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» Importance

(seconds to minutes)

Quebec Interconnection: 58.5

+ Grid: system stability SUPPLY DEMAND
» Consumers: power quality Neutral
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B Load frequency control (LFC)
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Conventional methods

Model-based:
1. Robust control

» Lower inertia and

Generation side: power-converter

load damping: interfaced generators (wind, solar).

Steam

Parametric uncertainties.

2. Fuzzy control

Adaptive for unknown system.

Transmission side: asynchronous
interconnection through HVDC links.

Load side: inverter-based loads.

Robustness and response speed.
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Secondary
frequency control

> Larger and faster power fluctuations:

Generation side: intermittent
renewable power generation

» Stronger modelling capability
Better control performance
Higher flexibility and scalability

Load side: demand response
program, EV charging load, etc.
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Principle & Framework RL methods

« Principle: training an agent via iterative interactions with 1. Value-based methods - train a Q-value predictor (Q-table)

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

2. Policy-based methods - train an action predictor (actor)
Explicitly learn a mapping policy z:s—a

1
Vgu'] ~ NZVaQ(S’ a) |s:si,a:y(s,~) V‘gﬂﬂ(‘s | 0”) |s:Si

» Action value (Q-value): total expected reward over a
L . Environment
certain time period T Advantages:
Actions States » Continuous action space.

» How to model the frequency control problem Actor |« « Better performance in

into a RL prOCGSS? ?J Values (gradients)* convergence and Stabmty
» How to solve the RL training process considering .5”’7 Critic States

power system’s own characteristics/model? {1 T ——




B Ourresearch works

Single-area controller [1]

1 G: generation; L: load;
: RES: renewable energy resources;
; BESS: battery energy storage system

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

» Minimize expected frequency
deviations

* Model-assisted gradients derivation

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

[11Z. Yan, Y. Xu, "Data-Driven Load
Frequency Control for Stochastic Power
Systems: A Deep Reinforcement Learning
Method With Continuous Action Search,"
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» Developed a set of cooperative DRL
models for multi-area power system

» 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.
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» Optimal control of BESS for f support

» Minimize expected total control cost
considering the degradation of battery

* Modelling of BESS lifetime
degradation

» Actor-critic framework

» Cost approximation with critic

[3]1Z. Yan, Y. Xu, et al, "Data-driven

Economic Control of Battery Energy

Storage System Considering Battery
Degradation," IET Generation.

IEEE Trans. Power Systems, 2019. Power Systems, 2020. Transmission & Distribution, 2020.
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Optimize the parameters 0=[W',b] of DRL agent based on data, such that the control policy is optimized an

expected frequency deviations are minimized.
i 1 : Agents-Environment Interaction
w7, [ Tes7, 4?_’ 2H,s + D, >
Govemer i AR, AP, = Action-value function:

| Max1mlze E [0%(s,,a (Z ALAFD)]

4 IEEE

Environment

= Training process
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Actions Input:

Derivative &
Integrate of
system state,
System state

Control | parameters

Vg(k)"] ~Ep[V H,UILI(S|9#)V O(s,a)]
VB“J ~ NZVIJQ(S’ a) |S=5i’“=ﬂ(5i) VH'”'U(S | 0”) |S=Si

* Actor Gradients
e B

Rewards

LFC Model-based Critic -t
& J

Deep reinforcement learning process

Model-assisted gradient derivation DNN Updating rule

The gradient of action with respect to agent’ parameters

VHMU(S | 0”) = Vgﬂ (f(’l)[ f;g(l)(X))]) |X is input vector with s=s;

[11Z. 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.
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B Single-area LFC controller

= Model-based gradient derivation process Tricks to improve performance
Stacked denoising auto-encoders:

Model-assisted gradient derivation Initialize the DRL agent by SDAE (supervised learning

with data generated by PID controller), a deep learning

|
ONf(s,,a tool widely used for feature extraction.
1. V0" (s,.a,) = 2007 (s,,a,) 252 I Y s
RPN P 629 " I et & oo system (000000) e
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Auto-correlated exploration noise:
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B Multi-area LFC controller

Multi-area power system

Multi-area LFC block diagram A
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G: generation L: load
RES: renewable energy sources
Each area has its own control agent.

1
2Hs+ D,

Problem descriptions

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

multiple controllers in all areas.
» Constraints: how to consider nonlinear physical
limits while optimizing the controllers.




B Multi-area LFC controller
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Centralized training and decentralized implementation
V: - - - """ """ """ """”-""”-""” ¥"¥"” ¥""”""”"""”""”"” ""”""""”"-""”""”""”"—"”—”-”= ~

\ Agents-Environment Interaction

= Global expected action-value'

0"(s,4,,0,,....a )=—Z[AIZ[(BAf) +(AP, )]

t=1 i=1

MaxmnzeE [0 (s,a,,a,,....a,)]

1 2 """ N
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Offline Multi-agent Deep Reinforcement Learning
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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.




