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Volumetric porosity in additively manufactured parts is
attributed to:
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[Senanayaka et alanufacturing Science and Engineeri2§23]

A Gas pores from insufficiently
compacted metallic powder prior
to deposition

[Kim et alNIST Advanced Manufacturing Series-1602018]

A Lack of fusion porosity due to poor

processing parameters (scanning speec. 4 _
laser energy etc ) [Romano et alAdditive Manufacturing2019]
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Inaccurate characterization of volumetric pores may result in
underestimating the mechanical properties of the part
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Ultrasonic testing can be used nondestructivelycharacterize
L2NRaAUGE O0FaSR 2y UKS NBOSAUSK

Single point
ultrasonic testing
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Source: Source Source:
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ultrasonic imaging
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[Skiadopoulot al.J. of NDR023]

OFV-525

O PennState 4 Shokouhi/Riviere Group

3 College of Engineering



Scattering of ultrasonic waves In a porous medium leads to
wave speed and amplitude reduction
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[Huang et alAdditive Manufacturing2022]
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Analytical modellings(supervised) Machine Learning (ML)

A Analytical models are essential but use simplifying A Support vector machine (SVR) models
assumptions about pore shape & size map ultrasonic features to porosity
< 1.0 Rayleigh scattering E \
I Independent Scattering Approximation model (ISA) B
: in D: Multi-scale i VW
I ) Jllgl /3 =|= - T ‘ : Scattering attenuatior] % s seaterng
| 7 I Coefficients L J - e
I A = porosity / l ! T
| ) | g
I A 5, 7 : materiatdependent ! i T B
0.1 1.0 10
: parameters [Sayers Applied Physic4981] : [Lin et alNDT&E InternationaR020] Normalized wave number
SVR

A Deep learning models automatically extract the most

sensitive features from an ultrasonic signal 5
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How would a supervised datdriven ML model be trained?
(for example, an artificial neural network (NN))

A Ultrasonic testing is performed on a large set of samples to form the training dataset
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Why physicsinformed machine learningan be beneficial for
NDE applications ?

ﬂ)at&Physics trade off in Scientific ML \

CaselSmall dat
& Lots of physic

r
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Most common case In NDE 1

Case 2Some dats
& Some physics

Case 3Big data u. “| i W —»*H—H,,, *H—H‘
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Why physicsinformed machine learningan be beneficial for
NDE applications ?

ﬂ)at&Physics trade off in Scientific ML \

CaselSmall dat
& Lots of physic

r

-------------------------------- ¢ Encoding physics in neurdl
e ommon cese NoE 1] Networks (NNs):
Case 2Some dats : applications ! | A Reduces need for big
& Some physics i labelled data

A Improves accuracy an%i
generalizability
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What is physiecsmformed ML ?
Domalin information Is encoded in ML model as additional bia

| Observational bials | Learning bia{;
A Physics are represented through the data A A physics term is added in th@®sgunction
(e.g. FE simulations for a range of porosity structures)
I — : yP— lr Backpropagation + Weight Update
ackpropagation + Weight Update ON AR
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Overview

/Physicslnformed Clustering N
A physicsanformed clustering
approach for ultrasoniecbased

\_hon-destructive evaluation

Transfer Learning

A transfer learning approach to th
prediction of porosity in additively
manufactured metallic component

“Wave Physic$nformed Ultrasonic Imagin@
Deep Ultrasonic Imaging of Porosity:
Tomographic Image Reconstruction by

. wavephysics guided deep learning )
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Overview

Ultrasonic testing | PIC Porosity clusters
: : pmmmTEEETEESEEEEEEEE N [Pic fiowehart]
" Physicsinformed Clustering | - by e Em Py 9
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/- = * Skiadopoulos, M., Bozek, E., Pillarisetti, L., Kifer, D., & Shokouhi, P.
Transter Leamlr_]g (2025), A physics-informed clustering approach for ultrasonics-based
A transfer learning approach to th nondestructive evaluation, NDT&E International.

prediction of porosity in additively
\_manufactured metallic component

“Wave Physic$nformed Ultrasonic Imagin@

Deep Ultrasonic Imaging of Porosity:
Tomographic Image Reconstruction by
\ wave-physics guided deep learning y
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SupervisedrsUnsupervisedVL

A Supervised machine learning I A Unsupervised machine learning
------ 1 I ! o,
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A Complex structur® Y modelling flexibility 4 I A Simple predefined rules® identification of
but 8 interpretability I data structures with! interpretability, but8
| flexibility prohibits modelling of more
: complex problems
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Can we Increase unsupervised machine learning

