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Ultrasoundif- Polar bears in
vive - a blizzard

Clinical Failure Rates:

Obstetrics4/ 11-64%
Cardiac TTE!-3 YA

TTE inadequate® 98.4%

(Cardiac Imaging)

Tumor Detection S — —
EXQmple — - (www.arcticphoto.co.uk)
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In Normal Patient Populations Ultrasound is Hard!






Why does ultrasound fail?

Patient #1
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Why do ulfrasound exams
have such a wide
variabllity in outcome?



e Pressure wave afttenuation [1]
e Diffraction-limitations [2,3]

e Multiple scattering or reverberation (sometimes
considered distinct) [2, 4, 5],

e Gross sound-speed deviation[é
e Sound speed and attenuation innomogeneities [/-13]
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[?] Makoto Tabei, T Douglas Mast, and Robert C Waag. Simulation of ultrasonic focus aberration and correction through human tissue. J. Acoust. Soc. Am., 113(2):1166-76, 2003.

[10] S W Flax and M O’Donnell. Phase-aberration correction using signals from point reflectors and diffuse scatterers: basic principles. Ulfrasonics, Ferroelectrics and Frequency Control, IEEE Transactions on, 35(6):758-67,
January 1988.

[11] Q. Zhu and B. D. Steinberg. Large-transducer measurements of wavefront distortion in the female breast. Ultrasonic imaging, 14(3):276-299, Jul 1992.
[12] Y. Sumino and R. C. Waag. Measurements of ultrasonic pulse arrival time differences produced by abdominal wall specimens. J. Acoust. Soc. Am., 90(6):2924-2930, Dec 1991.
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Ultrasound Probe

NRnTRRnNnnNannN

.

Interface

Yelnlcliallale e T
| I’Tl'ereShng (The Core Curriculum? UI’rrdsound, 2001)

Reverberation (Multipath Scattering)

W Tissue




So what can we do?



Aperture Domain Model

Image Reconsfruction
(ADMIRE)
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ADMIRE Replacing One Source of Nonlinearity for Another




F

Pt rM — - —

ey é J ] Samddare
por 0 . .
N A VT -|B,| resularization
IJ::-/.M—- Yy ; t [32] constraints

Cluttered
Nle]gle]

Example
B—Mode

ADMIRE Algorithm
Decomposition

B=arg mBin{""XB”%”\(G IBlk+(1-at) 1BIF)}

Selection

(Elastic-Net Constraint)

(Signal) (Model I\/Iatrlx) (Model Coefs.)

Physical Model

Model Matrix

ADMIRE I

" u'ﬁer

ignal of

IEIEN]
(Full Rank)

Aperture Domain Model Image Reconstruction (ADMIRE)



Deep Networks
for Beamforming



Motivating Deep Networks from
classic iIdeas that we may feel
more comfortable with

1.) Estimation Theory (e.q. stafistics)
2.) Curve Fitting (e.g. regression)
3.) Logic




Estfimation Theory
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bias = E [7'0 — ’7/'\0}
variance = E [(79 — fo)g} — bias”

_ A\ 2 : . 9
mean square error = F, |(79 — 79)”| = variance + bias

Biased Estimation



<} How far is
> the target?

e
Var(x) = T E(xn — X)°
n=0

Biased Estimation



Curve Fitting



Choose bases:
Sinusoids (e.g. Fourier Transforms)

Polynomials
Bessel functions
Custom functions (e.g. ADMIRE')

B. Byram et al., "A model and regularization scheme for ultrasonic
beamforming clutter reduction," in IEEE UFFC, vol. 62, no. 11, pp.
1913-1927, 2015

Many classic strategies to
overcome these problems
—regularization

—acquire more data
—choose different bases
—eftc.

Demonstration of DNNs as curve fitting:
http://neuralnetworksanddeeplearning.co
m/chap4.html




Logic
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Logic/Deductive Reasoning
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Logic/Deductive Reasoning



i)

| %}@ﬁ )V
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Deep Network
Beamforming—our flavor

Ying-Chun
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For ultrasound Single Scatterer Training

beamforming there are
AccepTonce
NO curated data sets.

Rejection
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0,16 32 48 63 Deep Network Training with Sims



Network Inputs

In-phase, element #1
In-phase, element #2
In-phase, element #3
Quadrature, element #1
Quadrature, element #2

Quadrature, element #3

Neural
Network

frequency: k

Network Outputs

In-phase, element #1
In-phase, element #2
In-phase, element #3
Quadrature, element #1
Quadrature, element #2

Quadrature, element #3

Neural Network Architecture
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Neural Network Architecture
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_Delay-and-sum

Train with simulations

4

Generalize to phantoms

-10 0 10 -10 0 10
lateral (mm) lateral (mm)

CR (dB) | CNR (dB) SNRs

DAS | 16.4%£0.7 4.2+0.4 1.94+£0.07
DNN| 25.1£1.0 5.310.3 1.97£0.07

N=09 Physical Phantom




Train with simulations

!

