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for wind farm control
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Wind farm power production optimization

Wake effects

» Upstream turbines create sub-optimal
wind conditions for downstream
turbines.

» This decreases the total amount of
power produced.

Figure: Horns rev offshore wind farm, Vattenfall,
2008
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Wake steering with yaw control

Yaw: angle between the rotor plane and the direction of the incoming wind

Increasing the yaw of an upstream turbine deflects its wake away from downstream
turbines.

inflow wind

w yaw angle
—>

—>
—>

Deflected wake

Figure: Wake deflection with yaw control
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l-WFCP: Wind Farm Control Problem

inflow wind

Goal w iyaw angle

Maximize the total power output of a
wind farm with M turbines

Deflected
wake

Controls
Yaws v = (7',...,7")

Measurements

w: free-stream wind conditions (direction ¢*° and speed u>)

Pit...,Pu, individual productions at any time ¢t

)

Prarmt = > 1y Pyt total power output
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Challenges

Wind farm simulators

Steady-state models: FLORIS (NREL)
2D Navier-Stokes: WFSim (TUDelft) computation cost

Dynamic Wake Meandering model: fidelity
FAST.Farm (NREL)

Large eddy simulations: SOWFA (NREL)
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Challenges

Modelling errors Wake propagation Scaling to large farms

» Steady-state models
» 2D Navier-Stokes

» Dynamic Wake
Meandering model

» Large eddy simulations !

— Total Power Output| |

Power [kw]

TRy

LB 5§}
\
)
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Yaw optimization

Static Problem Dynamic Problem
» Wind conditions are constant in time » Wind conditions change at every
time-step (0 < 8 < 1)
o
max Prarm max Z ﬁkaarm k
v Y05-++y Yoo pard D

(a) Static simulation: FLORIS (NREL) (b) Dynamic simulation: FAST.Farm (NREL)
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A model-free approach

Adapt policies in the real system !

Design data-driven methods that learn from observing control inputs and output
measurements collected on the wind farm.

ugs, or°
kP
Controller

1 M
fy;,.,.,'yk Vi+1s -5 Vk+1

Obj: max ) 22 ﬂkpfa,m,k

w N

“a
Velocity — ug® \?
Direction ¢x° N /
Measurements /
1 M
Yaws Vo TVk
Production Prarmk
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. that is robust to wake propagation dynamics

Account for wake propagation times

Wake propagation dynamics create a time delay between a change of yaws and a measurable
impact on the energy production of the wind farm.

ues, o
- Controller

] I 1 M
Vi -+ Vk V10w Ykt

Obj: max ZZQ 6k7>farm,k

w oo

R
Velocity ug® S
Direction ¢g° G %

|
Measurements L %

1 M

Yaws RS
Production Prarm,k
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A cooperative multi-agent reinforcement learning (MARL)

approach

Controller M
.

Controller 2

Controller 1

Velocity ul‘(’c
Direction ¢2°

Measurements

Yaws

ProductionPrm k

- —
///
N

MARL approach
Decentralized learning of local
policies:

M agents

1 shared reward

Each agent i receives a
partial observation of the
system and learns a policy 7'

Used in static and quasi-static
simulations (Graf et al. 2019; Xu
et al. 2020; Stanfel et al. 2021)
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Contributions

Delay-aware MARL algorithms for the WFCP
Exploiting model knowledge with imitation
Theoretical analysis of independent learners

A multi-agent RL benchmark environment
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Delay-aware MARL algorithms for the WFCP

WFCP as a delayed problem

WEFCP as a Delayed Dec-MDP

Local reward functions based on delay estimation for decentralized learning

Design delay-aware independent learners

Independent learners for the dynamic WFCP
Evaluation on FAST.Farm and WFSim with both turbulent and changing wind conditions

1. Bizon Monroc, Bouba, Busi¢, Dubuc, and Zhu Delay-aware decentralized g-learning for wind farm
control., CDC 2022

2. Bizon Monroc, Busi¢, Dubuc, and Zhu Actor critic agents for wind farm control., ACC 2023
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WFCP as a delayed Dec-MDP problem