Y2RSfaQ |

A Solution:Embed physics in the model!
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A Physicsinformed neural networks (PINNsncode domain information in the form of a bias
Improveaccuracy, generalizabilit§ to reduceneed for labelled dataset
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Test samplesAlISI10Mg test samples were fabricated using
laser powder bed fusion (LPBF)

48 AISi10Mg samplewith @ LIN2 I NJ Y Y I {0 % O INf fy &
distributed microscopicylindrical pores
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Features qu and) from the ultrasonic pulsescho testing

of each test sample are used
Ultrasonic testmg | A total of 240 (3k, ») measurementsl
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How can physics be embedded into a clustering algorithm?

| k-means predictedpg | ISA modell
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ISA model is added to the clustering criterion
| k-means predictedpg | PIC predictedpg
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Data are randomly divided mtotealnlng set (80%and
t L/ Qa

atesting set (20%l 2
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PIC provides more diagonal confusion matrices ((fvéshing set)
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PIC provides more diagonal confusion matrices ({tdsling set)
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t L/ Qa4 KAIKSNI tSFENBEZ2Y O2NNBT |
100 initialization seeds) confirms more diagonality in CMs
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Drawback:Computational time increases when using PIC!

I cmeans fandom Computational resources
100, -¥ ¢ Platform | GoogleColah Python3.10.12
Processor| Intel Core 1#7700HQ,
CPU 2.80GHz

RAM 12 GB

422%

PIC is computationally more expensive,
but computational time remains in th
order of 100 s.

Computational time (s)

Clusters

g PennState 21 Shokouhi/Riviere Group
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Contributions:Physicdnformed Clustering

| PiC flowchart| Porosity (%)
Stap 2: 1y 2 update 2.00

[ Development of PIC algorithm &]1 Uitrasonic testing PIC Porosity clusters

application to porosity categorizatiohi = BRI i
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PIC is shown to be superior to the standarch&ans
algorithm, but computationally more expensive
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Overview

/Physicslnformed Clustering A
A physicanformed clustering
approach for ultrasonicbased

\_hon-destructive evaluation )

" Transfer Learning

A transfer learning approach to th
prediction of porosity in additively
_manufactured metallic component

Transfer learning

Experimental
results

-

,’G# Q .
‘(l

Loss = MSE,,  + MSE, +

::::::::

MSE¢, . oom + MSEjs,

IBackpropagation|
&
4 Weight Update

* Porosity
* Average pore radius

“Wave Physic$nformed Ultrasonic Imagi
Deep Ultrasonic Imaging of Porosity:
Tomographic Image Reconstruction by

\ wave-physics guided deep learning

ng

/

Skiadopoulos, M., Kifer, D., & Shokouhi, P. (2025), A transfer
learning approach to the prediction of porosity in additively
manufactured metallic components, NDT&E International.
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Step 1:.Can a PINN model be trained to quantify porosity using the
syntheticultrasonic response?

| Synthetic data| —>| Transfer Iearnind—l

Experimental
results

N

A 4

A Porosity
g .
A Average pore radiu

Step 2:Can a prdrained PINN model be transferred to an
equivalentexperimentalltrasonic response?
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¥ College of Engineering



Synthetic ultrasonic pulsecho testing data are generated
from 3D FE models

/’/FE model setup \\ A Porosity (%) : @ 3.0%, with
! \ steps of 0.3 %
A Pore radius¥m): 70220, with

steps of 15m
A 3 different spatial distributions

| 331 synthetic daté

Infinite element

Absorption Iaye;l

Periodic Boundar1

’_-------------

o 7 | S
Conditions (PBC ! \
! o !
|A Element size = wavelength / !iib i :
| ! i !
T 1 | - 1
I I I
I I S I
AJ\ ; | ,*\‘.,,*,,,w..,.,,. ]
\ % Y, 1 I
\\~~_____________________________________,z’, - . _____ ’/'
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Simulated and actual ultrasonic response in the case of 0%
porosity agree well

-
=

Q
U

—— Exp-0% porosity
Q Q M —— Sim-0% porosity

Al —

4 6 8 10 12 14 16
Time (us)

Normalized Amplitude
o
o

I
o
U
e
—
—eee

I
=
=

Amplitude decay in the actual ultrasonic responses is matched by settifg the
parameter of Rayleigh damping to-24.
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A feedforward fully connected NN is coupled with the ISA model
to form the PINN model

