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Airfoils at high angles of attack “&&
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Attached flow at a low angle of attack (Source:
WWW.grc.nasa.gov)

Low angle of attack

High angle of attack

Separated flow at a high angle of attack (Source:
Wikipedia)

Stall!

Angle of attack

Understanding the current
state of the flow field and
prominent flow structures
is crucial for improved
performance at high
angles of attack
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Computational Fluid Dynamics Simulation’, &
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* Angle of attack = 45 degrees; Re = 5000
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Motivation for estimation research;v

QY‘»RS’T},
3
N o‘\

/56
Yo
ARYLAS

Control objective: lift maximization/regularization

Flow estimation and control research has previously extracted only
a few features of a flow for use in flow control applications (e.g.,
phase information for an oscillatory flow, etc.)

In this application, lift greatly depends on the shedding of the
periodic vortex structures, so it may be important to estimate the
full flow field

Recent advances in operator theoretic estimation and control
approaches, such as using the Koopman operator and Dynamic
Mode Decomposition (DMD), allow for simple, reduced-order
models of highly nonlinear dynamics

Result: It may be possible to use high-fidelity fluid mechanical

models in real-time estimation and control loops
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1. DMD and the Koopman operator

2. Sparsity-promoting DMD for a
reduced-order model

3. DMD-based Kalman filtering:
Flow over an airfoil
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Dynamic Mode Decomposition (DMDE X
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e Originally formulated in the fluids literature (Schmid 2010), subsequently
generalized (Tu et al. 2014)

H /(N+‘|) A
U = ZW Vector fields from PIV,
Snapshots CFD, other discrete
of time data such as
Principal Orthogonal pressure signals, etc.
Decomposition \data /
(POD) modes
/
U= 1|1v% ¥ ... Pn_1 U= 1| 91 92 ... ¢Yn

* Look for the best-fit linear operator that marches the system forward
U~ AV

minimize ||¥ — AV||2 — A=U'UT
(Tu et al. 2014) A
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* |fthe state dimension is large, A may be intractable
to form

« Search for A € C"™*", a version of A projected on the
POD basis of snapshot matrix ¥

A=UAUH

* Optimization:

minimize ||V —UAU?V¥||2 = A=UHVWx"!
A

(Jovanovic et al. 2014)
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Snapshot reconstruction with DMD modes .
TRYLN
* Eigendecompositionof A4 — Y AZH
\ Scaled \ngS_iIO;Of_YS}that

A=UAU? — A=

Matrix of DMD eigenvalues

+ Snapshot dynamics oy

a1 = Age
_ Y = UYAZEYRU
~ U —
vesUae |y g
— VAk Od/ Vector of weighting coefficients

dependent on initial condition

(Jovanovi¢ et al. 2014)



Koopman operator ’@/

WwoN

* Nonlinear, discrete-time dynamics:
Tr+1 = Fr(xk)
yr = g(wg)

 Koopman operator (B. O. Koopman 1931)

Ke gi(zr) = g5 (Fi(xr)) = gj(@p11)

* |Infinite-dimensional, linear operator that
pushes forward an observable function under
the dynamics

(Kutz et al. 2016)
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Koopman operator (cont’d) &%
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* Spectral representation:

ICt gbj:)\jgbj for jZl,...,OO

Koopman eigenfunction

Koopman eigenvalue

g(wy) = Zvj%'(%)

Koopman mode

* lteratively applying the Koopman operator and eigenfunction relations

¢ (Te) = Ki ¢5(wp—1) = Apj(zp—1) = -+ - = N (o)
g(xy) = Z%‘A?%‘(wo)

(Kutz et al. 2016)
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Koopman-DMD Connection @
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Koopman DMD
©.@)
g(ze) = Y _vjAFe;(wo) Ve =~ VA*a
j=1
Consider only a finite number of modes Correspondences
m
~ k
glzy) ~ Zvj)‘j¢j($0) V, A shared
j=1 g(zr) <
In finite dimensions, write in matrix form ¢( $O) €

g(zr) = VA" §(20)

DMD provides numerical estimates of the Koopman modes and Koopman eigenvalues.

The weighting coefficients are the Koopman eigenfunctions at the initial time.

(Rowley, Mezic et al. 2009, Mezic 2013)
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Reduced-order modeling with DMD "% 4

(Rowley, Mezic, et al. 2009)

1.0 . —
051 ) 1 300

200

C(’) o5k \ / g 100 [

(
v

1 1 1 £ 1 1 0 1 1 1 1 1 L L I
-1 -0.5 0 05 1 0 003 006 009 0.12 015 018 021 024

§R()\i) frequency

* Select the “most important” modes for a reduced-order model
 Reduced-order model: (V7 A)

 Reconstruction: Need to solve for the vector of weighting coefficients

(DMD mode amplitudes) 87 Matrix containing e-values
raised to powers
minimize J(«a) = ||V — VD, Vanal| %
(84

Diagonal matrix containing

* Observation from practice: Using only a few of the largest modes does
not always lead to the best reconstruction!