The multi-agent WFCP
Objective:

max E

..M

M
B> P, ]
0 i=1

gk

>
Il

S : full state space (unobserved)

Qj1<i<m: M observation spaces with 7’ and w™

Ai1<i<m: M action spaces representing the change in local yaw A~ between two
time-steps

r:Sx Ax S — |0, A]: shared reward function

5|
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WFCP as a delayed Dec-MDP problem

P

The multi-agent WFCP : a delayed approach
Objective:

max E
1 M

@l gooogd

k
>3
k=0 i=1
Sii<i<m: M local state spaces with ~" and w*
S = I_I,MS; : global space as factorization of local spaces
Ai1<i<m: M action spaces representing the change in local yaw A~' between two
time-steps
r:Sx Ax S —|[0,R]: shared reward function

A delay d € N : the number of time-steps after which the reward can be collected
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WFCP as a delayed Dec-MDP problem

The multi-agent WFCP: a delayed approach with local rewards

Objectives:

oo M oo M
Z,Ber,:] maxE[Zﬂer;y}
k=0 i=1 @ k=0 =1

=

max E
1

Sii<i<m: Si: M local state spaces with + and w*

S =T1MS; : global space as factorization of local spaces

Ai1<i<m: M action spaces representing the change in local yaw A~' between two
time-steps

r.SxA xS — [0, R]: M local reward functions

M delays : the number of time-steps after which each local reward can be collected
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Delay-aware MARL algorithms for the WFCP

‘Obj: max » .o B5rl ‘
s 1
1> Vi Wi - Agent 1
e Wi Agent 2

p
™ Yk

2
Yk

Reward Module

w o
N
N
1 M
Yaws Vig o W [
Wind wg
Measurements
Production Prarm,k

Wi = (U, 6i°)

Figure: WFCP-MARL: our multi-agent formulation of the dynamic WFCP as a Delayed MDP
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Local reward functions

Delay Matrix
Agent 1

Dy, Dy3|Dyy Dys| Agent 1

Delays approximated with
Taylor’s frozen wake
hypothesis (Taylor 1938):

Dyl  |P3s
Dy, Dys|Dsg

D/] . distal;ljce(i%j)
oo

Dgs Agent 6

Reward functions

. Vi—Vi M M
1 f 21 > A . 3 9
1 iV1 i with V1I = Z Pj’k V2’ = Z Pj’k‘*'DiJ
lik=19 -1 if Lo <A =1 j=
1
0 otherwise A>0
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Empirical results

DFAC: Delay-Aware Fourier Actor Critic Agents
» Row of 3 turbines

» Turbulent stationary wind inflow

» Turbulence intensity: 8%

» Average wind speed: 8 m/s

» Simulated on FAST.Farm

2900

2800

2700 ; ! ! : :
0 50 100 150 200 250
Time [ks]
Figure: Average energy produced during 1h Figure: Row of 3 turbines simulated in FAST.Farm
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Empirical results

Scaling to larger wind farms:

Layout DFAC Energy [MWh]  Over baseline (%) Rise Time (ks)
Layout 1 (3T) 9.34 45.83 22
Layout 3 (7T) 23.02 9.35 38
Layout 4 (16T) 31.44 10.99 302
Layout 5 (32T) 47.90 37.02 -

Table: DFAC on WFSim: scaling experiments on layouts
with 3, 7, 16 and 32 turbines. Results after 200ks (Layout
1, 3) and 600ks (Layout 4, 5).