NN Model Physics Constraints: ISA model
—————————————————————— ~ —TTTT Ty
\\ |{A Outputs A Learned Parameters
256 128 64 32 JL 5 I
.v.v.w‘ HI ||_ I. v:f:f:f: 1Bk = »O
I _ I
/‘;k\’l{/e}\\’l{/e}\w{/;‘\\. - |\— e I EE N T = R
NN T, Tt e e e e -
L/ 0 X I VY !
\“0 ."9‘\"’} /AA’AV}.’AA’AV/.‘“AA‘A‘. > I
KT O > = o
'o',-,‘ygo,,,&'o;,‘\t K |
&‘4‘\\}‘?};&“\\&‘?’0}&“&" l"s\t T8 - »h
Output I
NI TATZ
I
I
. /
e e e M M Moo P Learning rate (Optimizer| 5e-4 (Adam)
Batchsize 5
Earlystopping epochs 7
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A feedforward fully connected NN is coupled with the ISA model
to form the PINN model

NN Model Physics Constraints: ISA model
______________________ ~ Y e \
\ [ A A
A Outputs A Learned Parameterg
256 128 64 32 \ I
—_—! A « viidaw !
.\\W//B\W//a\\v//a\\ —, e v g 4 o !
‘A\\")’..A\\")’..A\\"h’.. e | , =0 PR o p[] ||= o pYE o p[] I
o 7 NN\ L VA G e B e !
S L R e Slorimehen .
Q03103 03 O GRSl
YR T e i . !
N -
it NN AN/ 5 0€1 i0D°Y 0 "Y
@@ G I hoo b Q O
v,,‘“» 1,"“9 ‘l,“\’ / 1F I . e » [ . !- o p0
///\\\’///\\\”///\\ Output : ) Y%ﬁ . ,n U YPl. 2 |
I Backpropagation
I & Weight Update
e e e M M Moo P Learning rate (Optimizer| 5e-4 (Adam)
Batchsize 5
Earlystopping epochs 7
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PINN model outperforms (higher-stores) NN both for
porosity and pore radius predictions

| POFOSityI @ Training Validation @ Testing

0.99
>
o
©0.96 A A train/validation/test split of
* 80%/10%/10% is used
A Both PINN and Nhhap
093 ultrasonic signals to porosity
. and pore radius with sufficient
1-05| Pore I‘adIU§ ® Taining @ Validation @ Testing training data.
A Pore radius predictionmore
o 1-00 challenging than porosity
§0 o benefits more from PINNs
|

N

0.85 PINN
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PINN model outperforms (higher-+stores) NN both for
porosity and pore radius predictions

| POfOS'tyl Trammg set size @® Training Validation @ Testing
(80 %) (60 %) (40 %) (20 %)
1.0 r
o i
- 1
S0.9 I
0 1
NI I
|
0.8 :
I
0.7 y —
- PINN vNN_ __PINN_ 1 | The superiority of PINN
= O SI becomes more evident when
ore radiu Training set size @ Training @ Validation @ Testing training data is scarce.
(80 %) (60 %) (40 %) (20 %) (10 %)
1.0 ——————— -
= = i
£0.8 I I
: ! !
1 0.6 I 'l
Nh I I
0.4 | S\
1 I 1
0.2 ! ;
““ NN PINN I NN__PINN I
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Step 1:.Can a PINN model be trained to quantify porosity using the
syntheticultrasonic response?

| Synthetic data| —>| Transfer Iearnind—l

Experimental
results

N

A 4

A Porosity
g .
A Average pore radiu

Step 2:Can a prdrained PINN model be transferred to an
equivalentexperimentalltrasonic response?
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What happens when the models, pretrained on synthetic date
are transferred to experimental data?

