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Optimize turbine performance
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Optimize farm performance
Mitigate interactions using adequate flow model (Wake visualization in LES of a 4 x 4 wind farm )



Engineering models Large Eddy Simulation models
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Cheap but do not capture non-linearities Resolve non-linearities but very expensive
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Coupled Wake Boundary Layer Model SP-Wind (KU Leuven)
(Stevens, Gayme, Meneveau 2015)

Linear Wake Expansion (Jensen) Model LESGO (JHU)
(Jensen 1984)

FLORIS Model SOWFA (NREL)
(Gebraad et al 2014)

Optimize farm performance
Mitigate interactions using adequate flow model



Linear approximation T | X Non-linear dynamical system
-l .
a P T -
Xps1 =~ AXxy - ‘&ép | x,, Xi+1 = f(xk)
DMD (ADDREF

Wind-farm context:

X — Kalx x = [v,p], f:time-discrete NS operator
g (Xp+1) g(xy) <_____@

KMD (ADDREF
X = system state

Koopman theory (1931)
Define a set of scalar observable functions g: R™ — R, spanning an infinite-dimensional Hilbert space H..

—> There exists a linear infinite-dimensional Koopman operator K: H ~ H, acting on the observables as

Kgxy) = g(Xk4+1)
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Linear approximation ~ X, Non-linear dynamical system
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PO
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e | | X
Xk+1 =~ Axy + Buy — - e L X X1 = (X, U )
Proctor, Brunton & Kutz, ' Y //7/
SIAM 2018 | — %
l B p
: Wind-farm context:
9 (Xir1, Wier1) = K G (X, Uge1) _@ x = [v,p], f:time-discrete NS operator
= = == =
Proctor, Brunton & Kutz,
SIAM 2018

X = system state
Koopman theory (1931) u = control input
Define a set of scalar observable functions g: R™ — R, spanning an infinite-dimensional Hilbert space H..

—> There exists a linear infinite-dimensional Koopman operator K: H ~ H, acting on the observables as

Kgxp, uy) = g(Xg41, Up+1)
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Non-linear system in original state x

y X However, virtually all non-linear systems require an
. X1 1 e : ) :
X = — infinite-dimensional embedding

X2 X1

_x12

—> Data-driven finite-dimensional approximation of
Koopman operator for wind-farm flows

Koopman embedding
zZ = g(x) — (xll x2;x12)

Z1 X1 X1 Z1
. . y 2 —_
Z=|Zy|=|X2|=|X1—X{]| = Zy — 23 | = Kz
23 x% 2x1 2Z1
(example from Proctor, Brunton & Kutz, SIAM 2018) ...becomes a linear system in Koopman state z



Approximating the Koopman operator

Control inputs States Outputs Snapshot matrices
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Approximating the Koopman operator

Dynamic mode decomposition Snapshot matrices
! ’ ’ + — _ e
[X]z[A B”X ' min [X]_A B”X] . ]A B]:[X”X] Control U = |U1 Uy U,
Y C DILU ABCD |ILY C DILUI, C D YILU )
Xk+1 =Axk+Buk x = PX %k+1 =/T7rk+§uk
Vi = ka + Duk xERY,%€ER" Vi = C'v"'\x-*k 1+ D"uk State ¥ = X1 Xy v Xm-1
(r<«n)

[—

T —— . |
- ey, — Image X' =|[X2 X3 - Xp

m— "'d‘ Typical basis:
e r POD modes of X

Output Y =|Y1 Y2 - )’m]
REFERENTIES IUNGO, ANNONI,.. i
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Approximating the Koopman operator

Dynamic mode decomposition Snapshot matrices
S [ A R 4 i [ A e 41 R C
Y C D U A,B,C,D i
Xi+1 =Axk+Buk x = PX ’ka+1 =A"i'k+§uk
yi = Cxj, + Duy, x €RY, %€ R ye = CXy + D uy, State X =[x, x, - Xpm_q

(r<n)

Koopman: extended dynamic mode decomposition

1. Enrich snaps with historical data (delay embedding): Q,X,X",Y - Qg4, X4, X}, Y4

[ [ [ | Image X' =[X2 X3 - Xp
xl xZ xm_nd
l l l
[ [ [ Predict future state/output based on:
Xg=| X2 X3 Xm—nd+1 « Current state/control i

| | | - Previous states/controls Output y = Y1 Y2 - Ym
l i i

X1+nd X2+nd Xm-1




Approximating the Koopman operator

Dynamic mode decomposition Snapshot matrices
S [ A R 4 i [ A e 41 R C
Y C D U A,B,C,D i
Xi+1 =Axk+Buk x = PX ’ka+1 =A"i'k+§uk
yi = Cxj, + Duy, x €RY, %€ R ye = CXy + D uy, State X =[x, x, - Xpm_q

(r<n)

