Continuous action space.
» How to model the frequency control problem Actor |———— - Better performance in
&% NANYANG into a RL process? ?- Values (grdlpiie) & convergence and stability.
TECHNOLOGICAL » How to solve the RL training process considering .? Critic States
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1. Background B Our research works

Single-area controller [1] Multi-area controllers [2]
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2. Methodology

Tie-line

3. Single area

Tie-line

4. Multi-area \ e @ rene | MO @ —
G: generation; L: load; ”
systems RES: renewable energy resources; = EEnfrgy Storage Sysa"
1 BERPattery energy storage syste Mt Lo s oL N | SRS i

5. Optimal BESS

control

» Developed a policy-based DRL model
for single-area power system
frequency control

» Developed a set of cooperative DRL
models for multi-area power system

» Optimal control of BESS for f support

* Minimize expected total control cost

* Centralized learning, decentralized considering the degradation of battery

+ Minimize expected frequency implementation

deviations * Modelling of BESS lifetime
» Optimize global action-value function degradation

 _Constraints-aware gradients derivation « Actor-critic framework

» Stacked denoising auto-encoder

» Cost approximation with critic
[3] Z. Yan, Y. Xu, et al, "Data-driven
Economic Control of Battery Energy
Storage System Considering Battery
Degradation," IET Generation.
Transmission & Distribution, 2020.

[1] Z. Yan, Y. Xu, "Data-Driven Load
e Frequency Control for Stochastic Power
%9 NANYANG Systems: A Deep Reinforcement Learning
% TECHNOLOGICAL Method With Continuous Action Search,"

[2] Z. Yan, Y. Xu, "A Multi-Agent Deep
Reinforcement Learning Method for
Cooperative Load Frequency Cantrol-of
Multi-Area Power Systems," IEEE Trans.
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1. Background B Single-area LFC controller

» Principle
2. Methodology Optimize the parameters 6=[W',b] of DRL agent based on data, such that the control policy is optimized and
expected frequency deviations are minimized.

3. Single area . .
I 1 3 Agents-Environment Interaction
1¥sT, T+sT, .

) o Governor Turbine %APL_APW — = Action-value function:
4. Multi-area e N
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SySte ms Environment

= Training process
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5. Optimal BESS
control

Actions Input:

Derivative &
Integrate of
system state,
System state

Contral __ (W= parameters

Vgi(k) J= ED[Vgﬂ u(s|6”)V,Q(s,a)]

* Actor Gradients

. Rewards
LFC Model-based CritiC | g— |

1
Ve“‘] : NZVaQ(S’a) |5:Si|a:ﬂ(si) Voﬂ'u(s | Hﬂ) |S=Si

Deep reinforcement learning process

Model-assisted gradient derivation

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

V.Q"(5,,8,) ~ ~2AtAf (5, 8, ) (R — k(A Bua) ZAT (8,8
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B TECHNOLOGICAL L ST LT T PR T T e i

[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. 6
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1. Background B Single-area LFC controller

= Model-based gradient derivation process Tricks to improve performance
2. Methodology J 0 .
I Stacked denoising auto-encoders:
Model-assisted gradlent derivation I _Inltlallze the DRL agent by SDAE (supervised Iear_nlng
3. Slngle area I with data generated by PID controller), a deep learning
1 V. 04(s,.a) = —2AtAf (s,,a) oAf (s, &) | tool widely used for feature extraction.
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B Multi-area LFC controller

Multi-area power system Multi-area LFC block diagram

1. Background

Each area has its own control agent.

|
2. Methodology | o [~ <
Area 1 (O | 1R
. | @ | : k() )
3. Single area ! v o
| : 1 | Controller for Area i Governor - Turbine
. I Tie-liny Ne-line | : |
4. Multi-area Wy po— 1 HEREEP—.
systems : @ Tie-line @ @ L i, 1 1y
! i o ' laNp
' Dol
5 I L | :
5. Optimal BESS ! B
ContrOI : . 1 1 : Controller for Areaj " Govemnor
; G: generation L: load Lo !
|
: RES: renewable energy sources : I |
| |
: DL

Problem descriptions

|
> Intermittent RES: complex cross-area power : :
balancing between generation and demand. Lo
Cooperative control: how to. coordinate the 1 |
|
| 1
I I
| 1
oy

multiple controllers in all areas.
» Constraints: how to consider nonlinear physical
limits while optimizing the controllers.
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generation dead band (GDB) and generation rate constraints (GRC)