POFOSityl Training set size @ Training Validation @ Testing
(80 %) (60 %) (40 %) (20 %) (10 %)
1.0
@ = = = - -
| . x
$0.9 : 5
T
|
0.8 1 1
0.7 NN PINN NN PINN NN PINN NN PINN NN PINN

A Both PINN and NN are pretrained on synthetic data using a train/validation/tst
split of 80%/10%/10%
A PINN maintains superior performance after transfer learning (TL) to experimpntal
data, highlighting its robustness beyond simulate data
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Contributions:PINN and Transfer Learning

A PINN framework for the quantification of
porosity in AM metallic components is develop d '

NN Model Physics Constraints: ISA model
_______________________ < D € G 490 U~ 000~
\
I\/V\/\ \\ I{. Outputs *= Learned Parameters
12
l » - ACp norm + AnormD 1
B { ) 2 & | Lnorm norm¥Pnorm
\\\’lll \\\’I/ H \ (/ : \ | 1 + BuormYnorm =0 !
R e I Eae ey !
Y Y | 1
3 f:‘ ,v"v”"‘ 5"‘ " Tnorm |
. X W AX( Loss = MSE,,,,,, + MSE,, .. +

: SR,
: ““\ /ﬂ:\‘//.\\

DS

|
) ACL"“’"'" : MSEACl.nnrm +
utput

I Backpropagation

With limited data, PINN is mor
effective than datadriven NN.

I & Weight Update

\ 7
S : 7’ Learning rate (Optimizer) | S5e-4 (Adam)
---------------------- Batch size 5
Early stopping epochs 7

The PINN model pretrained on synthetic data ¢an
successfully transfer to experimental data

‘ﬂc
=

P0r05|tv Training set size @ Training validation @ Testing POI"OSit\P‘I Training set size @ Training Validation @ Testing
(30 %} {60 %} (40 0/) (20 °/} {10 %} (80 0/0) (60 cyo] (40 %) (20 0/0) (10 0/0}
2 1.0
§0 9] @ = I B x
™ = =
|
PINN PINN NAN- PINN L 0.8 i i
Pore I'adIUS @ Training Validation @ Testing
ey -1 ik 16%) 0-7°NN" PINN NN PINN NN PINN NN PINN NN PINN
1.0
Losl . . .
Bl Skiadopoulos, M., Kifer, D., & Shokouhi, P. (2025), A transfer
”'M learning approach to the prediction of porosity in additively
02! T T P o o manufactured metallic components, NDT&E International.
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Overview

(] N

\

m‘ Hidden weights update:
- - fcqulsl '2': Final training epoch

* Recording points S~
" Wave Physicgnformed Ultrasonic Imagin@ ovee N[ ] [ove ) | R € gl | [secioropagaton]

Deep Ultrasonic Imaging of Porosity: &:_...._ E"”“'}F = L
Tomographic Image Reconstruction by LoD o Recorded sgnals

. wave-physics guided deep learning y "‘p/\/\/‘ v

.

-
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Phased array ultrasonic testing (PAUT) can be employed to
Image defects using full matrix capture (FMC)

| Phased array ultrasonic testinb | FMC acquisitio[l

A Recording points

|
|
|
|
|
g

Source:
Element 1

Defect imagingl
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Phased array ultrasonic testing (PAUT) can be employed to
Image defects using full matrix capture (FMC)

| Phased array ultrasonic testinb | FMC acquisitio[l

A Recording points

|
|
|
|
|
g

Element 1 | Element

Source: Source:zl
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i i N i
Defect |mag|ng| : M M
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Phased array ultrasonic testing (PAUT) can be employed to
Image defects using full matrix capture (FMC)

| Phased array ultrasonic testinb | FMC acquisitiod

=== mm———m———— e
A Recording points

i

I

I

I

> Source: || Source: Source: |}

! Element 1} | Element Element nf!
I

q N\ (Q D o 1|

| Laraees B rases Dl mrannel

I

ﬁ

Imaging
algorithm

’—----~\
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Total focusing method (TFM) Is used as the baseline
ultrasonic imaging method

receiver'drom transmitter'@

|
I . : I
1’0 () - p i ((‘)) i : amplitude recorded at j
I
|
|

Reconstructed image when usinp
information only from 1 transmittef
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0.80
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0.40

0.20
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Total focusing method (TFM) Is used as the baseline
ultrasonic imaging method

receiver'drom transmitter'@

|
I . : I
1’0 () - p i ((‘)) i : amplitude recorded at j
I
|
|

information from all transmitter

Reconstructed image when us!|7g
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1
0.80
0.60
0.40
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CSOKYAldzSa 02 AYLINROS ¢CaQa
Phase Coherence Imaging

EM Before ' 00
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CSOKYAldzSa 02 AYLINROS ¢CaQa
Mean waveform subtraction

Mean waveform subtraction (MWS)
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CSOKYAldzSa 02 AYLINROS ¢CaQa
Mean waveform subtraction