B Multi-area LFC controller

Gradients for all actors (MA-DDPG)

0“(s,a,,a,,....a Z[AtZ[(BAf) +(AP, )]

t=1 i=1

L ei(kﬂ) = ei(k) +77V6gk)~]
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Model-assisted gradient approximation

dAf(t) _by d>Af (D) _by d>Af (1)
B, © df’ B, * ar

Bo=1/R, g, =2HT,T,[2H + (T, +T,)D]/ D,
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Considering generation rate constraints (GRC)
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- Va<Af<t))+(2H/DMdz)=o
|dP.(t)/ dt|> o

Agent updating rule considering physical limits

|
" I/V;/([,TH) — VV;/_(I.T) Zv o~ (8,,a,) = aW(l - a(W ,b)
. 5
: M. b =p" —U;;an“ (s,,a,)——— 8b(’ - a(W .b)
Tricks to improve performance
1 Initialization:

lnitialize the DRL agent by supervised learning (data generated by
:PID controller), then further improved with reinforcement learning.
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A Initial DNN / Fine-tuning of DNN parameters \I

I
r 1
|| ADNNforsingle-ara LFC | |
I
I

Generate LFC database
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DNN with supervised learning
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B Testing results (LFC model)

ACE (p.u)
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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,
22.2% better than PID.
Improves the LFC
performance by better
coordination among all
the areas

0.037 0.035
0.093 0.048
0.023 0.029
0.042 0.049
0.061 0.049
0.029 0.048




B Testing results (time-domain model)

Frequency deviation (Hz)
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Numeric comparison

-7.0e-05

Objective function: less frequency
deviations in data-driven methods

1
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Time (5)

4
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Rotation speed of 9 different generators
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0.0095 0.002
0.0119 0.002
0.0044 0.002
0.0047 0.002

0.21 0.002

/

More related with
system’s inertia

Less frequency deviations:
76.3% better than DQN, 54.3%
better than PID.

Better coordination among all
the agents




B Battery energy storage system control for frequency support

Battery Energy Storage System

= High control flexibility and response speed.
= Intensive usage can cause battery aging.
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Problem description

Optimize a DRL agent, such that the expected
total control cost is minimized

AP, AF,

s

i
R

MlmmlzeE [ZZ(cu,+cbl+c DAL

j=1i=1

* Modelling of BESS control cost

1 1
1+sT, 1+5T,

Governor

» Cost due to battery marginal degradation.

e, =senlg, 0 2 5 DRSNS

SESE SS
(= E\ergy Storage Syster™

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

a,+ BN if fe[0.99f,,1.006,) Hz

| o R I PR G L par i £ e[0.9847,0.997) Hz
I Afi = 5 (AP + APppssi — APy — APyie) — 5-Afi (1) ! o if fe[0.98,,0984f,) Hz
1 . 1 - T
! APpyi = 7-0Pg; = 7= APy @\ systom !
: APy = 2 APy — ——Af, — AP, (3) | freauency | |
. . . 1
! Tai RiTgi Tai ! : = *  Additional generations to maintain !
: APtie,i =2m Z]:l,j#i Ty (4Af; — Af)) (4) : ! - frequency i
1
_ _nigi®) ] = c (t) = (bip tep i) !
: SoC;(t) = SoC;(0) — [ —HID_ 36008, gpo; O (5) BESSSoC | i g g Z & & :
| I T T e e !
! APei(t) = —KpACE;(t) — K [ ACE; (1) 6) AcC | +  Control cost approximated by critic network




B BESS control for frequency support
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(Offline Deep Reinforcement Learning

Random load
disturbances

Critic NN:
Cost estimator

{7\, Estimated|Data
control

Actor NN:
BESS cong'oller

- : ~State (e ) = Expected action-values:
Environment —»[ Deep Deterministic Policy Gradient BE.SS C?St o
i estimation Maximize Ep[ Q* (s, a¢)]
Update Gradient Battery oK
Parameters = Cost: battery marginal aging, unscheduled

Unscheduled
interchange

N Agent-Environment Interaction

4 IEEE

interchange, AGC generation

= Cost approximation with critic:

Tnfaalizs . AaC Q"(s0:a) == ) [en(8) + cul®) + g (B)]A¢
memory buffer ) T () 1) )
L — Reinforcement learning  Supervised learning N ) "Hlbnl |QR - th [ r th (S; a))] ”

" Online BESS Control

=  Training process

Real-time status

Real-time BESS control

01 = 61 + 1 - VguJ

Measured | (Measured Control Reduce 1
system BESS BESS power | | operating Vou] = _Z V,Q(s, ang) Vouu(s|6*)
frequency status output cost N i

|
[
|
I
I
I
I
I
Generation [
|
I
[
I
I
I
[
|

= 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.

1
1
1
= Online BESS control !
:
1

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

DNN Updating rule

Gradient of objective to BESS action

Qr ~ RSP1.. 1S3 (s,0))

Gradient of action to
agent’ parameters

[ 1
[ 1
1 : 1
| Voun(s|0) = :
X :
1! |

7,05, @) ~ VahC9 L R (s, a1 1 Vau(fy Lo CON)

[8]1Z. Yan, Y. Xu, et al, "Data-driven Economic Control of Battery Energy Storage System Considering Battery Degradation,"



B Battery energy storage system control for frequency support %ﬁE @lEEE
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= System frequency in 3 areas = Numerical results (random load changes)

0.15
—_ = Without Banerie;
s °'r o i e feoimack
s Droop control with larger gains
T 005
g \ L a 7.73 0.00 6.10 1.63
§ o rLﬂ TT ‘V;BV* TH—HFTr u‘,
% 005 5.25 0.72 2.90 1.63 32.1
o1 0 2'0 40 60 80 100 120 140 160 180 200 7-53 1.43 4-47 1-62 2-6
Time (s)
=  Accumulative cost (each component)
. 7.83 4.92 1.29 1.62 13

Total cost

Battery aging cost
equency deviation cost
enerator fuel cost

= Battery cycle life loss
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