1. Background B Multi-area LFC controller

Centralized training and decentralized implementation

Methodology ettt i N

\ Agents-Environment Interaction

— e —————— — ——

=  Global expected action-value:
T n
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[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.
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1. Background

Methodology
Single area

Multi-area
systems

5. Optimal BESS
control
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B Multi-area LFC controller

Gradients for:all actors (MA-DDPG)

Q(s,a, ;... )_—Z[AtZ[(B Af)® + (AR, )1l
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Model-assisted gradient approximation
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e Y I _ a

Considering generation rate constraints (GRC)

- v, (Af (1)) + (2H / D)V, (dAF (t) / dt) =0
|dP, () /dt|>c /ifaQ/03ﬁ>O,da1./dt>oTﬁ
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Agent updating rule considering physical limits

I 1 r+m

| WO TD —w T ZV Q“(s,8,) ———— aw“” a(W,b)
1

2 b1 V=BT > V. Q" (s, ) ey AW, b)

Tricks to improve performance

I T

1 Initialization:

lnitialize the DRL agent by supervised learning (data generated by
PID controller), then further improved with reinforcement learning.

—— - s S

/ A Initial DNN

Generate LFC database
based on PID controller

| : Optimized DNN 11
: L for single-area 11
| Transfer |
| Learning

| |In|t|al Models |
! for all areas

\
|
|
|
|

Use the database to initializea | |

DNN with supervised learning | |
d |
|
|
|
|
|
|
/

ACE,,— ACE, [ ACE dt
“dt .

|
|
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|
|
|
|
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|
|
|
|
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1. Background B Testing results (LFC model)

Methodology = Linearized LFC model (no physical limits): 0 Less opatice

I
1 ..
I frequency deviations:
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Single area ;0 ’ + : than PID.
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i nadir: 39.6% better
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________________________________________ 1 N

» Generation power under GRC&GDB: I Method ~ ~ Q Mean |ACE|%  Max |ACE| [p.u]

| : -

0014 ; ; ; ‘ ; ; ; ; ‘ -, O AT Y e PP e I Fine-tuned PID, ~ -0.0247 0.037 0.035
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1. Background B Testing results (time-domain model)

| . : .
Methodology 1 * NE 39-bus system with full dynamic model : = Numeric comparison
| I v
1 I ) Method Q Mean |ACE| % Max |ACE| [p.u.]
I T T .
Single area | b A D P 4 Fine-tuned PID -7.0e-05 0.0095 0.002
I L ’\ 1 p \ m l“ 4
9 Vy; R TR CAR (Deep) Q-learning -1.35e-4 0.0119 0.002
| : SIS
l e R P W
Multi I S o R\ \/" W 1 | Single-agent DDPG (| -3.4e-05 0.0044 0.002
I = r | 'é L PV power at bus 18 |
u a ea | %200 ----prSWfrftiu529 A . o : PrOpOSGd MA- [Q -3.2e-05 0.0047 0.002
SyStemS ! ! vy P RN I V
! ’ I No control -0.013 0.21 0.002
: 0 : : : ‘ : |
0 50 100 150 200 250 300
5. Optimal BESS [l P o
- UPp ! B s | Objective function: less frequency More related with
control )| 4 4° = f\isiatlozs_lnt_eg_raieciailciai b_us_8,_1£3,_18_,2_9. _____ I deviations in data-driven methods system’s inertia
= System frequency for different methods -
04 § 1.0001
————— PID: Average generators rotation speed §100005
0.08 « No qontrolz Averag-e generators rotation spegd | g 1 . .
= b (O Single-agent DDPG: average denrators foaton speed § oo Neseg « Less frequency deviations:
JE:/ 0.06 — = =—DAQN: average generators rotation speed n average 09995100 “‘)5 “‘0 11‘5 12‘0 125( ﬁo 1;5 1‘;0 1;5 ¢ 763% bettel’ than DQN, 543%
= Time (s)
.g 0.04 o 100018 better than PID.
= o S ol Al |« Bettercoordination among all
) g1 the agents
o o c 1T
. é 0.99995 | ¥z .,"»,f
002 « 0.9999
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-0.04 : . . L ’ Time (s)
&1 2> NANYANG ° 0 100 Time (%) 200 290 300 Rotation speed of 9 different generators
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1. Background B Battery energy storage system control for frequency support

