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Typical break down of overall aircraft’ drag by form & component
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Numerical code: Nek5000 (Fischer et al., 2008)

U High-order numerical methods are required for accurate
simulations of turbulent flows due to the significant scale disparity
of the flow structures, both in time and space.

U Spectral elements allow to solve flows in complex geometries.

Finite element (FE) Spectral Spectral element (SE)
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P DNS of turbulent flow around a NACA4412 wing
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bl section at Re.=400,000 and AoA=5 degree
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https://www.youtube.com/watch?v=aR-hehP1pTk

Effect of Reynolds number for a given pressure-
gradient history: well-resolved LES

Re.=100,000 ~ Re.=200,000 Re.=400,000 Re.=1,000,000

FLOWV Vinuesaet al., IJHFF, 2018
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Well-resolved LES of NACA4412 wing section.
Re.=1,000,000 and AoA=5"
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- (Lx, Ly, Lz) = (6¢, 4c, 0.2C) T
- Use of RANS BCs.
- Rey® 6,000 and Re; © 707
Flow tripped at x/c=0.1
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- 4.5 million elements, N=7

- 2.3 billion grid points.

- On-going accumulation of statistics.
- Dx*<27, Dy*<0.96, Dz*<13, Dx<13h

FLOWV Vinuesaet al., IJHFF, 2018
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Adaptive simulations of NACAQ0012 profile with
rounded wing tip

Toosi et al., DLES
conference (2022)

Statistics, time series,
flelds and reduced-
order models of the
wing-tip vortex and
the wake.

Ry law

P-0 376 x 106 249 x 10° (10.3,0.72,8.7)
P-5 381 x 10 252 x 10 (10.5,0.73,8.5)
P-10 435 x 106 288 x 10° (12,0.8,9)
RWT-0 950 x 10 630 x 106 (10.3,0.7,5.5)
RWT-5 1.58 x 10°  1.05 x 10° (10.5,0.75,5.7)
RWT-10 | 2.16 x 109 1.43 x 10° (12,0.8,6)
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Applications of machine learning to fluid

. mx NN4
mechanics DR
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- Milano and Koumoutsakos (2002) used neural j’." * NP LN

networks to model the near-wall region of
turbulentchannel flows.
- Beck et al. (2018) employed neural networks to
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develop subgrid-scale (SGS) models for LES. =
They used DNS data to train and predict the SGS
term. M
- Fukami et al. (2019) used neural networks to ) —
obtain inflow conditions and for super-resolution. e
- Duraisamy et al. (2019) showed the potential of
machine learning for developmet of RANS models h ofE
- Raissi et al. (2020) identified the potential of o

physics-informed neural networks (PINNSs) for
reconstrcuting flow fields from tracer input.
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FLQ“,“\’ - Brunton et al. (2019) showed, among others, applications to flow control.
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I'LQ“I.\’ Vinuesa & Brunton, Nature Comp. Science 2, 3581 366 (2022)
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Importance of developing interpretable
deep-learning models

- Deep-learning models act as black boxes, and lack of interpretability is a challenge
(Rudin, 2019).

- A-posterior explainability (e.g. saliency methods, which parts of the input contribute the
most to the output) may be insufficient.

- Method for a-posterioriinterpretability? Combination of inductive biases and genetic

programming to produce symbolic expressions, increasing the output interpretability
(Cranmer et al., 2020)

Vinuesaand Sirmacek, Nature Machine
Dataset CNN model Intelligence 3, 926 (2021)

(satellite data) (filter activation maps)
ey, prediction Predicted consumption p:

—> $/capita/day

Extract

features

Symbolic equation:
p = Cin® +Cyr®@ + Cod® + .

Improved actions
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B Outline of machine-learning applications to
Rl fluid mechanics

A Non-intrusive sensing in a turbulent channel via
CNNs.

A Non-intrusive sensing with coarse
measurements via GANS.

A Predictions for wall models via CNNs.
A Reduced-order models in turbulence via AEs.

A Flow control via DRL.

rLow
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o Outline of machine-learning applications to
bl {|Uid mechanics

A Non-intrusive sensing in a turbulent channel via
CNNSs.

D> v
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1 Flow reconstruction with a convolutional neural
# network (CNN)

- Prediction of off-wall planes based on information at the wall.
- Additional motivation: closed-loop reactive control.

U0, OXO=YoMZ,E tyred)

Convolutional
neural
network

z‘W,X(x,z,lztpred),
tw,z(x,z,ttp,,ed),
Pu(X,Z,E L e0)

W a\} . .
FhV Guastoni et al., J. Fluid Mech. 928, A27 (2021)

128 x 128 points

Ricardo Vinuesa: @ nuesa@mech.kth.se, www.%*Riesalab.com, @ricardovinuéla 13




M DNS of turbulent open channel flow
i

- DNS based on the Fourier-Chebyshev code SIMSON from KTH (Chevalier et al., 2007).
- Open channel flow (simplicity): no large-scale interactions between two walls.