Mean waveform subtraction (MWS)

e S =
O PO O O (0)! i ) |
i : 10 FT )l
I1.00 After I1.00
0.80 0.80
0.60 0.60
0.40 0.40
0.20 0.20
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Beyond TFMiull waveform inversion (FWljor ultrasonic

|mag|ng
/2 e N
H | 2D Wave equatlod \
i The defects are modelled using spatially varying Wavei
| e velocitiesss 6o , 95 (6fty and viscous damping Gt :
¥ 1o 10 I
} 5 9 g oo ]
I 1L ] ] . pTo TO
:, (3 C'IIEH )- C'IIE\I i ct1Q 10l
\\_\_\ — ’,/I
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Beyond TFM: conventionalll waveform inversion (FWI)

for ultrasonic imaging

e~

/

—————1

| Finite differences (FD) apprOX|mat|{)n

The defects are modelled using spatially varying wave
velocitiesss 6o , 95 (6fKy and viscous damping o

co

w ¢d xRk

(p TAYOn)O w B

0 T[EB)S"(‘)H

—

1 G, H|(cdrm) and viscous damping it are set as

learnable parameters

‘0‘
=
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Beyond TFM: conventionalll waveform inversion (FWI)

for ultrasonic imaging
| Initial guess fodk Gfth , 3f(cfd) and o oy |

\
______________________________________________________________________ | 1.00 I
"" Finite differences (FD) approximation \‘l : |
I f% I I on = 0ondQ I The defects are modelled using spatially varying wave ] | 0.95 I
b~ a0 velocities ¢, (x,y), cs(x,}:land viscous damping B(x, ) 54 1 :
—i:' : u= (i -uz‘)f oy = 2u, — At?V - a'(cy, cs) — (1 + 0.5At)u,_, + At%f i : 0.90 :
: ] L 1F=(00 f)T _ 14 0.5:3:5%_ _ i 1 I
i\\' ______ 13._: ;Zla(:;’;a:;;grﬁ:;g viscous damping B(x,y) are set as "E :‘ 0.85 :
---------------------------------------------------------------------- N R
| Gradients calculation| ‘
_ . I—>| Optimizer. LBFGEI
>| L 0SS func’uorl | Adjoint state method
O "YO (65 @ 65 @) —
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Beyond TFM: conventionalll waveform inversion (FWI)

for ultrasonic imaging
| Initial guess fodk Gfth , 3f(cfd) and o oy |

,— ---------------------- LS
l | Forward SOIVe'l { lteration 2 L
_____________________________________________________________________ | 1.0
l‘" Finite differences (FD) approximation \‘l :
I f% I I on = 0 on 0Q I The defects are modelled using spatially varying wave ] 1 0.8
! R 190 velocities ¢ (x,y), cs(x,}:land viscous dampﬂg{f(x, y) 54 ]
—!: : u= W u)7 S 2u, — At?V - a'(cy, cs) — (1 + 0.5At)u,_, + At%f i : o
t =0 py - LT A | I |
i L __9 : c.(x,¥), cs(x,y) and viscous damping B(x, y) are set as : :
‘\ _____ learnable parameters ,r' \
""""""""""""""""""""""""""""""""""""" \~_______________________,
| (-3 --------------- ‘
radients calculation;
_ —! I—>| Optimizer. LBFGEI
>| Loss funcnorl | Adjoint state method
b "YO (65 @ 65 @) —
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Beyond TFM: conventionalll waveform inversion (FWI)

for ultrasonic imaging
| Initial guess fodk Gfth , 3f(cfd) and o oy |

I’— ---------------------- N\
| Forward solve { | Final Iteration] o« 3
---------------------------------------------------------------------- hal|
l‘" Finite differences (FD) approximation \‘l : 1
: f% "I I on = 0ondQ I The defects are modelled using spatially varying wave ] | 0.80 I
R T 100 velocities ¢, (x,y), cs(x,zland viscous dampﬂg{f(x, y) 54 1 ok :
—i: : u= W u)’ W 2 At?V - a'(cp, ) — (1 + 0.5AtB)u,_, + At%f i : @ 060 y
¥ | L[ =C fo) — L — | ! 0.40 :
i !_ __9 : c.(x,¥), cs(x,y) and viscous damping B(x, y) are set as : : I
\\ ''''' learnable parameters /r' \ 0.20"
""""""""""""""""""""""""""""""""""""""" N e e e o — — —— ————————_——_— e
! Gradients calculation] — ‘
_ — I—>| Optimizer. L-BFGEI
>| L 0SS func’uorl | Adjoint state method
(A "Requires solving thé -
o , o ‘ i g Ing théxr  Faster convergence W
L YO (O h (O) O (O)) - : Wave_equatlon thce! quasi.Newton update ’
| A Requires complex I | but sloweriterations!
\__analytical derivationy
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Supervised machine learning for ultrasonic imaging