Sparsity-Promoting DMD (SPDM D)@@

* Which modes should be included in a reduced-order model?

— SPDMD automatically chooses the most relevant modes and their
amplitudes

— Example result:
a=[... 0, 0, a, 0, O, ... 0, 0, b, ¢, 0, O,

* Two-step optimization process:

Step 1: Optimize sparsity structure Step 2: Amplitude “polishing”

Scalar weighting
factor

Matrix enforcing
sparsity structure

(Jovanovi¢ et al. 2014)



SPDMD results on flow over airfoili
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« The SPDMD result is a series of graphs for various regularization values
from which one may choose the modes to retain

* Each point on the curve has a corresponding polished set of mode

amplitudes
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SPDMD-model mode 1 of 5 @/
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(Vorticity field suppressed for clarity)



SPDMD-model modes 2,3 of 5
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Mode 323, ; = 0.988 + 0.152 i
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(Vorticity field suppressed for clarity)
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SPDMD-model modes 4,5 of 5 !@/
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(Vorticity field suppressed for clarity)



QERSIP)
S AN O,

Reconstruction of simulation
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Original simulation Reconstruction using 5 of 372 modes

e e e 10 vrrsr2/ PO — 10
’/,///,//// PP e s v o BN TP LA B R R P
,’,/,/,/// r R e v« o ,/,///, AN e e & < o
,,,”,,,, ro - W 8 4. ,’,//// z‘
004049754 B NN 5 15555407 5 9

K — sNN AL -
rrrrrtl Al AT TP BLfr 5
E R LAt b1 ATV el S
//IIII". (10 rrrr —
rreeet 1177 rreeret! o
rrrrertt ISR 10 rrereret !l o =
rrrrt eSS 7 B LTI S
,””"lv---——.-—--‘--‘/’////,’ ,,”"'la-.-———--—--"/////,, C
| 4 o & B B A B B APPSR B U p P P 4 | G 4F A B AN B B P PP USRS SRS S B PP P 4 8
VAV 2V BV B B BV BV R RS e e e P D Y P VA 2 2 A B B B I R R i P I P v
P22 P20 2 07 s vvvvmmmmmnr PP PPl PP PP PP 227 b rvrmmmmmmm Pl PPl r) &
PP PP P PP P72 rrmvmmndrr s PP PPl 7 -5 P2 8PPV P V2 rrrvmmmmrr s r PPPII? -5 ©
P87 W o B BT S B B B AP BV R W W I D P P T AN AN A A A R A R A A P N I e o
PP PP PP PP PPPPPrPPrrPPPAPIIP IS E X P PP PV PrFTITEIBISTS S BENERIEIE £ 5 el & N
BT Padl P L v T P PRIV PIR. AR IRrm o g e G A &P ol PP Al AV NA SRR S P b
P PP P IV I I PPII PP PP PPPIPIIIIIIT PP P PP PP PP PP PP PP s Pl PP PPPPIIT
R R R AP PSS PR G P E S SRR L S P T TS O SIS _10 L L L2 P2 PP P22 LN _10



\\XE‘LSIT},

DMD-based Kalman filtering experiment "
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* Distributed pressure sensors along the suction side of the
airfoil

* Performed CFD simulations of ground truth and corrupted the
sensor signals with additional white noise (5% signal mean
value)

10
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(Pressure sensor locations on NACA0012 airfoil)




Extraction of Koopman informaﬁor{@
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* Using CFD simulations, create a training data set

* Arrange state variables and outputs in composite snapshots

e Perform SPDMD calculation

YN -1
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Reduced-order, linear models from DI\/ID';@/:’
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* Key observation: View Koopman eigenfunctions ¢(zx)
as a transformation of the state vector <k

e Separate the Koopman modes into state and output
portions
C’“":[vg’f Uﬂ} Ch:[’v? v]}(’/_,}
2p = Az To transform back:
Resulting linear system: y(z) = C" 2 xr = C%z

 Note: The signals are complex-valued, so a complex filter
is necessary. Otherwise, handle real and imaginary
components separately with care (see Surana and
Banaszuk 2016)



Pressure measurement filtering results$
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Ground truth simulation
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* Initial transient required before estimate converges
* Estimation of phase and magnitude of vortex shedding well-captured

*  SPDMD permits rapid estimation with reduced model complexity; this
approach could contribute to real-time control in future work

Filtered estimate using 5 mode model

z component of vorticity



Ongoing work: Experimental implementation
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NACA 0012 wing model, courtesy of Phil Kirk

Particle Image Velocimetry (PIV) data collection

@ with embedded
sure ;ﬁnsor array

Tow tank in the lab of Prof. Anya Jones

Objective: Perform DMD-based
Kalman filtering in real-time,
using Koopman modes learned
from simulation. Compare offline

to estimate to the ground truth
flow field collected using PIV.
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* Koopman/DMD perspective has proven to be a
oromising approach for estimation of the flow
pehind a thin airfoil at high angles of attack in
simulation

* Ongoing work:
— Experimental implementation
— Observability-based sensor placement

e Future work:
— DMD-based real-time feedback control for lift

reiularization