50 100 150 200 250

Time [ks]

Figure: Average energy produced during 1h
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Exploiting model knowledge with imitation
Imitate optimal policies from model-based optimization
Use optimal policies learned with static simulator FLORIS to guide online learning with
dynamic simulator FAST.Farm
Evaluation on WFSim and FAST.Farm under both changing and turbulent wind

conditions

Bizon Monroc, Busié, Dubuc, and Zhu, Towards fine tuning wake steering policies in the field: an
imitation-based approach., TORQUE 2024

Collect wind Optimize in Extract policy Adjust in
data static model initialization dynamic model

= | -
G,
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Imitation

3500
3400
o 4 ‘ oé A “‘A“
3300 I“
& 3200
iy ——DFAC
& 3100 ——IDFAC
[ I Y A L A Greedy
Q? 3000 LuUT
2900 ?
ssoo T
2700 . . . . . . .
0 20 40 60 00 120 10 10 180

Tlme [ks]

(a) Power output

Yaw ()

——DFAC

——IDFAC
- - - Greedy
LUT

0 50 100

Time [ks]

150

(b) Yaw of the first turbine on 1 run

Figure: DFAC and IDFAC algorithms - 1h average of total power output (a) and yaws during the first

experiment of each algorithm (b) on 56h of simulation.
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Imitation: turbulent wind step

—
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Towards theoretical guarantees

The WFCP without delay is a Transition-Independent Dec-MDP

No-delay WFCP can be framed as a transition independent Dec-MDP (Becker et al.
2004; Allen and S. Zilberstein 2009)

.. where the interdependence of agents dynamics can be represented by a directed acyclic
graph (DAG).

A multi-scale approach for independent learners

Multi-scale approach and learning rates attribution procedure
Independent Q-learners converge (under assumptions) to an equilibrium of best responses

Proof is based on results from the stochastic approximation theory (Borkar 1997; Borkar
and Meyn 2000; Kushner and Yin 2003)

Bizon Monroc, Busié¢, Dubuc, and Zhu Multi-agent reinforcement learning for partially observable

cooperative systems with acyclic dependence structure., ARLET Workshop at ICML 2024
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Transition Independent Dec-MDP

Tl Dec-MDP Agent 1
The transition kernel can be decomposed into M local transition
functions P': S; x A; x S; — [0,1]:

Tr iti 1
P(s,a,s')=MP'(s',d,s" -
R B
¢
Transition 2
d™: invariant distribution over S under 7

0 1. di t fact J
<B< iscount factor L_m

Figure: TI Dec-MDP

—i : : : : . .
Local g-values Q7; (8, @) = Eq _gr 4 (nix—i),5oP >k B r(sk,a) | so =8, a = al
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Wind farm control as a Transition Independent Dec-MDP

4 - S1 €S 52 €S, N\ Function ofdexiglenolus
w 7 S process and all loca
— ‘ 75 ‘ ‘ W,y ‘ components
> \
— a' €A a' c A Ny
: i.,0
Exogenous ‘ A ‘ ‘ Ar? ‘ s! W\,]/
\process (wind)
wy
)

r(s,a) =3, prod(w', ")
Figure: The multi-agent wind farm control loop

Local

~ component

Dec-MDP

Tl Dec-MDP
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Agents have a DAG interaction structure

There is a directed acyclic graph (DAG) G such that for
every agent i/ in G with ancestors N A(/) and
descendants N'D(/), if:

Ny ﬁ 1. Policies of agents in N A(/) stay fixed
[N .
» ﬂ ‘a 2. i changes its policy
\\: ‘ 3. Agents in N'D(i) sequentially adapt their policies
a‘ the change in reward is bounded by the change in /’s
o g
04/12/2024 0 ipsix (ifPems Loca - 24
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Learning Rates Attribution

All M agents locally update their g-values estimates according to iterates:
Qhi1.0 = Qo + ak(sh, @) [T+ BIS( G (Sl I Qh(shr, ) — Bl
with neighbors N (i), 7, =it N ()} (s, d,, s ,ak ), H(Q)(:|8") o eXp(sia))

Learning Rates Attribution

For any node:
(A) Ancestors have strictly inferior ranks

(B) Ancestors have strictly different ranks between themselves

04/12/2024 o
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Learning Rates Attribution

All M agents locally update their g-values estimates according to iterates:
Qhi1.0 = Qo + ak(sh, @) [T+ BIS( G (Sl I Qh(shr, ) — Bl
with neighbors N (i), 7, =it N ()} (s, d,, s ,ak ), H(Q)(:|8") o eXp(sia))