Ground truth

Network output

1 Dice: 0.97
\

[Zhang et al Meas. Sci. TechnpR023]

« A Deep learning models map FMC data to

TR-MUSIC

A Deep learning models produce higher resolution ima
from FMC data e.g. subwavelength defect imaging

uuuuuu (a) True L-wave velocity model (b) L-wave velocity reconstruction (noise-free)

p— %1:}“{"‘ _ 5000 . . . .
“iH i «£  wave velocity distribution
WM g-ﬂj"ﬂ @ b 9EUNY O2YLMzul GAZ2YI
"' mEmme ground truth wave velocity distribution

[Rao et al Journal of Sound and Vibratid223]

Output

ARecurrent neural network (RN{dhsed full e,
waveform inversior? wave velocity distribution coum.

2 system L
T

m/y GKAda 68 GNIYATS

Inp

[Hughes et al Sci. Ady.2019]
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How does RNN work?

llllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll
0‘ .Q
& .
-

ATrainable parameters

"Q ?..4" ? "Q -H—I
¢ < ” ?1 Q q

"Q: hidden state ab

. - nonlinearactivationfunction /

- *
lllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll

A Gradient updates Automatic differentiation instead of Adjoint state method
A Optimizer. Adam instead of-BFGS

Research objectiveFormulate a physiesncoded RNN framework that improves the
efficiency and reconstruction accuracy of FWI
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The physicS Y O2 RSR wbb af SI Nya¢g R

from FMC data

| FMC acquisitiod

| ] .
A Recording points

Input; Source m )

I
I
I
I
: Source: Source: Source:
: Element 1| | Element Element n
I

R e )
: - ‘_':’--.;."_,w\::‘*‘ | *‘r—*»qv,’——
: n (Y X *fr—*.«w—-
I : s
| )

>—\/\/\/\» RNN

Hidden weights update p
1sttraining epoch

\

1

|

I .

! |Backpropagat|or1

]

:
____________________ /' | Loss fAunctior|

Target output:

Recorded signals

i

|
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The physicS Y O2 RSR wbb af SI Nya¢g R
from FMC data

— Hidden weights update
FMC acquisitio 1sttraining epoch <

1= T T T T Emmmmmm e e mm—m———— e 7 —m—_—;—_—_—_—_—_S™m_—
I A Recording points |, =~
I | 1
| I I |
: Source: Source: Source: |} i i |Backpropagatior|
: Element 1] | Element Element nf! | !
I l |
I s (fi— ) (s \ i V11 I ‘
i | = [T : i : |Loss functior‘l
: : 000 ’ : \\ ____________________ Y -
l Ao ] (e Ao Target output:
:_ ______________________________________ i Recorded signals
Input; Source m )

>—\/\/\/\» RNN

i

|

N
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The physicS Y O2 RSR wbb af SI Nya¢g R
from FMC data

— Hidden weights update
FMC acquisitio 1sttraining epoch <

| ; .
A Recording points

i
! I
i H ‘:
I
: Source; Source: Source: |} i : |Backpropagatior|
: Element 1] | Element Element nf! | !
] s | .

i *fr—*-.uw-—- *’r—*.wm——— (YY) *"'—*."""" : I\ ,' ||_OSS fAunctlorl

: : : | .
! LR e I | — | Target output:
D e e e e e e e o o o o o e e e ———] Recorded signals

Input; Source m )

—>'\/\/\/L
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|

N
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The physicS Y O2 RSR wbb af SI Nya¢g R
from FMC data

— Hidden weights update
FMC acquisitio ond training epoch <

| ] .
A Recording points

i
1 1
| L \
- ! |
: Source: Source: Source: |} ! ! |Backpropagati0r‘|
! Element 1 | Element Element nj! | I
! I I

R TEERY ‘
: *‘-—*.—*-.- Y *‘-—*.-*-.- : \ / |LOSS fAunctlorl
I : :
| [ At i Target output:
I ... ———] Recorded signals

Input; Source m )

—>—\/\/\/\- RNN

i

|

N
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The physicS Y O2 RSR wbb af SI Nya¢g R
from FMC data

