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| Research in Vortices

Pitching Airfoil under Dynamic Stall
[Ouro et al., Journal of Fluids Engineering, 2018]
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Engine Design Blood Flow Analysis
(Garth et al. 2007] [Kohler et al. 2013]
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| Extraction of Vortices

» Reference Frames

[Slides from Gunther and Theisel 2018]
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| Objective Vortex Extraction

Invariance to any smooth rotation and translation [Truesdell 1964):

6° "HO)O Koh & o0 @

time-dep. time-dep.
rotation translation

How to find vortices objectively?
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| Two Approaches to the Problem

Use Objective Differential Properties

Objective region-based measures:

ARelative vorticity [Drouot 1976, Tabor 1094]
AU  Criterion [Haller 2005

AND, LAVD [Haller 20716

«2sNY."

LAVD [Haller 2016

ETH:zurich

Find Steady Reference Frame
[Lugt 1972, Robinson 1991]

Steady extractors apply:
A Critical points, Sujudi-Haimes

Optimization problem:
Alocal [Gunther and Theisel 2017,2018]
AGlobal [Hacwiger 2019
ADeep Learning [ihis paper




| Optimal Reference Frame

Optimization problem for the steady reference frame

A Given: unsteady vector field ”1 6hd
A Unknown: reference frame transformation 6° "Hd) 6 o)
A Constraint:  transformed field "I* is steady

Difficult to find

ifdatais

1 oho "HHEhHH
Unsteady flow Parameters
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| Extraction of Vortices
»  Optimal Reference Frames
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Linear Optimization on Origin IDt Line Optm ation on Noi yDt
[GUnther et al. 2017]
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| Robust Reference Frame Extraction from Unsteady 2D Vector Fields with Convolutional Neural Networks

Technical Gontributions

A First CNN to robustly extract the optimal reference frame of noisy unsteady flow

A Novel parametric flow mixture model for a large collection of vector field dataset
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Linear Optimization on Original Data Our CNN-based approach on Noisy Data
[GUnther et al. 2017]
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Machine Learning Research in Visualization
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| Explainable Al

» Black Box Visualization

By using non-negative INPUT IMAGE ACTIVATIONS of neuron groups
matrix factorization we
can reduce the large
number of neurons to
a small set of groups
that concisely
summarize the story of
the network.

NEURON GROUPS based on matrix factorization of mixed4d layer e = 6 groups
color key
feature visualization of

each group i N ’ # ‘ |
j oy ¥ ‘ '
hover to isolate — * u = " &

Interactive feature visualization to interpret neural networks [Olah et al. 20185]
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| Deep Learning for Visualization

Foot Engine

Jet Global Illumination Combustion |Global Illumination Visible Male

Combustion

Ground Truth Prqdicted Predicted Ground Truth

Ground Truth
I

Ground Truth Predicted Ground Truth Predicted Ground Truth Predicted

Fast & Accurate Brushing in Scatter Plots
[Fan and Hauser 2018]

-

(b) p(s) Tao et al. [31] (c) I(s; V') Tao et al. [31] (d) REP Tao et al. [31]

(a) our method
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(e) Xu et al. [41]

FlowNet [Han et al. 2018]
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| CNNs for Vortex Extraction

32 32 324321 32323
SSH | Segmentation
32 32 32+32| 3232
Softmax
32 32 32432 32 32 & | (3*3) conv
I I I +activation
— 1t t
concatenate ‘ I dropout(0.2)
convTranspose (3*3) 32 32
with stride 2 I
+ activation I (1*1) conv
§ Maxpool (22)

EddyNet [ guensat et al. 2017]

The pre-processing part Vortex-Net
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VortexNet [Deng et al. 2018
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| Deep Learning of Reference Frame Extraction

» Overview

SN

SN
=\ \\\

1 E:’ir E:’]u HZI‘H

Parameters

Synthesize a steady flow

Transform to unsteady flows

Degenerate with noise and resampling artifacts
Supervised learning

Corrupted Unsteady Flow

1.
2.
3.
3
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Synthetic Generation of Vector Fields
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»

Parametric Mixture Model for Vector Fields

Learning a Fluid Data Manifold

Not enough real-world data

Need constraints for physically-plausible flows

Linear: PCA, SVD, ICA, Factor Analysis, etc.