Koopman: extended dynamic mode decomposition

1. Enrich snaps with historical data (delay embedding): Q,X,X",Y - Qg4, X4, X}, Y4

Image X' = (X2 X3 .- Xp
2. Lift delay-embedded snapshot matrices into Koopman snapshot matrices Z, Z’
Z = [g(xdl:udl) 9(Xaz,Ug2) .. G(Xgm-1,Uam-1) output Yy = |¥1 ¥z «  ¥m
Z' = [g(deIudz) g(Xa3, Ug3) .. 9 (Xam Uam)
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Approximating the Koopman operator

Dynamic mode decomposition Snapshot matrices
’ ’ / + [
R | R 4 e [ B A
Y C DILU ABcCD [ILY C DI1LU I, C D YILU i
Xi+1 =Axk+Buk x = PX ’ka+1 =A"i'k+§uk
yi = Cxj, + Duy, x €RY, %€ R ye = CXy + D uy, State X =[x, x, - Xpm_q

(r<n)

Koopman: extended dynamic mode decomposition

1. Enrich snaps with historical data (delay embedding): Q,X,X",Y - Qg4, X4, X}, Y4

Image X' =Xz X3 -+ Xy
2. Lift delay-embedded snapshot matrices into Koopman snapshot matrices Z, Z'
3. Fit mapping Z ~ Z': finite-dimensional Koopman approximation K :
Output Y =|Y1 Y2 - Ym
K=27'7Z% _
Zii+1 =KZk Zz = Pz Zk+1 :sz
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Approximating the Koopman operator

« Standard Koopman: advance observables of delay-embedded state and control
Zy+1 = Kzy
o g(Xgrs1Ugir1) = KG(Xgj Uak)

* In reality, we only care about latest state update x4

- ‘Modified’ Koopman: subspace projection, only predict observables of x;, ;

h(xy) =K g(xd'k,ud,k) (span h c span g)

(k1 = Kzy

(in practice: eliminating rows of original least-squares fit K = Z'Z%)
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State x control space Delay-embedded space Koopman space

x_nd ...,x_l D | K
elay oopman
U_n4q -, u_ _ .
e ' embedding embedding
T
o Xq0 = [X_ng ) X-1, X0]
> ZO
( ) T g
U Ugo = [U_png .., U_1, Ug] Coonman
“State estimation” operator
l/“*\ (often comes down to index selection) (linear)
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Demonstration case: setup

Wind Farm
4 aligned wind turbines
(actuator disk models)

Discretization
L,xL,xL,=54x12x1km?
A xA xA, =18 x12x 6 m? (5M)

Turbulent inflow
from periodic precursor
domain (Tl = 10% at hub)

y [km]

Computational cost
1 hr “wind-farm time” = 1 hr walltime on 224 Intel Broadwell cores
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Demonstration case: snapshots

Time
l_'_l
Time window
e« T=900s
o T =1s

samp

State snapshots:
« Disk-averaged velocities (scalar)
« Cross-sections (yz) x 10
« Planview (xy)
* Hub slice (xz)

Control snapshots: Turbine thrust coefficient
Output snapshots: Turbine power production
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Demonstration case: snapshots

Time
Time window 'Model training set A
« T=900s « 40 x steady turbines (C; = 2)
* Tamp=15S « 15 x turbines off (Cr = 0)

. ° 30 xunsteady first turbine (0 < Cr < 3),

3.0 1

State snapshots: _
. ., Trajectory 1
- Disk-averaged velocities (scalar) Trajectory 2
« Cross-sections (yz) x 10 Trajectory 3
: 201 Trajectory 4
* Planview (xy)
* Hub slice (xz)

& 15

1.0 4

Control snapshots: Turbine thrust coefficient
Output snapshots: Turbine power production 001

T T T T
0 200 400 600 800
Time [s]
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DemOnStratlon case: SnapShOtS Unseen controls

Unseen flow fields

Unseen inflow conditions

Time window 'Model training set A
« T=900s « 40 x steady turbines (C; = 2)
* Tamp=15S « 15 x turbines off (Cr = 0)
. ° 30 xunsteady first turbine (0 < Cr < 3),

State snapshots:
« Disk-averaged velocities (scalar)

« Cross-sections (yz) x 10 4 _ N\
*  Planview (xy) Model testing set |
« Hub slice (x2) « 1 x steady turbine (C; = 2)
« 1 x turbines off (C; = 0)
Control snapshots: Turbine thrust coefficient ° 1lxunsteady first turbine (0 < Cr <3)

Output snapshots: Turbine power production
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Linear model: no turbines

* No turbines: find linear model for flow propagation (~ Taylor’'s hypothesis)

Assess linear model performance
from “disk measurements”
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Blue: states shown in figure

Pink: states not shown in figure

Linear model: no turbines

State (in-sample test) State (out-of-sample test) E 05
@ 11 11 N
.g. 10 + /\'//\W 107
3 97 91 y km] 0
2
B T T T T T B T T T T
1 1 Nonlinear model (LES)

VUpz,1 [Mis]
o B
o b

Up3,1 [M/s]
o B
o b

VUpg [Mis]
o B
o B

oo
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Upz,1 [M/s]  Vpq 1 [M/S]

Up3,1 [M/s]