— Hidden weights update
|—r|FMC acquisitio Final training epoch X

| ; .
A Recording points

| Backpropagatiori

Y

| Loss functior|
A

Source: Source: Source:
Element 1] | Element Element n

~—----_,

Target output:
Recorded signals

Input; Source m )

e
— RNN *p»—*w—» —
R

HI
i
HI

| How can the wave equation be encoded in the Rli\IN?
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The recursive nature of RNN allows encoding wave equation

RNN

ATrainable parameters
Q Feeq 7 Q ‘H‘I
¢ < " -|r q Q q
"Q: hidden state ab
. - nhonlinearactivationfunction

| 2D Wave equatiod The defects are modelled using spatially varying wave

velocitiests G ,1H|(odm) and viscous damping Gt
on o 0 wo ¢a hy  (p T@YOn)O W |
p TB®YOs
6 0 We parametrizels G ,Jh|(dﬁb), 1 oy as
™ ¥ |
.’_[ ” p : : N p
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The recursive nature of RNN allows encoding wave equation

RNN

ATrainable parameters

11

Q Fe.oo 7Q
Ca » TQ ‘

"Q: hidden state ad
, - nonlinearactivationfunction

| 2D Wave equatiod

The defects are modelled using spatially varying wave

velocities;s 6t , 39 (6ht) and viscous damping Gt
A ¢ wo ¢azuha (p mMY&ZJ )0 WO
P T®YY, ]

oo,z (), and Aas:

mean=0 and , is initialized as 0

‘o3 PennState
¥ College of Engineering

vuand »; are initialized from a
random normal distribution with
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The recursive nature of RNN allows encoding wave equation

RNN

ATrainable parameters
Q Feeq 7 Q ‘H‘I
¢ < " -|r q Q q
"Q: hidden state ab
. - nhonlinearactivationfunction

The defects are modelled using spatially varying wave

2D Wave equatio .
| Ve equall I'I Ve|0CItIeSJ| oo ,-Ihl(odm.)) and viscous damping G
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The recursive nature of RNN allows encoding wave equation

RNN

ATrainable parameters
0 = ‘.4" = 0 _H_I
¢ < ” ? (| Q q
"Q: hidden state ab
. - nhonlinearactivationfunction

[Hughes et al Sci. Ady.2019]
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The recursive nature of RNN allows encoding wave equation

RNN

ATrainable parameters
0 = ‘.4" = 0 _H_I
¢ < ” ? (| Q q
"Q: hidden state ab
. - nhonlinearactivationfunction

[Hughes et al Sci. Ady.2019]

¢ 0 ¢a” wmo,  (p " 0T Y0
A = G " w1 % (" ni %

P Tt
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The recursive nature of RNN allows encoding wave equation

RNN

ATrainable parameters

"Q f..<" f "Q -H—I
¢ < ” ?I Q q

"Q: hidden state ab B
, . honlinearactivationfunction : ..

*

ABackpropagation
through time o

L
--------------------------------------------------------------------------------

L4
*

| olm!
Q =0 W [ ]IJ
TT

ke e e e e e e |
[Hughes et al Sci. Ady.2019]

-7 ¥/

¢ 0 ¢a” wmo,  (p " 0T Y0
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0
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The recursive nature of RNN allows encoding wave equation

RNN

ATrainable parameters

"Q f..<" f "Q -H—I
¢ < ” ?I Q (|

"Q: hidden state ab -
. - nhonlinearactivationfunction .

ABackpropagation
through time o

| olm!
Q =Q ) [ ]IJ ....
'r[ ----------------------------------------------------------------------------

ke e e e e e e |

[Hughes et al Sci. Ady.2019]
-7 >/

¢ 0 ¢a” wmo,  (p " 0T Y0
A = [ (IS ) (IS B U
) T
0
" : Ae . O [p]
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The recursive nature of RNN allows encoding wave equation

RNN

ATrainable parameters
0 = ..4" = 0 _H_I
¢ < ” ? (| Q q
"Q: hidden state ab
. - nhonlinearactivationfunction

ABackpropagation

T b o through time o
| 5 |
'« U _Q _____ I

[Hughes et al Sci. Ady.2019]

IIIIIIIIIIIIIIIIIII IIIIIIIIIIIIIIIIIIIIIIIIIII IIIIIIIIIIIIIIIIIIIIIIIIIIII““
¢ @ ga” whmo,  (p " 1 YO \ ) et
p T
0
” ’ A \ [p]
AQ [O ] o, WO o l ; -