Nonlinear: Auto-Encoder, GAN, LLE, Laplacian Eigenmaps, etc.

[Slide from Kim et al. 2018]
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| Parametric Mixture Model for Vector Fields

Vatistas Vortex Velocity Profile [Vatistas et al. 19971

radius with ~ exponent
maximal velocity

——Lamb Oseen

—Kaufmann
Vatistas n=2

——Rankine

tangential velocity vO(r) [/
o

2 3 4 5 6 7
radius r
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| Parametric Mixture Model for Vector Fields

8-Dimensional Parametric Model for a Steady Flow Primitive

vort|ca| dwergence 3
motion critical
point
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| Parametric Mixture Model for Vector Fields

»  Example of 2D Steady Flows from Our Model

|Vp| D 0 —
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| Parametric Mixture Model for Vector Fields

»  Parameter Space Fitting

"I(G) I ()

A mixture model of & flow primitives
» How can we restrict the parameter space to physically-plausible flows?

Parameter Space Fitting!
A Extract optimal reference frame

A Simulated annealing + Gradient Descent

AACID [ 0 I N Kimetal 2018]
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| Parametric Mixture Model for Vector Fields

»  Fitting Results for Selected Vector Field Patches

reference
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| Parametric Mixture Model for Vector Fields

»  Heat Maps of the Fitting Residual
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| Parametric Mixture Model for Vector Fields

»  Histograms of the Individual Model Parameters
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Deep Learning of Reference Frame Extraction
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| Deep Learning of Reference Frame Extraction

» Overview

SN

SN
=\ \\\

1 E:’ir E:’]u HZI‘H

Parameters

Synthesize a steady flow

Transform to unsteady flows

Degenerate with noise and resampling artifacts
Supervised learning

Corrupted Unsteady Flow
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| Deep Learning of Reference Frame Extraction

» Dataset

Steady Field "1 from a
Mixture Model

Transformation: T o "EoTIoh "Eoo "HO

o6 "HO (6° WOh o & &
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| Deep Learning of Reference Frame Extraction

» Overview

SN

SN
=\ \\\

1 E:’ir E:’]u HZI‘H

Parameters

Synthesize a steady flow

Transform to unsteady flows

Degenerate with noise and resampling artifacts
Supervised learning

Corrupted Unsteady Flow
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| Deep Learning of Reference Frame Extraction

Degeneration
AAdditive uniform noise
ADown-up resampling as distortion artifacts
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| Deep Learning of Reference Frame Extraction

» Overview

SN
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| Deep Learning of Reference Frame Extraction

»

Architecture
SR N\
\\\\\\\\

First / Second-
Order Derivatives
7 [HRHEH
¢
: up Q
Deggnerated Unsteady Flow -
Td popoc¢ PTLC T
Architecture

A 3D convolutional kernels for feature extraction
AFollowed by batch normalization and RelLU layer
AMLP for the final inference
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| Result

»  Vortex Extraction on Test Splits
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| Result

» Validation on Numerical Data

Cylinder flow

AResolution: @ T TTY 1T U

AWindow size:p @ p @ U
A Stride: 1, Batch size: 256
A 159 steps for 40,625 windows

Original Data

~ - ~ - =
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| Result

Validation on Numerical Data

»
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| Result

» Validation on Numerical Data

Linear Opt. on noise 10%




| Limitation

A Our network has not seen
obstacles or boundary data

A Our parametric mixture model can
e improved for better accuracy

A Extension to 3D
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| Robust Reference Frame Extraction from Unsteady 2D Vector Fields with Convolutional Neural Networks

»  Summary

A
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