Generalizes in vivo
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10 0 10  -10 0 10 -

lateral (mm) lateral (mm) lateral (mm) lateral (mm)
CNR:4.3dB CNR: 5.0 dB CNR: -15.0dB CNR:-1.9dB

In vivo Imaging
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If we're careful, then we can train
DNN (nonlinear) beamformers that
provide more information than
linear beamformers

Similar trends with ADMIRE
using some modest changes



Delay-and-Sum (DAS)

Intrinsic CR: 30 dB Intrinsic CR: 40 dB Training with Hypoechoic
: Cysts (No Reverberation)
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Images shown with 60 dB dynamic range.




DNN Domain Adaptation



We frained deep networks
with simulated dafa...

Wouldn't we rather train
with oc’rucl lal v:vo aata?




We frained deep networks
with simulated dafa...

Wouldn't we rather frain
with oc’rual N vivo data?

IN VIVO INPUT



Train with sims

!

Applies to sims

Simulation (N=21)

METHOD | CNR (dB) CR (dB)

DAS | 5.06(x0.21) | 28.0 (20.81)

DNN | 5.93(x0.23) | 39.6 (¢1.47)

P(0)

Depth (mm)

in vivo (N=9)

Train with simulations
L)
\ 4

Generalizes in vivo

METHOD | CNR (dB) CR (dB)
DAS 1.70 (21.39) | 14.2 (¢6.03)
DNN | -0.39 (¢2.00) | 23.3 (+7.30)

Lateral Position (mm)

in vivo Distribution

0
Domain Shift Problem




What causes the domain mismatch?

P(0)
in vivo Distribution

0
Domain Shift Problem



Cycle-Consistent Adverserial
Domain Adaptation (CyCADA)

L = By xs[||Fe(Gsor(xs)) = 5| ]
L =Lgan + ArLr

5Hoffman, Judy, et al. "Cycada: Cycle-consistent adversarial
domain adaptation." International conference on machine
learning. PMLR, 2018.

Assumption: Domain shift
only exists for the inputs.

Solution: Domain Adaptation



CyCADA Domain Adaptation
Lp = Exyoxgl||Fe(Gsor (%)) = 5| ]

Our Domain Adaptation
L., = IExS~XS[||Ft(GS—>T(xS)) — GS—>T()’5)||1]

]

Input AND output
adaptation

Add Augmented Feature Mapping
F, isnotexactly F.

(Simulated (in vivo Beamformer)
Beamformer)

Solution: Domain Adaptation



Clean In Vivo (y;)
Unavailable

Regressor losses:

Invivo regressor (Fy) loss 1: ||Fu(Gst(Xs)) - G'si(Ys)||1
Invivo regressor loss 2: ||Fi(%) - G 'st(Fs(Gis(X)))| 1

Cycle-GAN Domain Adaptation with Augmented Feature Mapping



Target DA

CNR: 2.44dB
CR: 30.8dB
GCNR}D‘93

Both

x CNR: 1. 94dB
N - = C'Rf .

Aug.mented FM
Sag e

CNR: 3. 63dB

Unlabeled Training Scheme



DAS GCF ADMIRE STFT DNN BININ DA DNN
%..e» Eﬁ""vm 2.23dB " CNR: 0.444B ‘-is‘f" CHR: ?_BZdB CNR: -1.24dB %=~ 5 »CNR: 3.03dB
m‘ﬁ'idB CR: 27.3dB * (;R 23 8dB - 26. CR: 35.1dB i, CR: 25.8dB

=ac.  GCNR: 0.85 GCMR: 0.85 s ."- -. GCNR:0.84 GCNR: 0.82 GCNR:0.76 | ~— < GCHNR: 0.91

cuR -2.58dB
: 40.7dB
~GCNR: 0.88

Method CNR (dB) CR (dB) GCNR
DAS 1.94 (£1.63)  14.5 (£3.94)  0.78 (£0.13)
GCF 042 (£1.45)  25.8 (£5.40)  0.82 (+0.08)

ADMIRE 1.56 (£1.58)  21.8 (£5.43)  0.82 (+0.10)

STFT DNN 1.95 (£1.61)  24.0 (£5.77)  0.84 (0.09)
DNN -0.09 (£2.37)  35.3 (£7.49)  0.82 (£0.08)
DA DNN 3.11 (£1.05)  22.0 (£4.81)  0.88 (£0.07)

DA-DNN Compared to Other Beamformers




Still creating caricatures but we're
capturing more expansive representations
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