- Re;=180 & 550

- (Lo Ly, L)=(4phxhx2ph)
- No slip at y/h=0

- Symmetry at y/h=1

u n
rLOwW Guastoni et al., J. Fluid Mech. 928, A27 (2021)
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Neural-network architecture

Hldd(l] layer 1 Hltl(l( n layer 2 Output vector

- Fully connected layers: weighted sum of the
Inputs and non-linear activation function.

- Very large numbers of parameters: they are
prone to over-fitting the data.

X € R4500 Cl c ]RQO CQ c RQO C c RQ
Srinivasanetal., Phys.Rev. Fluids (2019)

- Convolutional layers: small set of
parameters (kernel of 3x3 or 5x5 sweeps the
domain).

Feature - EXtENsively used in computer vision (easy to
jruap train and suitable for identification of local
: features).

Source

Kernel .
Output

NVIDIA Deep Learning Institute 2)
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S CNN architecture
&

- Prediction of off-wall planes based on information at the wall with CNNs (Li et al., 1984).
Input layer

3

\/ ! | / I~ 7% Output layer

o \/ S

128
256

Filter: 3x5x5=75 parameters
W e apply a total of 64 filters, and obtain 64 feature maps
Each filter identifies one (or several) feature. More complex towards the output.

q \ 1. : : : . ) . i :
I_Ovd Schematic representation obtained from: http://alexlenail. me/NN-SVG/index.html
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- We consider 3 input fields (adding the pressure).
- We predictthe 3 velocity fluctuations (scaled to be in the same range).
- Note that we consider periodic padding (CNN output is deterministic, local influence).

FLOYY Guastoniet al., J. Fluid Mech. 928, A27 (2021)
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o A new method: FCN-POD
&

- In addition to the direct field prediction, we consider predicting the POD coefficients
(embedding known physical information).

- We splitthe target plane into subdomains (reconstruction with fewer POD modes).
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Gilemes et al., Phys. Fluids (2019)
L OV Guastoniet al., J. Fluid Mech. 928, A27 (2021)
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ped Instantaneous predictions at Re,=550
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- Closeto the wall FCN is best, farther from it FCN-POD is better due to the
encoded information in the POD modes.

1.0 Ao FCN
® FCN-POD
osl ™ EPOD
© w 0.6
+2 12
- 04
0.2
0.0
107! 10" 10! 102 107! 10° 10! 102 10! 10° 10! 107
y-l— _y+ y+
Erfs(+) [%] yt =15 yt =30 y* =50 y* =100
EPOD 49.6¢ 48.53 47.62 46.53
u FCN 0.98 (i0.66) 8.10 (i0.62) 15.33 (i0.22) 33.06 (iO.SO)

FCN-POD 7.53 (£0.27) 15.53 (£0.39) 20.75 (£0.85) 26.79 (+0.36)

FLQ“,“ Guastoni et al., J. Fluid Mech. 928, A27 (2021)
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B Improving training performance:
&1 Transfer learning at Re;=180
- The deeper layers identify progressively larger features.

- Fix the first 3 layers (trained at y*=15) and train the last 3 (to predict at y*=50).
Input layer

Only these 3 layers are trained

2
64
128
256
256
128

=5 Yt Guastoni et al., J. Phys.: Conf. Ser. (2020) Output layer

rLOwW J-Phy
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Improving training performance:
g8 8d Transfer learning at Re,=180
- The deeper layers identify progressively larger features.

- Fix the first 3 layers (trained at y*=15) and train the last 3 (to predict at y*=50).
Input layer

Only these 3 layers are trained

64

128

128
MSE. | E; Evpys Time 256
[x1073] | [%] [%)] [%] 256
Fully
trainable 2.94 1.35 28.5 100

Output layer

Transfer
learning 3.17 0.5 30.2 23

Guastoni et al., J. Phys.: Conf. Ser. (2020)
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Transfer learning from Re,=180 to 550
Guastoni et al., J. Fluid Mech. 928, A27 (2021)

- We initialize the training for Re,=550 with the weights from the Re;=180 case.
- The learning rate needs to be reduced. — — Validation loss; y= = 30