Battery Energy Storage System Problem description

2. Methodology

] . - !
| = High c_ontrol flexibility and response speed. : ! Optimize a DRL agent, such that the expected !
) " = |ntensive usage can cause battery aging. . 1 total control cost is minimized I
3. Single area . o L |
! - A : : Minimize E [ZZ(CUI +Cy; +Cy )AL ] |
. I I 1 j=1 i=1 1
- I I _ I
4. Multi-area : X | I+ Modellingof BESS control cost l
systems ! L —T :
I I L AT L
) : Depth of discharge : : : » Cost due to battery marginal degradation n. :
5. Optimal BESS [N PRy gt (OR oD(B) | !
| 1 1 1 :
control - e O | :
I ' b N TE :
! ‘i 7 | s | ) 1
: || | 50D Nl | (\l/ | |
'_________:T:;i_________________! ! « Cost due to frequency deviations and | :
: unscheduled power interchanges. Lo
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. & e 25 : I 1 PN =  Additional generations to maintain ! |
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1. Background

B BESS control for frequency support

Agent-Environment Interaction

(. . . . )
Methodology Offline Deep Reinforcement Learning
(Err "\State ( ) »  Expected action-values:
Environment Ly, Deep Deterministic Policy Gradient BESS cost

Single area

estimation

Battery

Maxglgnize Ep[ Q¥ (s¢, ar)]

=  Cost: battery marginal aging, unscheduled

aging

Multi-area

Random load
disturbances

/Actor NN:

* Update Gradient
Parameters
) (Critic NN:

Unscheduled

interchange, AGC generation

BESS controller Cost estimator.

Estimated|Data
2 control [T

= Cost approximation with critic:
Q4(s0,a) = = ) [e5(6) + cul®) + o (D]AL
T
min|Q = hgo [--- hgo (s, )] |1

interchange

systems

O
=

|

|

I

|

I

|

|

AGC '
Generation b
|

I

|

I

|

|

I

|

Bl

Initialize ) |Action el cost
memory buffer i L 0" PN A J

5. Optimal BESS N “ Reinforcement learning _Supervised learning
control

=  Training process

o1 = Ok + 17 - VguJ

( Online BESS Control
Real-time status

N

(Data-driven
BESS controllen

Measured ) (Measured Control Reduce 1
system BESS | Input Dutput | BESS power| | operating Vou] =~ — Z 7,0(s,al89) Vouu(s|0")
frequency ) status output cost N £

J
\
Real-time BESS contro}
J/

= Offline Deep Reinforcement learning

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

|
|
|
= Online BESS control ;
|
1

Critic-based gradients DNN Updating rule

Gradient of objective'to BESS action

Qr ~ hIDL... R4 (s, 0))

Gradient of action to
agent’ parameters

1 1
1 1
1 1
I

| Voupu(s|0") = :
- :
! |

The real-time control action by the optimized DRL agent already
considers the control cost.

2% NANYANG Vou(fy L. £y (XD)])

TECHNOLOGICAL

7.Q(s,a) = V.hSO[... ha (s, @)

[3] Z. Yan, Y. Xu, et al, "Data-driven Economic Control of Battery Energy Storage System Considering Battery Degradation,"
IET Generation. Transmission & Distribution, 2020. 14




1. Background

Methodology
Single area

Multi-area
systems

5. Optimal BESS
control

&8> NANYANG
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B Battery energy storage system control for frequency support
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= = Battery aging cost
Frequency deviation cost

""""" Generator fuel cost

2 b i
Ll S ]
- et e e B T T
PSPPI b
0 (Ol bl 1 L I L 1 1 1 1
0 20 40 60 80 100 120 140 160 180 200
Time (s)
= Accumulative cost (total)
8
= = Proposed optimized controller
| Droop control with SoC feedback
o G |y Droop control with larger gains o 7
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-
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© enmm
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Battery power output (MW)

Numerical results (random load changes)

~7
bﬂéhod C() G C($)  C, ()  Saving (%)
. 7.73 0.00 6.10 1.63 0.0
Batteries
Proposed 5.25 0.72 2.90 1.63 32.1
Droop with
SoC 7.53 1.43 447 1.62 2.6
Droop with
e meis 7.83 4.92 1.29 1.62 -1.3
Battery cycle life loss
p / |, § v
W)’\[\J\\W i>

. I . . . . . . . |
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* Reduced 32.1% total control cost.