Learning Rates Attribution

For any node:
(A) Ancestors have strictly inferior ranks

(B) Ancestors have strictly different ranks between themselves

Theorem

The g-value estimates Q; +1 will converge towards the smoothed best-responses for local
q-values Q7'
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Experiments

600 1

500

400 1

300 1

200

100

1000

1500 2000 2500 3000 3500 4000

Figure: Agent interaction DAG.
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Figure: Evolution of learning rates
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Experiments

600 1
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1000
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Figure: Agent interaction DAG.
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Production
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NetworkMQ@L
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Figure: Evolution of power output
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l-WFCRL: MARL environments for the WFCP

Bridging the wind energy and reinforcement learning communities

Interfaces any control algorithm with FLORIS and FAST.Farm
MARL environments with real-world layouts

Benchmark example for both production maximization and load minimization

Bizon Monroc, Busi¢, Dubuc, Zhu, NeurIPS 2024 Datasets and Benchmarks Track
https://github.com/ifpen/wfcrl-benchmark

PettingZoo
Gym

l
RL Loop

04/12/2024
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(—
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statistics

Python
interface

send
—

—

receive

MPI Communication

Control references w FAST .Farm

—— ) Simulator
imulated measures .
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r .
Conclusion

Wind farm control as a delayed MARL probem

Experimentally validated algorithms on state-of-the-art dynamic simulators
Use of static models to guide learning in dynamic conditions

A convergence analysis of independent learners in a certain class of Dec-MDP

A new benchmark and interfacing library to bridge RL and wind energy communities
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r .
Perspectives

Towards applications on real systems

» Validation on high-fidelity simulations
» Considering loads in a constrained Dec-POMDP

» Tracking a production signal for integration in the grid

Multiscale Q-learning: interdependence dynamics and delays

» Convergence with delayed updates
» Convergence under a single time-scale

» Gap between equilibrium and optimal policy ?

WFCRL: future developments as an open-source library
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Based on publications

. Bizon Monroc C., Bouba E., Busi¢ A., Dubuc D., and Zhu J. Delay-aware decentralized

g-learning for wind farm control. In 2022 IEEE 61st Conference on Decision and Control
(CDC).

. Bizon Monroc C., Busi¢ A., Dubuc D., and Zhu J. Actor critic agents for wind farm

control. In 2023 American Control Conference (ACC).

Bizon Monroc C., Busi¢ A., Dubuc D., and Zhu J. Towards fine tuning wake steering
policies in the field: an imitation-based approach.. TORQUE 2024.

Bizon Monroc C., Busi¢ A., Dubuc D., and Zhu J. Multi-agent reinforcement learning for
partially observable cooperative systems with acyclic dependence structure.. Presented at
ARLET Workshop, ICML 2024

Bizon Monroc C., Bugi¢ A., Dubuc D., and Zhu J. WFCRL: A Multi-Agent
Reinforcement Learning Benchmark for Wind Farm Control, NeurIPS 2024 Datasets and
Benchmarks Track
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Deposits

Patent

Bouba E., Dubuc D., Zhu J., Bizon Monroc C. and Busi¢ A., (2023). Method of controlling a
wind farm using a reinforcement learning method, Patent Application FR3142782A1, French
Patent Office.

Code deposits

WFCRL - Wind Farm Control Reinforcement Learning (Python library).
Deposit N°: IDDN.FR.001.250031.000.S.C.2024.000.30705

Farm2Python - Interfacing tool for research in wind farm control.
Deposit N°: IDDN.FR.001.250029.000.S.C.2024.000.30705
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Appendix I: Imitation-based DFAC (IDFAC)

For any LUT mapping wind conditions to yaws Mpeam : (w) = (4™, ..., vrY)-
Vs = (’y,‘7W) €S

. min(A7 MFarm(W)i - 'Yi) if vi < MFarm(W)i
IM(Si) = max(_A7’7f - MFarm(W)i) if Yi > MFarm(W)f
0 otherwise

T—1 T
Moy k_ 1-p _ [ [MEam(w)i — il
V¥i(s) = rubkzzgﬁ =TIup - where T = " A

with A the upper bound on absolute change in the yaw command at every iteration.
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Imitation-based DFAC (IDFAC)

Methodology

1.