0.0047] —  Test loss
Random weights, 100% dataset
0.0046 1 Transferred weights, 100% dataset
- Transferred weights, 50% dataset
— 0.00451 m f . . =07 i
Z Transferred weights, 25% dataset
<§ 0.0044- Efns () [%] yt=15  yT =30 yt=50 4T =100
< u Ref. 0.98 (£0.66) 8.10 (£0.62) 15.33 (£0.22) 33.06 (%0.30)
£ 0.00431 100% 1.22 7.15 16.09 32.75
) k- 50%  2.94 7.11 16.33 34.11
= 0.0042 VI 25% 1.15 7.74 14.78 33.78
e % e e v Ref. 1.74 (£0.11) 11.21 (£1.41) 24.20 (£1.38) 50.82 (0.26)
< .00411 CANAN 100% 1.86 9.40 24.40 51.59
AA-..... 50%  2.40 9.46 25.96 50.90
000401 A 25% 1.71 11.33 23.15 50.43
| | | w Ref. 1.86 (£0.60) 9.03 (£0.31) 21.21 (£1.27) 51.83 (0.38)
0 1 % 100% 1.75 8.65 21.05 53.04
| % 10° 50%  2.61 7.70 21.34 52.60
Batches 25% 1.22 9.67 20.35 19.75

FLQ“,‘V - Similar error levels with 25% of the training data!

Ricardo Vinuesa: ™ nuesa@mech.kth.se, www.P*Riesalab.com, @ricardovinuéla 23




o Outline of machine-learning applications to
bl {|Uid mechanics

7z

A

A Non-intrusive sensing with coarse
measurements via GANS.

A
A
A

rLow
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Pell From sparse measurements to high-resolution

FKTHE

'{E VETENSKAP ﬂ}
39 OCH KONST 9%

Ll predictions using GANSs

D(HRg)

(R

Discriminator (D)

D(HR) 3Ix3x64

—

[
Lgr Generator (G)

Kim et al., (2021)

3% 3x 512 3x 3% N

fqd = 16
: - ol |

Wall reconstruction —_ - el -
- - : - f:r1-] é
e ]| e |-
=~ 0.0F a .
N — o, e =
R =———— e ——1
—— — [
— — — ¥

—5 0 -5 0 5

x/h
FLOYW Giemes et al., Phys. Fluids 33, 075121 (2021)
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P Flow reconstruction from coarse measurements

FKTHS

g s 1) Different range of scales in each study.
2) Parameter f; is not an adequate parameter to compare turbulence databases.

3 —5 0 ) —5 0 ) —5

0
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o Outline of machine-learning applications to
bl {|Uid mechanics

7z

A

Ve

A

A Predictions for wall models via CNNs.

Ve

A

Ve

A

rLow

Ricardo Vinuesa: @ nuesa@mech.kth.se, www.%*Riesalab.com, @ricardovinuéla 27




FCN model for predictions closer to the wall

Balasubramanian

et al. (2021),
- Is it possible to predict the inner region based on FeN arxiv:2107.07340
i Input
the outer region? [ (3 Nxfféf N,+16) ]
- Application to off-wall boundary conditions? I 2

i Convolution (5,5) ].
(84, N2, No+12)
T Y B
1 Convolution (3,3)

i (128, N,+10, N,+10) )

'G“
" Convolution (3,3) !
v (5,256, N,+8, N,+8) J
__________ ) 2N

o EEE s R E s s =
" Convolution (3,3) ‘

! (256, N,+6, N, +6) j
__________ ) 2

o EEEEEE s sEE s =
" Convolution (3,3) '

ﬁ Prediction

Training V@

i Convolution (3,3)

i
| (3 N2, N42)
- | A
Outputs o _
(:,3,N,, N,) Activation function - ReLU
oy ya
rLOwW
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@@% ' . . i _ .
Fesel Sclf similarity in the overlap region:

KTH 2

{? VETENSKAP

g Off-wall boundary conditions
- Exploit the self similarity of scales with y.

- Mizuno and Jiménez (2013): Channel at Re,=1,000; from y/h=0.2t0 0.1, rescaling.
- Predictions of y*=50 based on data at 100 with CNNs, Re,;=550.

- Missing scales: this
information is not present
In the large scales.

n

Z L

S - Smallreceptive field:
o

T information from large
_|..

T structures cannot be

|

B captured.

i

+Da

Balasubramanian
et al. (2021),
arXiv:2107.07340

@ricardovinuéla 29
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Spectra and statistics at Re,=550, y*=50

k:ﬂkz¢uu kxkz¢vv kzkz¢ww
103 ;
+ n
~<
10%4
w0 1wt et
AF A A
i - Small receptive field: max pooling to
Parameters u v w better identify features.

Eus(i) [%]  1904+117 3184125  257+118

Recn:DNs 080140003 068140004 0733+0004 FECONtrUction (Glemes et al., Phys.

Fluids, 2021). Balasubramanian
et al. (2021),
FLQ‘\I.\’ arXiv:2107.07340
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Fawd Outline of machine-learning applications to
bl {|Uid mechanics

7z

A

Ve

A
A Reduced-order models in turbulence via AESs.