VUpg [Mis]

Linear model: no turbines

State (in-sample test)

State (out-of-sample test)

Blue: states shown in figure

Pink: states not shown in figure

y [km]

Nonlinear model (LES)

Model 1: disk velocities, no delay

X = [Vp1.4V-3p1.4]
xk,d = X (T =0 S)

i = 9(xpq) = [*ra 1]
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Upz,1 [M/s]  Vpq 1 [M/S]

Up3,1 [M/s]

VUpg [Mis]

Linear model: no turbines

State (in-sample test)

State (out-of-sample test)

Blue: states shown in figure

Pink: states not shown in figure

y [km]

Nonlinear model (LES)
Model 1: disk velocities, no delay

Model 2: disk velocities, 120 s delay

X = [Vp1.4,V-3p1.4]
xk’d = X (T =120 S)

i = 9(xpq) = [Xpa 1]
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Upz,1 [M/s]  Vpq 1 [M/S]

Up3,1 [M/s]

VUpg [Mis]

Linear model: no turbines

State (in-sample test)

State (out-of-sample test)

Blue: states shown in figure

Pink: states not shown in figure

Nonlinear model (LES)
Model 1: disk velocities, no delay
Model 2: disk velocities, 120 s delay

Model 3: disk velocities, sections, lift, no delay

Xk = [le..4' V_3p1.4) UVplan Vside vfront]
xk,d =X (T =0 S)

2 = g(Xpa) = [Xka 1 (x - V)x]
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Upz,1 [M/s]  Vpq 1 [M/S]

Up3,1 [M/s]

VUpg [Mis]

Linear model: no turbines

State (in-sample test)

State (out-of-sample test)

Blue: states shown in figure

Pink: states not shown in figure

Nonlinear model (LES)

Model 1: disk velocities, no delay

Model 2: disk velocities, 120 s delay

Model 3: disk velocities, sections, lift, no delay

Model 4: disk velocities, sections, lift, no delay
+ model reduction (250 modes)

{x+1 = Kz = 41 = P;K P,z
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Linear model: no turbines

Linear Model 4

~ 1 sec on 1 Intel Broadwell

t=10s

(axial velocity)

Model captures flow advection Large Eddy Simulation

& supports turbulent fluctuations ~ 240 sec on 1 Intel Broadwell
(1 frame = 10 sec)
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Blue: states shown in figure

Pink: states not shown in figure

Linear model: steady turbines

BState (in-sample test) . Output (is) SBtate (out-of-sample test‘]‘ Output (oos)
O e z-wgzg:vm\ sind T z_vf‘tsﬁaé
4 4

T T T T - 0 T T T T T T T — 0 T T T T .
8 4 8 4 Nonlinear model (LES)
6 - 5 6 - 5.
4-*“9*-@’“‘-“ R aaaa SIS 4-M NI S f D,

T T T T - 0 T T T T T T T - 0 T T T T
8 4 8 4 . .y

Model 2: disk velocities, 120 s delay
©7 N peop 2 ©] 2 -
W

41 PR, NN | 4

T T T T — 0 T T T T T T T — 0 T T T T
8 4 8 4
. 6 Model 4: disk velocities, sections, lift, no delay

e PP SV, 27 ""ﬂﬁb&’w@ z‘w + model reduction (250 modes)
44 w-‘ 41

T T T T T D T T T T T T T T T D T T T T T
0 45 90 135 180 0 45 90 135 180 4] 60 120 180 0 45 90 135 180

Time [s] Time [s] Time [s] Time [s]

KU LEUVEN




| Inear model: controlled turbines

t=10s

Nonlinear model (LES) Linear model (steady turbine)

Time [s] Time [s]

(1 frame = 10 sec)
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| Inear model: controlled turbines

t=10s

Nonlinear model (LES) Linear model (steady turbine)

I
CT, 1

Time [s] Time [s]

Linear model (reduced thrust) Linear model (sinusoidal thrust)

3.0
2.5 /
2.0 4
- - 151
1.0
0.5
6 50 160 150

(1 frame = 10 sec) Time [s] Time [s]
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Conclusion

« Data-driven extendable approximation of Koopman operator

m“.l.ll e MM* EILI
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Conclusion

« Data-driven extendable approximation of Koopman operator

 Linear & fast models capture advection & some turbulent fluctuations

n State (in-sample test) n State (out-of-sample test)
10 W 10
9 9
81— . . . . 81— . . .
11 11
10 4 W 104 e é;&
9 9
81~ . : ! ! 81 ! ! .
11 1
10 4 W\ 10 4
9 9 5 E ' @‘*
81— T T T
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Conclusion

« Data-driven extendable approximation of Koopman operator
 Linear & fast models capture advection & some turbulent fluctuations

* Models can be used to explore control strategies at fraction of LES cost
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Conclusion

Data-driven extendable approximation of Koopman operator

Linear & fast models capture advection & some turbulent fluctuations

Models can be used to explore control strategies at fraction of LES cost

Further work on fidelity before use as standalone predictive control model ...
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