(3 PennState 48 Shokouhi/Riviere Group

3 College of Engineering



The physicS Y O2 RSR wbb af SI Nya¢g R
from FMC data

— Hidden weights update
|—r|FMC acquisitio Final training epoch X

| ; .
A Recording points

|
| |
i | ‘:
|
| Source: || Source: Source: |! i : | Backpropagatiorl
! Element 1] | Element Element nf! | :
| .
i *fr—*-.uw-—- *’r—*.wm——— (YY) *"'—*."""" : I\ ,' | Loss fAunctlorl
: : : | .
| R Ay [ T R At | Target output:
D e e o] e Recorded signals
: m )
Input: Source — m l
. RNNJ— [t [—
| How can the wave equation be encoded in the RI“;I}) M w' e
\=j
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Loss functioniTrace by trace quadratic Wasserstein criterion

()

AMinimizing ofo @ hO  learns the optimal
transport map aligning distributiond b A \| AV | I ,\,‘,A,m.,},u,“f -
[Yang and Engquisgeophysics2017] ' ’ ' ' ' '

Ac results in more convex loss

function compared ta) YO
[Yang et alGeophysics2016]
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Loss functioralso includes a regularization term to enforce
negative correlation between defect density and attenuation

A Itis assumed that vy and”  », are negatively correlated

pCL

Pp
1.00
0 0 1.30

- 080 g
E -10 E —10
E ! ® e E 1.20
2 %0 * -
s - foso 2 110
T _30 | T -30

-40 =20 0 20 40 Moo —40 —20 0 20 40

Width (mm)

Width (mm) 1.00

A The negative correlation assumption is enforced throughcalarization term:

beiio@ R ) mp 0Qoi Tk’b_é_?;&_‘é_ﬁ(ﬁ"c@_)ﬁ’_(a)_)_'
L e e e e e e e e e e e e e e e e o o e -

) o ) B (6 ) aQot (6) " (a4) 4Qot (¢

5001 BE e o )i (2)) Ug (¢ ) aQat (a ) " (&) aQut (a)

o (@))i o0 (d)
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Test casd’AUT Is simulated in FMC mode to generate
synthetic signals from a 2D domain with three defects

Model inputs
30 A of ¢ wcmis
€50 A Yo _Tou
- A3 . A Yo Yor pdwp
El -~ X "y
@10 e . : :
T Transmitted sinusoidal pulse
Center frequency (MHz| 1
% 20 40 60 80 quency (
Width (mm) # Cycles 5
A The simulated phased array transducer includes 64 elements]
A Outside defect regiof p and inside defect regioh T
A Outside defect regiof p and inside defect regioh 0})
A n ™
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How does the proposed model compare to existing methods ?

TFM |
1.00
E_l 0.80
£,
% 0.60
T_30
-20 0 20 40 Ho.4a0
Width (mm)
TFMMWS |
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0
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- |
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'9—2 0.40
()]
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—-40 -20 0 20 40
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0
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£
£ -10
= : 0.60
520 s B
‘D b 0.40
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-40 -20 20 a0 j°20

0
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l
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T 0.80
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£
o2 0.40
()]
T _30 0.20
-20 0 20
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-10
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£
£ -20 0.40
]
T _30 0.20
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0
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E .0
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20| 4
-,9,‘ ! " 0.40
T 30, :
-40 -20 0 20 a0 Q°%°
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A TFM and PCI result in poor localizati
and shape reconstruction, even whe
boosted with MWS

A Although both FWI approaches
successfully reconstruct the defects,
RNNFW!I results in less artifacts

I:r
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How does aperture reduction to 22/64 elements affect performance

1.00 1.00
0 0000000000000000 O
—E 0.80 —é 0.80
£ AR 060 E0 0.60
%—20 0.40 :‘5—20 0.40
Q (]
T _3p 020 T _3p 0.20
-40 =20 0 20 40 -40 -200 0 20 40 -
Width (mm) Width (wan) A TFM and PCI are unable to localize th¢
TEMMWS , PCIMWS , defects when using 1/9 of the original
0 . a FMC data
—E 0.80 —E 0.80 ]
ETIO os0 ET° oo |A Although RNNFWI performance remair]s
572 040 320 0.40 unaffected, FWI is struggling to retrievT
I _3p 020 T _3p 0.20 :
= = = _3 =z the smaller circular defect
Width (mm) Width (mm)
RNNFWI o
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%—20 g g@ 0.60 %_20, = .. 0.60
0w g
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