Ve

A
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o Non-linear orthogonal modal decomposition In

KO

OCH
Do

g%l turbulent flows via autoencoders

Objectives:

- Learning a compact latent representation of high-dimensional data by accounting
for the non-linearity in the low-dimensional mapping.

- Ranking modes based on their contribution to the reconstruction (Optimality).

- Learning a compact, near-orthogonal and parsimonious latent representation of
high-dimensional data by minimizing the correlation between the latent variables,
as well as penalizing the size of the latent vector.

- Extraction of interpretable non-linear modes.

FLOYY Eivazi et al., Expert Syst. Appl. 202, 117038 (2022)
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o Turbulent flow in a simplified urban
d environment

We employ a database (Torres

et al., 2021; Lazpita et al.,

2022) of the flow through a

simplified urban environment:

- Well-resolved large-eddy
simulation (LES) using
Nek5000.

- The X1 z cross-sectional
velocity fields aty = 0.5h are
extracted and used as the
iInput data.

- 1,200 instantaneous fields.

- Number of grid pointsin x Incoming flow
and z: (N, ,N,) = (96, 192).

FLOYY Eivazi et al., Expert Syst. Appl. 202, 117038 (2022)
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Convolutional-neural-network-based
autoencoders (CNN-AES)

An autoencoder comprises two parts: an encoder that maps the input data to a low-dimensional latent space
x — r, and a decoder that projects the latent vector r back to the reference space r +— X.

F=Do&, Xx=F(x;w), Liec=e€(x,X), (7)

96%192x 16 06x192%16
096 x 192 x 1 096 x 192 x 1

Figure: Schematic view of the CNN-AE architecture. The color coding for each layer is: 2D-convolution ( ), tanh
activation (M), max pooling (M), reshape (M), fully-connected layer (), upsampling (=),

- Latentvariables contain temporal information.
- Obtain modes by using decoder, setting rest of latent variables to zero.

FLOYY Eivazi et al., Expert Syst. Appl. 202, 117038 (2022)
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CNN-based hierarchical autoencoders
(CNN-HAES)

Fukami et al. (2020) proposed a CNN-based hierarchical autoencoder for modal decomposition of fluid flows
in order to extract the modes ranked in terms of their contribution to the reconstruction:

4608

§ 1 [ . ] - ]
Y r .’7"” .' ( - 6o 12w 255 F 1,3
1 ¢ 12 x 24 x 128

7 06%192x16
96 % 192 % 1

7 06x%192x16

d=3, [ry, ra, r3]

Figure: Schematic view of the CNN-HAE architectures with the same color coding as CNN-AE.

FLOYY Eivazi et al., Expert Syst. Appl. 202, 117038 (2022)
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% CNN-based b-variational autoencoders (CNN-bVAE)
d Introducing stochasticity

Let us consider:

- p(x) is the distribution of the original data.

- p(r) is the distribution of the data in the latent space.
- We aim to maximize:

po(x) = /PB(XWP(”)dr,
- po(x) Is the marginal likelihood: approximation of p(x) with parameters q.

- In VAEs, p,(x¥%#) Is a probabilistic decoder (generative model).
- In VAEs, q,(r¥x) Is a probabilistic encoder (recognition model).

FLOYY Eivazi et al., Expert Syst. Appl. 202, 117038 (2022)
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3 CNN-based b-variational autoencoders (CNN-bVAE)
d Introducing stochasticity
We assume that the encoder q,(r¥x) is a Gaussian distribution:

log Ap(r|x) — IOgN(r; 22 JQI))

We sample from q,(rx) using an auxiliary normally-distributed random number:
r=p+o®e where e ~ N(0,1)

The bVAE loss function is:

d
£(8, ¢ X) = Lo — g Y (1 +log(of) — i —o7)
i=1

b is a penalization factor which promotes learning statistically-independent latent
variables (minimizing the distance between p(r) and the product of its marginals), and also
penalizing the size of the latent vector d. Disentangled and parsimonious latent space.

FLOYY Eivazi et al., Expert Syst. Appl. 202, 117038 (2022)
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2 CNN-based b-variational autoencoders (CNN-bVAE)
d Introducing stochasticity

Decoder

98 6 % 12 x 256 °
4608 12 x 24 x 128
(3 x 6 x 256)

- . 6 x 12 x 256 ©
- 12 x 24 x 128 4608

(3 x 6 x 256)

96x192x16

% x 192 x 1 Encoder

Figure: Schematic view of the CNN-SVAE with the same color coding as CNN-AE.

FLOYY Eivazi et al., Expert Syst. Appl. 202, 117038 (2022)
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Flow-field reconstruction

FLOYY Eivazi et al., Expert Syst. Appl. 202, 117038 (2022)
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