* The BESS control is improved by avoiding discharging

when depth-of-discharge is relatively high

Cycle life loss (%)
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1. Background B Related work 1: real-time computation of optimal power flow (RT-OPF)

! where, G=2dg(a)/dca W s the Hessian matrix
' of Lagrangian, H=oh(a)/éa .

Average Average absolute Inequaliy Average
2 ° M Et h Od O I Ogy /Offline Policy Optimization Considering Constraints ) (Online Optimal Power Flow h (]/ hod oesrt‘e(ﬁ;:;g) errc()':':vc\)’; Po Constraints sa\:ilrr:;e(%)
Real-time operating points ~"IP method
Environment Adjusting | [ g - OPF[7] 1.3018x10° 0.00 All satisfied 0.0%
e Take action trollable educing (benchmark)
3 5 Sl n g Ie area (_ Evaluate avgmented cost | CO\?ariabIe cost Branch flow and
(Quantify Reward of Operating) pr—s P T DCOPF[7]  13076x10° 0.610 nodal voltage not  90.1%
: utput Mha =[P;.V; R
‘ Reward Uod deep ner network i satisfied
- Y pdate Supervised Branch flow and
4. Mu Itl area Deep Deterministic Policy |Parametess learning [3] 1.2997x10° 5.018 generator ramping 99.8%
Syste m S Gradient with constraints using a DNN not satisfied
? Gradient Observe State Pr:;':gzzd | 13018108 0.186 Al satisfied 99.8%
Modelling of Augmented Cost Environment Real-time operating status
° Initiali . .
5. Optimal BESS =i [} (H.:;s:-sf} . Modelassisted gradient derivation
Costs Constraints estimation DNN - = = - .
control ! _‘Expand with mini-batch gradient descent: !
\_ J AN J 1 1
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. - - - - _ I N)!, I
6. Other related Train the DRL agen_t by optlml_zmg augmented action , V,L=V,(Cj (@) +V,(> s, () |
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1 _ (n) [l jt it pit-19T 1
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1 |
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|
|
|

2% NANYANG Lagrangian function

TECHNOLOGICAL (prima|_d ual safe reinforcement |earning) Z. Yanand Y. Xu, “Real-Time Optimal Power Flow: A
% UNIVERSITY Lagrangian based Deep Reinforcement Learning Approach,”

IEEE Trans. Power Systems, 2020.
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1. Background B Related work 2: data-driven home energy management system (HEMS)

Methodology

Single area

Multi-area
systems

5. Optimal BESS
control

Service provider

Hour-ahead |} l'“-é'-‘z;g-."-“"
electricity price '3

6. Other related
works
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UNIVERSITY [2] X. Xu, Y. Xu, Z. Xu, et al, “Data-driven Game-based Pricing for Sharing Rooftop Photovoltaic Generation and Energy Storage in the

% TECHNOLOGICAL driven Method for Home Energy- Management,” IEEE Trans. Smart Grid, 2020.
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1. Background B Related work 3: corrective control optimization

2. Methodology v Generation rescheduling v" Splitting or coupling busbars at substations
v Network reconfiguration  v' Asynchronous Actor-Critic Agents

3. Single area

2020 WCCI Competition “Learning to

4. Multi-area Run a Power Network (L2RPN)”

systems

=) L2RPN Challenge Home  Power grid In Action  Grid2Operate
O
AL
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1EEE World Congress on Computational Intelligence
S e (U OIM pet Itions

5. Optimal BESS
control

6. Other related

215> 60.2% load,
-19
load_35_34: 3)
A
- 3538 gen 35 21
R ot G
371 W -14.98 MW 0
€3 "load 32 30
gen 177185 MW
works il

((.a STATE GRID

°
\g QKIElIKHlBU}Rh'; BRISEeHERAD oo
Darons® oo .

_.
00000 0000¢ ,,

__________ This certificate is awarded to

‘ . ,.. ‘ ‘ ‘ . ‘ f Ziming Yan & Yan Xu
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Detailed introduction of our method can be found at: https://I2rpn.chalearn.org/competitions
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