Generate a training dataset from the model-derived optimal policy and value functions
M and VM
Offline: learn parameterized functions V, and my approximating =™ and V'™
& 2 &y 2
=% [m(x,) - WM(X,-)] . L= [V,,(x;) - vM(x,-))} .
i=0

i=0 i

. Offline: adjust estimate by minimizing the TD error with rewards estimated under

stochastic policies

§(s,r,8') =r(s,8) + BVa(S) = Va(s), L, =0(s,r,8)

. Online: initialize DFAC in the dynamic environment with the policies learned offline

04/12/2024
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Imitation: WFSim experiment on wind time series

Farm of 7 turbines: layout inspired from Ablaincourt wind farm in
France

Non-turbulent stationary wind inflow

Average wind speed: 10 m/s

Simulated on WFSim

Method Energy [MWh] Over greedy baseline(%)
FLORIS 29.07 -4.91
Imitation only 29.55 -3.36
Imitation + Online Learning 31.32 2.43

Table: Average energy produced during 1h on the tracking experiment with LUT
and pre-trained Fourier Actor-Critic on a 7 turbine layout

3 l4
TI
T

Figure: 7 turbines layout

—
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Appendix lI: Transition Independent Dec-MDP

Tl Dec-MDP

A Transition Independent Decentralized Markov Decision Process
(TI Dec-MDP) is a tuple {M, S, A, P, R} with M agents and:

S =85 x--- x Sy a finite state space

A=A X --- x Ay a finite action space

R the reward function shared by all agents

P the transition kernel
such that the transition kernel can be decomposed into M local
transition functions P’ : §; x A; x S; — [0,1]:

P(s,a,s') =MP'(s,d,s"

ax

1 Agent 1 T

a

—— Transition 1

T

¢

—— Transition 2

~ N

_J

Figure: TI Dec-MDP
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An important assumption on structure
Notations: @' = (Q*',....,Q") Q< =(Q',...,Q™").
Agent interdependence dynamics

For 7, d"™ with ¢(Q) - d”™ the corresponding stationary distribution over global state-action
pairs. For any M-uplets Q there is an associated reward expectation taken over the
stationary distribution of state-action pairs. Let us take a set of g-tables Q with its
corresponding global policy 7 = ¢(Q). For any agent i:
For j < i, @ is any q-table in Sj x A;
For j > i, O’ is a g-table of the smoothed best response to 7/ as introduced in. We write
Z2H1(Q<"') the M — i g-tables Q' thus defined.
Let Q" € [-D, D]!'S™*141 be a local perturbation to Q' within the constraint set. Write
Q =(Q<,Q",z2*1(Q<, Q")) and 7’ = ¢(Q). There exists an ordering of agents
{1,...,M} and K € (0,1) such that for every agent i and its g-table Q', the reward function
satisfies:

1R=(8) = Rer ()]l < KIIQ' = Q"1

04/12/2024 a
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r .
Convergence of local iterates

Let now all agents locally run a Q-learning update,
Qi1(s,d) = Ql(s', d)

A L L L (1)
+ k(s @) [+ BlO(Q) (k1)1 OulSker,) — Qh(sk @) o

with / ¢ i the indicator of the event that the local state-action pair s, a is visited at
timestep K.

Theorem
With proper initialization and:
Initial values Qj € [-D, D] for D > 0 such that D > &
Carefully chosen learning rate sequences
A discount factor (3 satisfies 5 <1 — K
Specific assumption on agent interdependence dynamics
The g-value estimates OL 11 will converge towards the smoothed best-response of q-values
QT (s, d) = Eeymom agm(mim—i),semp |20 B T(Sk, ) | 5o = 8,8 = &
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